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448 Chapter 30

Predictive representation learning

Objective
L(F(x), y) = D(F(x), y)

Hypothesis space

F = f � g : RN ! RM ! RK

Data

{x(i), y(i)}n
i=1 ! f!

where D is some distance function, for example, L2. Just like with the autoencoder, f and
g are usually neural nets but may be any family of functions; often g is just a single linear
layer. Unlike with autoencoders, there is no standard setting for the relative dimensionalities
of N, M, and K; instead it depends on the prediction task. If the task is image classification,
then N will be the (large) dimensionality of the input pixels, M will usually be much lower
dimensional, and K will be the number of image classes (to output K-dimensional class
probability vectors).

30.5.1 Object Detectors Emerge from Scene-Level Supervision
The real power of these pretexts tasks lies not in solving the tasks themselves but in acquir-
ing useful image embeddings z as a byproduct of solving the pretext task. The amazing
thing that ends up happening is that z-space may have emergent structure that was not
explicit in either the raw training data nor the pretext task. As a case study, consider the
work of [528]. They trained a convolutional neural net (CNN) to perform scene classifica-
tion, which asks whether the image shows a living room, bedroom, kitchen, and so on. The
net did wonderfully at that task, but that wasn’t the point. The researchers instead peeled
apart the net and looked at which input images were causing different neurons within the
net to fire. What they found was that there were neurons, on hidden layers in the net, that
fired selectively whenever the input image was of a specific object class. For example, one
particular neuron would fire when the input was a staircase, and another neuron would fire
predominantly for inputs that were rafts. The subsequent images (figure 30.6) show four
of the top images that activate these two particular neurons. These particular neurons are
on convolutional layers, so really each is a filter response; the highlighted regions indicate
where the feature map for that filter exceeds a threshold.

Figure 30.6: Visualiz-
ing two neural receptive
fields in a scene classi-
fier neural net. Images

taken from [528]. A B

...
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Images that maximally activate these neurons

Object Detectors Emerge in Deep Scene CNNs

[Zhou, Khosla, Lapedriza, Oliva, Torralba 2015]

[fig modified from: Torralba, Isola, Freeman 2024]
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Figure 30.7: Many
common pretext tasks

are special cases of
imputation on missing

values in the data tensor.
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c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

c
g

<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>

N

M C

N

M C
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Spatial
<latexit sha1_base64="G3X6Iki72j+IdsVVSoEmaYR2O7g=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmLiiexy0SPRi0eM8pHAhsyWAg3dbtN2TciGH+HFg8Z49fd4899YYA8KvqTpy3szmZkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1ZU2aiER3IjRMcMmallvBOkozjCPB2tHkdu63n5g2PJGPdqpYGONI8iGnaJ3UflDuR9EvV/yqvwBZJ0FOKpCj0S9/9QYJTWMmLRVoTDfwlQ0z1JZTwWalXmqYQjrBEes6KjFmJswW687IhVMGZJho96QlC/V3R4axMdM4cpUx2rFZ9ebif143tcPrMONSpZZJuhw0TAWxCZnfTgZcM2rF1BGkmrtdCR2jRmpdQiUXQrB68jpp1aqBXw3ua5X6TR5HEc7gHC4hgCuowx00oAkUJvAMr/DmKe/Fe/c+lqUFL+85hT/wPn8AVeePjA==</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

Channel
<latexit sha1_base64="tWIWHHin/ON2tWQ3QgbQzxkkg0s=">AAAB7nicbVBNT8JAEJ3iF+IX6tHLRmLiibRc9Ejk4hETCyTQkO0yhQ3bbbO7NSENP8KLB43x6u/x5r9xgR4UfMkkL+/NZGZemAqujet+O6Wt7Z3dvfJ+5eDw6PikenrW0UmmGPosEYnqhVSj4BJ9w43AXqqQxqHAbjhtLfzuEyrNE/loZikGMR1LHnFGjZW6rQmVEsWwWnPr7hJkk3gFqUGB9rD6NRglLItRGiao1n3PTU2QU2U4EzivDDKNKWVTOsa+pZLGqIN8ee6cXFllRKJE2ZKGLNXfEzmNtZ7Foe2MqZnodW8h/uf1MxPdBjmXaWZQstWiKBPEJGTxOxlxhcyImSWUKW5vJWxCFWXGJlSxIXjrL2+STqPuuXXvoVFr3hVxlOECLuEaPLiBJtxDG3xgMIVneIU3J3VenHfnY9VacoqZc/gD5/MHNYePdw==</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

Spatial
<latexit sha1_base64="G3X6Iki72j+IdsVVSoEmaYR2O7g=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmLiiexy0SPRi0eM8pHAhsyWAg3dbtN2TciGH+HFg8Z49fd4899YYA8KvqTpy3szmZkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1ZU2aiER3IjRMcMmallvBOkozjCPB2tHkdu63n5g2PJGPdqpYGONI8iGnaJ3UflDuR9EvV/yqvwBZJ0FOKpCj0S9/9QYJTWMmLRVoTDfwlQ0z1JZTwWalXmqYQjrBEes6KjFmJswW687IhVMGZJho96QlC/V3R4axMdM4cpUx2rFZ9ebif143tcPrMONSpZZJuhw0TAWxCZnfTgZcM2rF1BGkmrtdCR2jRmpdQiUXQrB68jpp1aqBXw3ua5X6TR5HEc7gHC4hgCuowx00oAkUJvAMr/DmKe/Fe/c+lqUFL+85hT/wPn8AVeePjA==</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

c
g

<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>

N
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N
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Pretext task:
<latexit sha1_base64="VMeuvc2vfyA+AHAzkYocCSFdoSw=">AAAB/HicbVDLSgNBEJz1GeNrNUcvg0HwFHZzUTwFvXiMYB6QLGF20psMmX0w0ysuS/wVLx4U8eqHePNvnCR70MSChqKqm+4uP5FCo+N8W2vrG5tb26Wd8u7e/sGhfXTc1nGqOLR4LGPV9ZkGKSJooUAJ3UQBC30JHX9yM/M7D6C0iKN7zBLwQjaKRCA4QyMN7Ere9wPaVIDwiBSZnkyvBnbVqTlz0FXiFqRKCjQH9ld/GPM0hAi5ZFr3XCdBL2cKBZcwLfdTDQnjEzaCnqERC0F7+fz4KT0zypAGsTIVIZ2rvydyFmqdhb7pDBmO9bI3E//zeikGl14uoiRFiPhiUZBKijGdJUGHQgFHmRnCuBLmVsrHTDGOJq+yCcFdfnmVtOs116m5d/Vq47qIo0ROyCk5Jy65IA1yS5qkRTjJyDN5JW/Wk/VivVsfi9Y1q5ipkD+wPn8AbtqUnA==</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit>

Model
<latexit sha1_base64="+SaVgX3eFnsMCZb8X4f56/F1Dwo=">AAAB9XicbVA9SwNBEN3zM8avqKXNYhCswl0aLYM2NkIE8wFJDHt7c8mSvb1jd04NR/6HjYUitv4XO/+Nm+QKTXww8Hhvhpl5fiKFQdf9dlZW19Y3Ngtbxe2d3b390sFh08Sp5tDgsYx122cGpFDQQIES2okGFvkSWv7oauq3HkAbEas7HCfQi9hAiVBwhla67yI8oR9mN3EActIvld2KOwNdJl5OyiRHvV/66gYxTyNQyCUzpuO5CfYyplFwCZNiNzWQMD5iA+hYqlgEppfNrp7QU6sENIy1LYV0pv6eyFhkzDjybWfEcGgWvan4n9dJMbzoZUIlKYLi80VhKinGdBoBDYQGjnJsCeNa2FspHzLNONqgijYEb/HlZdKsVjy34t1Wy7XLPI4COSYn5Ix45JzUyDWpkwbhRJNn8krenEfnxXl3PuatK04+c0T+wPn8AQhoktY=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit>

schematic:
<latexit sha1_base64="PG201bI2ZQH8VzuO/oTeums+Nnc=">AAAB/HicbVC7TsMwFL3hWcor0JElokJiqpIuIKYKFsYi0YfURpXj3rRWHSeyHUQUlV9hYQAhVj6Ejb/BbTNAy5EsHZ1zr318goQzpV3321pb39jc2i7tlHf39g8O7aPjtopTSbFFYx7LbkAUciawpZnm2E0kkijg2AkmNzO/84BSsVjc6yxBPyIjwUJGiTbSwK70NT7qIMwVHWNkRDq9GthVt+bO4awSryBVKNAc2F/9YUzTCIWmnCjV89xE+zmR5jqO03I/VZgQOiEj7BkqSITKz+fhp86ZUYZOGEtzhHbm6u+NnERKZVFgJk2+sVr2ZuJ/Xi/V4aWfM5GkGgVdPBSm3NGxM2vCGTKJVPPMEEIlM1kdOiaSUG36KpsSvOUvr5J2vea5Ne+uXm1cF3WU4ARO4Rw8uIAG3EITWkAhg2d4hTfryXqx3q2PxeiaVexU4A+szx9a2ZUz</latexit><latexit sha1_base64="6/G0Va76J+KyjTGkSgyBNkJ/Pdc=">AAACIXicjVDLSsNAFL3xWesr2qWbYBFclaQbxVXRjUsF+4A2lMn0ph06mYSZiRhCv8WFG3/FjUh34s84bbPQ1oUHBg7n3Mudc4KEM6Vd99NaW9/Y3Nou7ZR39/YPDu2j45aKU0mxSWMey05AFHImsKmZ5thJJJIo4NgOxjczv/2IUrFYPOgsQT8iQ8FCRok2Ut+u9DQ+6SDMFR1hZEQ6uerbVbfmzuGsEq8gVSjwv/G+Pe0NYppGKDTlRKmu5ybaz4k0NzlOyr1UYULomAyxa6ggESo/nyecOGdGGThhLM0T2pmrPzdyEimVRYGZNCFGatmbiX953VSHl37ORJJqFHRxKEy5o2NnVpczYBKp5pkhhEpm/urQEZGEalNq2UT3loOukla95rk1775ebVwXnZXgBE7hHDy4gAbcwh00gUIGz/AK79aL9WZ9WNPF6JpV7FTgF6yvb9fenKw=</latexit><latexit sha1_base64="6/G0Va76J+KyjTGkSgyBNkJ/Pdc=">AAACIXicjVDLSsNAFL3xWesr2qWbYBFclaQbxVXRjUsF+4A2lMn0ph06mYSZiRhCv8WFG3/FjUh34s84bbPQ1oUHBg7n3Mudc4KEM6Vd99NaW9/Y3Nou7ZR39/YPDu2j45aKU0mxSWMey05AFHImsKmZ5thJJJIo4NgOxjczv/2IUrFYPOgsQT8iQ8FCRok2Ut+u9DQ+6SDMFR1hZEQ6uerbVbfmzuGsEq8gVSjwv/G+Pe0NYppGKDTlRKmu5ybaz4k0NzlOyr1UYULomAyxa6ggESo/nyecOGdGGThhLM0T2pmrPzdyEimVRYGZNCFGatmbiX953VSHl37ORJJqFHRxKEy5o2NnVpczYBKp5pkhhEpm/urQEZGEalNq2UT3loOukla95rk1775ebVwXnZXgBE7hHDy4gAbcwh00gUIGz/AK79aL9WZ9WNPF6JpV7FTgF6yvb9fenKw=</latexit><latexit sha1_base64="6/G0Va76J+KyjTGkSgyBNkJ/Pdc=">AAACIXicjVDLSsNAFL3xWesr2qWbYBFclaQbxVXRjUsF+4A2lMn0ph06mYSZiRhCv8WFG3/FjUh34s84bbPQ1oUHBg7n3Mudc4KEM6Vd99NaW9/Y3Nou7ZR39/YPDu2j45aKU0mxSWMey05AFHImsKmZ5thJJJIo4NgOxjczv/2IUrFYPOgsQT8iQ8FCRok2Ut+u9DQ+6SDMFR1hZEQ6uerbVbfmzuGsEq8gVSjwv/G+Pe0NYppGKDTlRKmu5ybaz4k0NzlOyr1UYULomAyxa6ggESo/nyecOGdGGThhLM0T2pmrPzdyEimVRYGZNCFGatmbiX953VSHl37ORJJqFHRxKEy5o2NnVpczYBKp5pkhhEpm/urQEZGEalNq2UT3loOukla95rk1775ebVwXnZXgBE7hHDy4gAbcwh00gUIGz/AK79aL9WZ9WNPF6JpV7FTgF6yvb9fenKw=</latexit>

It may surprise you to find that the answer is object detectors once again! This certainly
surprised us when we saw the results in figure 30.8, which are taken from [523].

Figure 30.8: Visualizing
two neural receptive fields

in the colorization model
from [523]. Images gener-

ated by Andrew Owens
and Richard Zhang.

A B

...
Neuron A

Neuron B

Images that maximally activate these neurons

In fact, object detectors emerge in CNNs for just about any reasonable pretext task: scene
recognition, colorization, inpainting missing pixels, and more. What may be going on is
that these things we call “objects” are not just a peculiarity of human perception but rather
map onto some fundamentally useful structure out there in the world, and any visual system
tasked with understanding our world would arrive at a similar representation, carving up the
sensory array into objects and other kinds of perceptual groups. This idea will be explored
in greater detail in the next chapter.

30.8 Abstract Pretext Tasks
Other varieties of self-supervised learning set up more abstract prediction problems, rather
than just aiming to predict missing data. For example, we may try to predict if an image
has been rotated 90 degrees [276], or we may aim to predict the relative position of two
image patches given their appearance [103]. These pretext tasks can induce effective visual

[fig from: Torralba, Isola, Freeman 2024]

[Zhang, Isola, Efros 2016]
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Figure 30.7: Many
common pretext tasks

are special cases of
imputation on missing

values in the data tensor.
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<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>
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M C
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M C

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

c
g

<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>
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Spatial
<latexit sha1_base64="G3X6Iki72j+IdsVVSoEmaYR2O7g=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmLiiexy0SPRi0eM8pHAhsyWAg3dbtN2TciGH+HFg8Z49fd4899YYA8KvqTpy3szmZkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1ZU2aiER3IjRMcMmallvBOkozjCPB2tHkdu63n5g2PJGPdqpYGONI8iGnaJ3UflDuR9EvV/yqvwBZJ0FOKpCj0S9/9QYJTWMmLRVoTDfwlQ0z1JZTwWalXmqYQjrBEes6KjFmJswW687IhVMGZJho96QlC/V3R4axMdM4cpUx2rFZ9ebif143tcPrMONSpZZJuhw0TAWxCZnfTgZcM2rF1BGkmrtdCR2jRmpdQiUXQrB68jpp1aqBXw3ua5X6TR5HEc7gHC4hgCuowx00oAkUJvAMr/DmKe/Fe/c+lqUFL+85hT/wPn8AVeePjA==</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

Channel
<latexit sha1_base64="tWIWHHin/ON2tWQ3QgbQzxkkg0s=">AAAB7nicbVBNT8JAEJ3iF+IX6tHLRmLiibRc9Ejk4hETCyTQkO0yhQ3bbbO7NSENP8KLB43x6u/x5r9xgR4UfMkkL+/NZGZemAqujet+O6Wt7Z3dvfJ+5eDw6PikenrW0UmmGPosEYnqhVSj4BJ9w43AXqqQxqHAbjhtLfzuEyrNE/loZikGMR1LHnFGjZW6rQmVEsWwWnPr7hJkk3gFqUGB9rD6NRglLItRGiao1n3PTU2QU2U4EzivDDKNKWVTOsa+pZLGqIN8ee6cXFllRKJE2ZKGLNXfEzmNtZ7Foe2MqZnodW8h/uf1MxPdBjmXaWZQstWiKBPEJGTxOxlxhcyImSWUKW5vJWxCFWXGJlSxIXjrL2+STqPuuXXvoVFr3hVxlOECLuEaPLiBJtxDG3xgMIVneIU3J3VenHfnY9VacoqZc/gD5/MHNYePdw==</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

Spatial
<latexit sha1_base64="G3X6Iki72j+IdsVVSoEmaYR2O7g=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmLiiexy0SPRi0eM8pHAhsyWAg3dbtN2TciGH+HFg8Z49fd4899YYA8KvqTpy3szmZkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1ZU2aiER3IjRMcMmallvBOkozjCPB2tHkdu63n5g2PJGPdqpYGONI8iGnaJ3UflDuR9EvV/yqvwBZJ0FOKpCj0S9/9QYJTWMmLRVoTDfwlQ0z1JZTwWalXmqYQjrBEes6KjFmJswW687IhVMGZJho96QlC/V3R4axMdM4cpUx2rFZ9ebif143tcPrMONSpZZJuhw0TAWxCZnfTgZcM2rF1BGkmrtdCR2jRmpdQiUXQrB68jpp1aqBXw3ua5X6TR5HEc7gHC4hgCuowx00oAkUJvAMr/DmKe/Fe/c+lqUFL+85hT/wPn8AVeePjA==</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

c
g

<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>
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Pretext task:
<latexit sha1_base64="VMeuvc2vfyA+AHAzkYocCSFdoSw=">AAAB/HicbVDLSgNBEJz1GeNrNUcvg0HwFHZzUTwFvXiMYB6QLGF20psMmX0w0ysuS/wVLx4U8eqHePNvnCR70MSChqKqm+4uP5FCo+N8W2vrG5tb26Wd8u7e/sGhfXTc1nGqOLR4LGPV9ZkGKSJooUAJ3UQBC30JHX9yM/M7D6C0iKN7zBLwQjaKRCA4QyMN7Ere9wPaVIDwiBSZnkyvBnbVqTlz0FXiFqRKCjQH9ld/GPM0hAi5ZFr3XCdBL2cKBZcwLfdTDQnjEzaCnqERC0F7+fz4KT0zypAGsTIVIZ2rvydyFmqdhb7pDBmO9bI3E//zeikGl14uoiRFiPhiUZBKijGdJUGHQgFHmRnCuBLmVsrHTDGOJq+yCcFdfnmVtOs116m5d/Vq47qIo0ROyCk5Jy65IA1yS5qkRTjJyDN5JW/Wk/VivVsfi9Y1q5ipkD+wPn8AbtqUnA==</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit>

Model
<latexit sha1_base64="+SaVgX3eFnsMCZb8X4f56/F1Dwo=">AAAB9XicbVA9SwNBEN3zM8avqKXNYhCswl0aLYM2NkIE8wFJDHt7c8mSvb1jd04NR/6HjYUitv4XO/+Nm+QKTXww8Hhvhpl5fiKFQdf9dlZW19Y3Ngtbxe2d3b390sFh08Sp5tDgsYx122cGpFDQQIES2okGFvkSWv7oauq3HkAbEas7HCfQi9hAiVBwhla67yI8oR9mN3EActIvld2KOwNdJl5OyiRHvV/66gYxTyNQyCUzpuO5CfYyplFwCZNiNzWQMD5iA+hYqlgEppfNrp7QU6sENIy1LYV0pv6eyFhkzDjybWfEcGgWvan4n9dJMbzoZUIlKYLi80VhKinGdBoBDYQGjnJsCeNa2FspHzLNONqgijYEb/HlZdKsVjy34t1Wy7XLPI4COSYn5Ix45JzUyDWpkwbhRJNn8krenEfnxXl3PuatK04+c0T+wPn8AQhoktY=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit>

schematic:
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It may surprise you to find that the answer is object detectors once again! This certainly
surprised us when we saw the results in figure 30.8, which are taken from [523].

Figure 30.8: Visualizing
two neural receptive fields

in the colorization model
from [523]. Images gener-

ated by Andrew Owens
and Richard Zhang.

A B

...
Neuron A

Neuron B

Images that maximally activate these neurons

In fact, object detectors emerge in CNNs for just about any reasonable pretext task: scene
recognition, colorization, inpainting missing pixels, and more. What may be going on is
that these things we call “objects” are not just a peculiarity of human perception but rather
map onto some fundamentally useful structure out there in the world, and any visual system
tasked with understanding our world would arrive at a similar representation, carving up the
sensory array into objects and other kinds of perceptual groups. This idea will be explored
in greater detail in the next chapter.

30.8 Abstract Pretext Tasks
Other varieties of self-supervised learning set up more abstract prediction problems, rather
than just aiming to predict missing data. For example, we may try to predict if an image
has been rotated 90 degrees [276], or we may aim to predict the relative position of two
image patches given their appearance [103]. These pretext tasks can induce effective visual

[fig from: Torralba, Isola, Freeman 2024]

[Zhang, Isola, Efros 2016]



Filters in AlexNet

[fig from Andrea Vedaldi]

Common features



Rosetta Neurons

[Dravid*, Gandelsman*, et al. 2023]
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162 Chapter 13

13.4 Binary Classifier Example
Consider a multilayer perceptron (MLP) that performs binary classification formulated as
two-way softmax regression. The input datapoints are each in R2 and the target outputs are
in M1 (the one-simplex), with layer structure linear – relu – linear – relu – linear.
This network is drawn below in figure 13.6:

Figure 13.6: An MLP
with three linear lay-
ers and two outputs,

suitable for performing
binary softmax regression.

x2

x1

z11

z12

W1

h11

h12

z21

z22

W2

h11

h12

z21

z22

W3

y1

y2

Or expressed in math as follows:

z1 = W1x + b1 / linear (13.1)

h1 = relu(z1) / relu (13.2)

z2 = W2h1 + b2 / linear (13.3)

h2 = relu(z2) / relu (13.4)

z3 = W3h2 + b3 / linear (13.5)

y = softmax(z3) / softmax (13.6)

Now we wish to train this net to classify between two data distributions. The goal is to
transform the input distribution into a target distribution that separates the classes, as shown
in figure 13.7.

Figure 13.7: The goal
of a neural net classifier
is to rearrange the input

data distribution to match
the target label distribu-
tion. (left) Input dataset
with two classes in red
and blue. (right) Target
output (one-hot codes).

x

Input data

Series of geometric transformations

(i.e., a neural net)

y

Target output

In this example, the target output places all the red dots at (0, 1) and all the blue dots at
(1, 0). These are the coordinates of one-hot codes for our two classes. Training the network
consists of find the series of geometric transformations that rearrange the input distribution
to this target output distribution.

We will visualize how the net transforms the training dataset, layer by layer, at four
checkpoints over the course of training.

A checkpoint is a record
of the parameters at some
iteration of training, that

is, if iterates of the
parameter vector are

✓0, ✓1, …, ✓T , then any ✓k

can be recorded as a
checkpoint.

In figure 13.8, we plot this as a 3D visualization of
R2 ! R2 mappings. Each dotted line connects the representation of a datapoint at one layer

What does training a deep net classifier look like?

“Cat”

“Dog”







Each layer is a representation



A “representation” is an assignment datapoints to locations in some space

“fish”

“dolphin”

“shark”

“whale”

“cat”
“dog”

“rat”
“mouse”

i.e. a labeled point cloud:



Definitions and notation

• A representation is a mapping , where  is data and  
is some transformation of the data. 

• Typically we have , i.e. the representation maps data to vector 
embeddings.

f : 𝒳 → 𝒵 x ∈ 𝒳 z ∈ 𝒵

𝒵 = ℝd



Summary #1:  

All layers are a representation, and so are the input data and the 
output beliefs. 

Representations can be understood in terms of their geometry.
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Definitions and notation

• Representational similarity is a measure  

• It takes two representations as input and outputs a number that is higher 
if the two representations are to be considered more alike. 

• Often we will measure  over a finite set of datapoints, , 
, with 

d : f1 × f2 → ℝ

d Z1 = {f1(x(i))}n
i=1

Z2 = {f2(x(i))}n
i=1 dz : Z1 × Z2 → ℝ



The main question
Neural net 1’s embeddings ( )Z1 Neural net 2’s embeddings ( )Z2

“fish”

“dolphin”

“shark”

“whale”

“cat”
“dog”

“rat”
“mouse”

“fish”

“dolphin”“shark”

“whale”

“cat”

“dog”

“rat”

“mouse”

How similar are these two point clouds?



Regression-based metrics

hNeural net 1’s embeddings ( )Z1 Neural net 2’s embeddings ( )Z2

d(Z1, Z2) =
1
n

n

∑
i=1

||h*(z(i)
1 ) − z (i)

2 ||

h* = arg min
h

1
n

n

∑
i=1

||h(z(i)
1 ) − z (i)

2 ||



Two equivalent representations under linear regression

Neural net 1’s embeddings ( )Z1 Neural net 2’s embeddings ( )Z2



Two equivalent representations under linear regression

Neural net 1’s embeddings ( )Z1 Neural net 2’s embeddings ( )Z2



Kvision

similar

dissimilar

🍎

🍊

🐘

🦒

🍎 🍊 🐘 🦒

Characterize a representation  
in terms of its kernel

K(xi, xj) = 〈 f (xi), f (xj) 〉

K : X × X → R

🍊 🐘🍎 🍊

Restrict our attention to vector embeddings

f : X → R
n

Kernel-alignment metrics
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DINO CLIP

Kernel-alignment metrics



Two representations with equivalent kernels

Neural net 1’s embeddings ( )Z1 Neural net 2’s embeddings ( )Z2

Rigid transformations don’t change distances



Centered Kernel Alignment (CKA)

[Kornblith, Norouzi, Lee, Hinton, ICML 2019]

• Kernel alignment metrics are invariant to isometries (i.e. rotation, translation, mirror 

flips, “glide reflections”) 

• CKA says: Let’s also be invariant to isotropic scaling

CKA(K1, K2) =
tr(K1HK2H)

tr(K1HK1H)tr(K2HK2H)
normalize by scale 

kernel similarity subtracts mean similarity



Neural net 1’s embeddings ( )Z1 Neural net 2’s embeddings ( )Z2

Two equivalent representations under CKA



Nearest-neighbor kernel-alignment metric
What percent of my nearest-neighbors under representation f are also 
my nearest neighbors under representation g?

… [Huh*, Cheung*, Wang*, Isola, ICML 2024]

f1 f2

[Park et al. (2024), Klabunde et al. (2023) Oron et al. (2017)]



Bijection

Cycle-consistency loss

Linear, MLP

Regression-based 
metrics

Isometry

Kernel-alignment  
metrics

Metrics measure sameness up to a transformation T

Identity

Representation, z0

{z |∃θ s.t. z = T(z0, θ)}

Space of all points 
that are a 
transformation of z, 
up to some class of 
transformations .T



Which way of measuring is best?

• My opinion: kernel alignment metrics 

• Why? Because distance is the thing that matters for most downstream tasks 

• Two representations that are related by an isometry are the same for most 
practical purposes 

• Linear isometry —> equivalence in: retrieval, k-NN classifier, min-norm linear 
regression, MLPs in the NTK regime, … 

• (We could make this definitional: a representation is a specificiation of 
)d : 𝒳 × 𝒳 → ℝ

[See more: “Getting Aligned on Representational Alignment,” Sucholutsky*, Muttenthaler*, et al. arXiv 2024]



Summary #2:  

Representations can be compared via distance functions. 

Each distance yields different inferences you can make about 
how a representation will behave, and what you can do with it.



Outline: 

1. What’s a representation? 

2. How to measure representational similarity? 

3. Which representations are similar and which are different? 

4. What drives representational alignment? 

5. Making representations more aligned



D ( ),
How different are these images?

Fu*, Tamir*, Sundaram*, Chai, Zhang, Dekel, Isola. DreamSim. NeurIPS 2023.



Which image is more similar to the middle?

< Clap >< Clap >
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Which image is more similar to the middle?

< Clap >< Clap >



Fu*, Tamir*, Sundaram*, Chai, Zhang, Dekel, Isola. DreamSim. NeurIPS 2023.



Investigating representations in the brain

How similar are these two images?

How about these two?

[Kriegeskorte, Mur, Ruff, et al. 2008]



Representational Dissimilarity Matrix

Investigating a representation via similarity analysis

Neural activation vector

||z(i) − z( j)||

[Kriegeskorte, Mur, Ruff, et al. 2008]



Investigating a representation via similarity analysis

IT Neuronal Units Deep net (in paricular, HMO)

[Yamins, Hong, Cadieu, Solomon, Seibert, DiCarlo, PNAS 2014]



What’s the color space in which a language (model) sees?

Color space: a mapping from a spectral power distribution to 3 numbers

• Camera CCD: RGB color space 
• Human vision: Lab color space

How did we determine this for humans?

• Ask them which colors are similar and which are different 
• Find a 3D projection that best preserves distances



• Ask an LLM which colors are similar and which are different 
• Find a 3D projection that best preserves distances

What’s the color space in which a language (model) sees?



but maybe it lied…

• Ask an LLM which colors are similar and which are different 
• Find a 3D projection that best preserves distances

What’s the color space in which a language (model) sees?

GPT-4.5’s perceptual color space



[Abdou et al. 2021]

• Measure distance between LLM embeddings of different color words 
• Find a 3D projection that best preserves distances

What’s the color space in which a language (model) sees?



Brains vs Machines

Deep nets and the human/primate brain both learn similar metric spaces. 

Deep nets organize visual information similarly to how our brains do!

[Yamins, Hong, Cadieu, Solomon, Seibert, DiCarlo, PNAS 2014]



Alignment between different computer vision systems

[These slides from: Huh*, Cheung*, Wang*, Isola*, ICML 2024]



Hypothesis 1:  
There are many different ways one can represent the visual world, and each can be highly 
effective.

Experiment: Is alignment between vision models increasing as 
vision systems become stronger?

Hypothesis 2:  
All strong visual representations are alike.

[“Anna Karenina scenario,” Bansal et al. 2021]



The Platonic Representation Hypothesis

Figure 2. VISION models converge as COM-
PETENCE increases: We measure align-
ment among 78 models using mutual nearest-
neighbors on Places-365 (Zhou et al., 2017), and
evaluate their performance on downstream tasks
from the Visual Task Adaptation Benchmark
(VTAB; Zhai et al. (2019)). LEFT: Models
that solve more VTAB tasks tend to be more
aligned with each other. Error bars show stan-
dard error. RIGHT: We use UMAP to embed
models into a 2D space, based on distance ,
� log(alignment). More competent and general
models (blue) have more similar representations.

they measured representational similarity through a tech-
nique called model stitching. Given two models, f and g,
each composed of multiple layers (f = f1 � · · · � fn, g =
g1 � · · · � gm), an intermediate representation from f is inte-
grated into g via a learned affine stitching layer h, resulting
in a new stitched model F = f1�· · ·�fk�h�gk+1�· · ·�gm.
If F has good performance, it indicates that f and g have
compatible representations at layer k, up to the transform h.

In their study, Lenc & Vedaldi (2015) made two notable find-
ings: (1) A vision model trained on ImageNet (Russakovsky
et al., 2015) can be aligned with a model trained on the
Places-365 dataset (Zhou et al., 2017) while maintaining
good performance; (2) The early layers of these convolu-
tional networks are more interchangeable than later layers.
The first finding illustrates a level of data independence
where distinct image datasets lead to similar representations.
The second finding agrees with extensive research that ori-
ented Gabor-like filters are common in both artificial and
biological vision systems. This suggests a convergence to a
similar initial layer of representation across various neural
network architectures (Olshausen & Field, 1996; Krizhevsky
et al., 2017). Bansal et al. (2021) expanded on the idea of
model stitching, uncovering that models trained using self-
supervised objectives align closely with their supervised
counterparts.

Moschella et al. (2022) further demonstrated the feasibility
of “zero-shot” model stitching without learning a stitching
layer. Despite the fact that different text models were trained
on different modalities, they found that the models often
embed data in remarkably similar ways. In particular, they
considered the kernel K defined by learned representations
and showed that K serves as a bridge between models,
allowing an encoder trained in one language, like English,
to work effectively with a decoder in another, like French.

Dravid et al. (2023) extended this idea to individual neurons,
and found “Rosetta Neurons” that are activated by the same
pattern across a range of vision models. Such neurons form a
common dictionary independently discovered by all models.

2.2. Alignment increases with scale and performance

Kornblith et al. (2019) observed model alignment not only
exists but also increases with model scale. On CIFAR-
10 classification (Krizhevsky et al., 2009), they found that
larger models exhibit greater alignment with each other com-
pared to smaller ones. Theoretically, Balestriero & Baraniuk
(2018) showed that models with similar outputs (e.g., as a
result of having high performance) also have similar internal
activations. With the continuing trend of models scaling
up, this suggests model alignment will increase over time
– we might expect that the next generation of bigger, better
models will be even more aligned with each other.

We expand upon this observation by evaluating the trans-
fer performance of 78 vision models. These models were
trained with varying architectures, training objectives, and
datasets (detailed in Appendix C.1). In Figure 2 (left), we
bin these models based on their average transfer perfor-
mance on the VTAB dataset (Zhai et al., 2019), and then
measure the average kernel alignment of the models within
each bin. The results indicate that models with high transfer
performance form a tightly clustered set of representations,
while models with weak performance have more variable
representations. We further visualize this structure with
UMAP (McInnes et al., 2018) over models representation
in Figure 2 (right). This suggests that models that are com-
petent all represent data in a similar way. Echoing Bansal
et al. (2021) and Tolstoy (1877), we might say: all strong
models are alike, each weak model is weak in its own way.

The discussion so far indicates that various models are align-
ing toward a unified representation. But does the conver-
gence extend to model weights? While models with differ-
ent architectures might not have compatible weight spaces,
there exists ample evidence that models with the same archi-
tecture will often converge to the same basin of weights (Na-
garajan & Kolter, 2019; Garipov et al., 2018; Lubana et al.,
2023). This holds even for models with different initial-
izations, up to permutations over weight space (Ainsworth
et al., 2022). Because of this, it is possible to merge sepa-

3

• 78 vision models: different architectures, 
objectives, training data distributions. 

• Group models by performance on VTAB, 
and measure representational similarity 
within each group.

Experiment: Is alignment between vision models increasing as 
vision systems become stronger?
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Figure 2. VISION models converge as COM-
PETENCE increases: We measure align-
ment among 78 models using mutual nearest-
neighbors on Places-365 (Zhou et al., 2017), and
evaluate their performance on downstream tasks
from the Visual Task Adaptation Benchmark
(VTAB; Zhai et al. (2019)). LEFT: Models
that solve more VTAB tasks tend to be more
aligned with each other. Error bars show stan-
dard error. RIGHT: We use UMAP to embed
models into a 2D space, based on distance ,
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they measured representational similarity through a tech-
nique called model stitching. Given two models, f and g,
each composed of multiple layers (f = f1 � · · · � fn, g =
g1 � · · · � gm), an intermediate representation from f is inte-
grated into g via a learned affine stitching layer h, resulting
in a new stitched model F = f1�· · ·�fk�h�gk+1�· · ·�gm.
If F has good performance, it indicates that f and g have
compatible representations at layer k, up to the transform h.

In their study, Lenc & Vedaldi (2015) made two notable find-
ings: (1) A vision model trained on ImageNet (Russakovsky
et al., 2015) can be aligned with a model trained on the
Places-365 dataset (Zhou et al., 2017) while maintaining
good performance; (2) The early layers of these convolu-
tional networks are more interchangeable than later layers.
The first finding illustrates a level of data independence
where distinct image datasets lead to similar representations.
The second finding agrees with extensive research that ori-
ented Gabor-like filters are common in both artificial and
biological vision systems. This suggests a convergence to a
similar initial layer of representation across various neural
network architectures (Olshausen & Field, 1996; Krizhevsky
et al., 2017). Bansal et al. (2021) expanded on the idea of
model stitching, uncovering that models trained using self-
supervised objectives align closely with their supervised
counterparts.

Moschella et al. (2022) further demonstrated the feasibility
of “zero-shot” model stitching without learning a stitching
layer. Despite the fact that different text models were trained
on different modalities, they found that the models often
embed data in remarkably similar ways. In particular, they
considered the kernel K defined by learned representations
and showed that K serves as a bridge between models,
allowing an encoder trained in one language, like English,
to work effectively with a decoder in another, like French.

Dravid et al. (2023) extended this idea to individual neurons,
and found “Rosetta Neurons” that are activated by the same
pattern across a range of vision models. Such neurons form a
common dictionary independently discovered by all models.

2.2. Alignment increases with scale and performance

Kornblith et al. (2019) observed model alignment not only
exists but also increases with model scale. On CIFAR-
10 classification (Krizhevsky et al., 2009), they found that
larger models exhibit greater alignment with each other com-
pared to smaller ones. Theoretically, Balestriero & Baraniuk
(2018) showed that models with similar outputs (e.g., as a
result of having high performance) also have similar internal
activations. With the continuing trend of models scaling
up, this suggests model alignment will increase over time
– we might expect that the next generation of bigger, better
models will be even more aligned with each other.

We expand upon this observation by evaluating the trans-
fer performance of 78 vision models. These models were
trained with varying architectures, training objectives, and
datasets (detailed in Appendix C.1). In Figure 2 (left), we
bin these models based on their average transfer perfor-
mance on the VTAB dataset (Zhai et al., 2019), and then
measure the average kernel alignment of the models within
each bin. The results indicate that models with high transfer
performance form a tightly clustered set of representations,
while models with weak performance have more variable
representations. We further visualize this structure with
UMAP (McInnes et al., 2018) over models representation
in Figure 2 (right). This suggests that models that are com-
petent all represent data in a similar way. Echoing Bansal
et al. (2021) and Tolstoy (1877), we might say: all strong
models are alike, each weak model is weak in its own way.

The discussion so far indicates that various models are align-
ing toward a unified representation. But does the conver-
gence extend to model weights? While models with differ-
ent architectures might not have compatible weight spaces,
there exists ample evidence that models with the same archi-
tecture will often converge to the same basin of weights (Na-
garajan & Kolter, 2019; Garipov et al., 2018; Lubana et al.,
2023). This holds even for models with different initial-
izations, up to permutations over weight space (Ainsworth
et al., 2022). Because of this, it is possible to merge sepa-
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All strong representations are 
alike, each weak representation 

is weak in its own way.

Experiment: Is alignment between vision models increasing as 
vision systems become stronger?



Alignment between different modalities

[These slides from: Huh*, Cheung*, Wang*, Isola*, ICML 2024]



Hypothesis 1:  
As language models get better and better, they will become more and more specific to 
language, and start being less generally useful for vision.

Hypothesis 2:  
Better language models are better vision models.

Hypothesis 2+:  
The best language model is the best vision model. They converge to the same representation.

Experiment: Is language-vision alignment increasing?
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Wikipedia Image Text Dataset

“Sunset over Glacier Point”

“Yosemite valley”

“A Boston Red Sox game at Fenway Park”

“San Francisco during the California Gold Rush”

[Srinivasan, Raman, Chen, Bendersky, Najork 2021]



Strong models converge in representation
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Summary #3:  

Humans and deep nets both measure distances between 
images in similar ways. 

Different vision models, and language models, seem to be 
converging in how they measure distanes.



Outline: 

1. What’s a representation? 

2. How to measure representational similarity? 

3. Which representations are similar and which are different? 

4. What drives representational alignment? 

5. Making representations more aligned



The Multitask Scaling Hypothesis 

The Platonic Representation Hypothesis

Figure 4. Alignment predicts downstream performance: We visualize correlation between LLM alignment score to DINOv2 (Oquab
et al., 2023) and downstream task performance on Hellaswag (common-sense) (Zellers et al., 2019) and GSM8K (math) (Cobbe et al.,
2021). LLMs are plotted with radii proportional to the size of the model, and color-coded by their rank order in language modeling scores
(1� bits-per-byte). We observe that models aligned more closely with vision also show better performance on downstream language
tasks. For Hellaswag, there is a linear relationship with alignment score, while GSM8K exhibits an “emergence”-esque trend.

models, as shown in Figure 3. The converse effect also
holds: the better a vision models is, the more it tends to
align with LLMs. See Appendix C.2 for more details.

2.4. Models are increasingly aligning to brains

Neural networks also show substantial alignment with bi-
ological representations in the brain (Yamins et al., 2014).
This commonality may be due to similarities in the task and
data constraints both systems are confronted with. Even
though the mediums may differ – silicon transistors ver-
sus biological neurons – the fundamental problem faced
by brains and machines is the same: efficiently extracting
and understanding the underlying structure in images, text,
sounds, etc (Barlow et al., 1961; Olshausen & Field, 1997).
The tasks that the human visual system has been honed to
perform through evolution – like segmentation, detection,
and whole-image classification – are also the ones that we
train our neural nets to perform. Yamins et al. (2014) went
as far as to title their work in the spirit that performance over
such tasks implies brain alignment. Further, Conwell et al.
(2022) showed that training data plays a large role in align-
ment. Psychophysical studies have also shown agreement
between how humans perceive visual similarity and how
models do, even when the models are trained on tasks, such
as self-supervised prediction, that are seemingly unrelated
to mimicking human perception (Zhang et al., 2018).

2.5. Does alignment predict downstream performance?

If models are converging towards a more accurate represen-
tation of reality, we expect that alignment should correspond
to improved performance on downstream tasks. Figure 4
supports this hypothesis by demonstrating improved per-
formance on commonsense reasoning (Hellaswag; Zellers
et al. (2019)) and mathematical problem solving (GSM8K;
Cobbe et al. (2021)) as alignment improves.

3. Why are representations converging?
Modern machine learning models are generally trained to
minimize the empirical risk with possible implicit and/or
explicit regularization:

trained model

f⇤ = arg min
f2 F

function class

Ex⇠ dataset [

training objective

L (f, x)] + R
regularization

(f)

In the following sections, we lay out how each colored
component in this optimization process potentially plays a
role in facilitating representational convergence.

3.1. Convergence via Task Generality

Each training datapoint and objective (task) places an addi-
tional constraint on the model. As data and tasks scale, the
volume of representations that satisfy these constraints must
proportionately grow smaller, as visualized in Figure 6 and
stated below:

The Multitask Scaling Hypothesis

There are fewer representations that are competent
for N tasks than there are for M < N tasks. As we
train more general models that solve more tasks at
once, we should expect fewer possible solutions.

This has been previously termed as the Contravariance prin-
ciple by Cao & Yamins (2024), which states that the set of
solutions to an easy goal is large, while the set of solutions
to a challenging goal is comparatively smaller. Moreover,
we argue that this narrower solution set also generalizes
better. As data scales, models that optimize the empirical
risk Ex⇠ dataset [L(f, x)] also improve on the population risk
Ex⇠ reality [L(f, x)], and become better at capturing statisti-
cal structures of the true data generating process (reality).

5

Solves task
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<latexit sha1_base64="51NXQkDypcG/A+WtwXqm2WeyfWo=">AAAB9HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfswYa923N3joRc+B02Fhpj64+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0jEo1402mpNKdgBouRcybKFDyTqI5jQLJ28H4du63J1wboeJHnCbcj+gwFqFgFK3kPyg54YYgNWPi9csVt+ouQNaJl5MK5Gj0y1+9gWJpxGNkkhrT9dwE/YxqFEzyWamXGp5QNqZD3rU0phE3frY4ekYurDIgodK2YiQL9fdERiNjplFgOyOKI7PqzcX/vG6K4bWfiThJkcdsuShMJUFF5gmQgdCcoZxaQpkW9lbCRlRThjankg3BW315nbRqVc+teve1Sv0mj6MIZ3AOl+DBFdThDhrQBAZP8Ayv8OZMnBfn3flYthacfOYU/sD5/AEMH5Ga</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

“Contravariance Principal”
“Anna Karenina principle”



The Multitask Scaling Hypothesis 



Corollary: more data —> more convergence 

[Conwell, Prince, Kay, Alvarez, Konkle, Nature Communications 2024]

Conwell et al. 2024 found that, of the 
factors they tested, data diet plays the 
greatest role in determining brain-
machine alignment. 

Models trained on more data are more 
aligned with the brain.



Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

space 1
<latexit sha1_base64="18Zjza79/9bv33YsePIgOfZKpy8=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSJ4Kru96LHoxWMF+wHtUrLpbBuaZJckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycyLUsGN9f1vb2Nza3tnt7RX3j84PDqunJy2TZJphi2WiER3I2pQcIUty63AbqqRykhgJ5rczf3OE2rDE/VopymGko4Ujzmj1kkdk1KGJBhUqn7NX4Csk6AgVSjQHFS++sOEZRKVZYIa0wv81IY51ZYzgbNyPzPoRk/oCHuOKirRhPli3Rm5dMqQxIl2T1myUH935FQaM5WRq5TUjs2qNxf/83qZjW/CnKs0s6jY8qM4E8QmZH47GXKNzIqpI5Rp7nYlbEw1ZdYlVHYhBKsnr5N2vRb4teChXm3cFnGU4Bwu4AoCuIYG3EMTWsBgAs/wCm9e6r14797HsnTDK3rO4A+8zx+q2I8b</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit>

space 2
<latexit sha1_base64="X7UBoVQavr21YMAA6C/nQxPP8Nc=">AAAB7nicbVBNSwMxEJ34WetX1aOXYBE8ld1e9Fj04rGC/YB2Kdl0tg3NZpckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycwLUymM9bxvsrG5tb2zW9or7x8cHh1XTk7bJsk0xxZPZKK7ITMohcKWFVZiN9XI4lBiJ5zczf3OE2ojEvVopykGMRspEQnOrJM6JmUcaX1QqXo1bwG6TvyCVKFAc1D56g8TnsWoLJfMmJ7vpTbImbaCS5yV+5lBN3rCRthzVLEYTZAv1p3RS6cMaZRo95SlC/V3R85iY6Zx6CpjZsdm1ZuL/3m9zEY3QS5UmllUfPlRlElqEzq/nQ6FRm7l1BHGtXC7Uj5mmnHrEiq7EPzVk9dJu17zvZr/UK82bos4SnAOF3AFPlxDA+6hCS3gMIFneIU3kpIX8k4+lqUbpOg5gz8gnz+sXI8c</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

Loss
<latexit sha1_base64="Qv+C7rKsOIBGxHPCTreDEtY3tEw=">AAAB63icbVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWFhEMA9IljA7mU2GzGOZmRXCkl+wsVDE1h+y82+cTbbQxAMXDufcy733RAlnxvr+t1fa2Nza3invVvb2Dw6PqscnHaNSTWibKK50L8KGciZp2zLLaS/RFIuI0240vc397hPVhin5aGcJDQUeSxYzgm0u3StjhtWaX/cXQOskKEgNCrSG1a/BSJFUUGkJx8b0Az+xYYa1ZYTTeWWQGppgMsVj2ndUYkFNmC1unaMLp4xQrLQradFC/T2RYWHMTESuU2A7MateLv7n9VMbX4cZk0lqqSTLRXHKkVUofxyNmKbE8pkjmGjmbkVkgjUm1sVTcSEEqy+vk06jHvj14KFRa94UcZThDM7hEgK4gibcQQvaQGACz/AKb57wXrx372PZWvKKmVP4A+/zBxjRjkE=</latexit><latexit sha1_base64="4YxSAN2nlAicW/wTm7Ptf3oazXc=">AAACEHicjVC7TsMwFL3mWcqrwMhiUSExVUkXGCtYGBhAog+pjSrHdVqrjh3ZDlIV9RcYWPgVFoRYGdn4G5w2A7QMHMnS0Tnn6vqeMBHcWM/7Qiura+sbm6Wt8vbO7t5+5eCwZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Or3K//cC04Ure20nCgpgMJY84JTaXbpQx/UrVq3kz4GXiF6QKBf4X71c+ewNF05hJSwUxput7iQ0yoi2ngk3LvdSwhNAxGbKuo5LEzATZ7KApPnXKAEdKuyctnqk/JzISGzOJQ5eMiR2ZRS8X//K6qY0ugozLJLVM0vmiKBXYKpy3gwdcM2rFxBFCNXd/xXRENKHWdVh2p/uLhy6TVr3mezX/rl5tXBadleAYTuAMfDiHBlzDLTSBwgge4Rle0RN6QW/ofR5dQcXMEfwC+vgGquqVug==</latexit><latexit sha1_base64="4YxSAN2nlAicW/wTm7Ptf3oazXc=">AAACEHicjVC7TsMwFL3mWcqrwMhiUSExVUkXGCtYGBhAog+pjSrHdVqrjh3ZDlIV9RcYWPgVFoRYGdn4G5w2A7QMHMnS0Tnn6vqeMBHcWM/7Qiura+sbm6Wt8vbO7t5+5eCwZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Or3K//cC04Ure20nCgpgMJY84JTaXbpQx/UrVq3kz4GXiF6QKBf4X71c+ewNF05hJSwUxput7iQ0yoi2ngk3LvdSwhNAxGbKuo5LEzATZ7KApPnXKAEdKuyctnqk/JzISGzOJQ5eMiR2ZRS8X//K6qY0ugozLJLVM0vmiKBXYKpy3gwdcM2rFxBFCNXd/xXRENKHWdVh2p/uLhy6TVr3mezX/rl5tXBadleAYTuAMfDiHBlzDLTSBwgge4Rle0RN6QW/ofR5dQcXMEfwC+vgGquqVug==</latexit><latexit sha1_base64="4YxSAN2nlAicW/wTm7Ptf3oazXc=">AAACEHicjVC7TsMwFL3mWcqrwMhiUSExVUkXGCtYGBhAog+pjSrHdVqrjh3ZDlIV9RcYWPgVFoRYGdn4G5w2A7QMHMnS0Tnn6vqeMBHcWM/7Qiura+sbm6Wt8vbO7t5+5eCwZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Or3K//cC04Ure20nCgpgMJY84JTaXbpQx/UrVq3kz4GXiF6QKBf4X71c+ewNF05hJSwUxput7iQ0yoi2ngk3LvdSwhNAxGbKuo5LEzATZ7KApPnXKAEdKuyctnqk/JzISGzOJQ5eMiR2ZRS8X//K6qY0ugozLJLVM0vmiKBXYKpy3gwdcM2rFxBFCNXd/xXRENKHWdVh2p/uLhy6TVr3mezX/rl5tXBadleAYTuAMfDiHBlzDLTSBwgge4Rle0RN6QW/ofR5dQcXMEfwC+vgGquqVug==</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

space 1
<latexit sha1_base64="18Zjza79/9bv33YsePIgOfZKpy8=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSJ4Kru96LHoxWMF+wHtUrLpbBuaZJckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycyLUsGN9f1vb2Nza3tnt7RX3j84PDqunJy2TZJphi2WiER3I2pQcIUty63AbqqRykhgJ5rczf3OE2rDE/VopymGko4Ujzmj1kkdk1KGJBhUqn7NX4Csk6AgVSjQHFS++sOEZRKVZYIa0wv81IY51ZYzgbNyPzPoRk/oCHuOKirRhPli3Rm5dMqQxIl2T1myUH935FQaM5WRq5TUjs2qNxf/83qZjW/CnKs0s6jY8qM4E8QmZH47GXKNzIqpI5Rp7nYlbEw1ZdYlVHYhBKsnr5N2vRb4teChXm3cFnGU4Bwu4AoCuIYG3EMTWsBgAs/wCm9e6r14797HsnTDK3rO4A+8zx+q2I8b</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit>

space 2
<latexit sha1_base64="X7UBoVQavr21YMAA6C/nQxPP8Nc=">AAAB7nicbVBNSwMxEJ34WetX1aOXYBE8ld1e9Fj04rGC/YB2Kdl0tg3NZpckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycwLUymM9bxvsrG5tb2zW9or7x8cHh1XTk7bJsk0xxZPZKK7ITMohcKWFVZiN9XI4lBiJ5zczf3OE2ojEvVopykGMRspEQnOrJM6JmUcaX1QqXo1bwG6TvyCVKFAc1D56g8TnsWoLJfMmJ7vpTbImbaCS5yV+5lBN3rCRthzVLEYTZAv1p3RS6cMaZRo95SlC/V3R85iY6Zx6CpjZsdm1ZuL/3m9zEY3QS5UmllUfPlRlElqEzq/nQ6FRm7l1BHGtXC7Uj5mmnHrEiq7EPzVk9dJu17zvZr/UK82bos4SnAOF3AFPlxDA+6hCS3gMIFneIU3kpIX8k4+lqUbpOg5gz8gnz+sXI8c</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

Scale up
<latexit sha1_base64="ctwBWq2U9QXa7DTNTrIa0ueuveo=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfMwYa9vWN3z4Rc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSATXxnW/ncLG5tb2TnG3tLd/cHhUPj5p6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/fbT6g0j+WjmSboR3QoecgZNVbqPDAqkKRJv1xxq+4CZJ14OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4K/VSjQllYzrErqWSRqj9bHHvjFxYZUDCWNmShizU3xMZjbSeRoHtjKgZ6VVvLv7ndVMTXvsZl0lqULLlojAVxMRk/jwZcIXMiKkllClubyVsRBVlxkZUsiF4qy+vk1at6rlV775Wqd/kcRThDM7hEjy4gjrcQQOawEDAM7zCmzNxXpx352PZWnDymVP4A+fzB6uuj7U=</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit>

architectures
<latexit sha1_base64="HxVNIkMHx1zZk5+9XhEjo2dCrT0=">AAAB9XicbVDLTgJBEOz1ifhCPXqZSEw8kV0ueiR68YiJPBJYyezQwITZR2Z6NWTDf3jxoDFe/Rdv/o0D7EHBSjqpVHWnuytIlDTkut/O2vrG5tZ2Yae4u7d/cFg6Om6aONUCGyJWsW4H3KCSETZIksJ2opGHgcJWML6Z+a1H1EbG0T1NEvRDPozkQApOVnpgXIuRJBSUajS9UtmtuHOwVeLlpAw56r3SV7cfizTEiITixnQ8NyE/45qkUDgtdlODCRdjPsSOpREP0fjZ/OopO7dKnw1ibSsiNld/T2Q8NGYSBrYz5DQyy95M/M/rpDS48jMZJSlhJBaLBqliFLNZBKwvtX1YTSzhQkt7KxMjrrkgG1TRhuAtv7xKmtWK51a8u2q5dp3HUYBTOIML8OASanALdWiAAA3P8ApvzpPz4rw7H4vWNSefOYE/cD5/AKmokpo=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit>

The Platonic Representation Hypothesis

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

space 1
<latexit sha1_base64="18Zjza79/9bv33YsePIgOfZKpy8=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSJ4Kru96LHoxWMF+wHtUrLpbBuaZJckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycyLUsGN9f1vb2Nza3tnt7RX3j84PDqunJy2TZJphi2WiER3I2pQcIUty63AbqqRykhgJ5rczf3OE2rDE/VopymGko4Ujzmj1kkdk1KGJBhUqn7NX4Csk6AgVSjQHFS++sOEZRKVZYIa0wv81IY51ZYzgbNyPzPoRk/oCHuOKirRhPli3Rm5dMqQxIl2T1myUH935FQaM5WRq5TUjs2qNxf/83qZjW/CnKs0s6jY8qM4E8QmZH47GXKNzIqpI5Rp7nYlbEw1ZdYlVHYhBKsnr5N2vRb4teChXm3cFnGU4Bwu4AoCuIYG3EMTWsBgAs/wCm9e6r14797HsnTDK3rO4A+8zx+q2I8b</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit>

space 2
<latexit sha1_base64="X7UBoVQavr21YMAA6C/nQxPP8Nc=">AAAB7nicbVBNSwMxEJ34WetX1aOXYBE8ld1e9Fj04rGC/YB2Kdl0tg3NZpckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycwLUymM9bxvsrG5tb2zW9or7x8cHh1XTk7bJsk0xxZPZKK7ITMohcKWFVZiN9XI4lBiJ5zczf3OE2ojEvVopykGMRspEQnOrJM6JmUcaX1QqXo1bwG6TvyCVKFAc1D56g8TnsWoLJfMmJ7vpTbImbaCS5yV+5lBN3rCRthzVLEYTZAv1p3RS6cMaZRo95SlC/V3R85iY6Zx6CpjZsdm1ZuL/3m9zEY3QS5UmllUfPlRlElqEzq/nQ6FRm7l1BHGtXC7Uj5mmnHrEiq7EPzVk9dJu17zvZr/UK82bos4SnAOF3AFPlxDA+6hCS3gMIFneIU3kpIX8k4+lqUbpOg5gz8gnz+sXI8c</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

space 1
<latexit sha1_base64="18Zjza79/9bv33YsePIgOfZKpy8=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSJ4Kru96LHoxWMF+wHtUrLpbBuaZJckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycyLUsGN9f1vb2Nza3tnt7RX3j84PDqunJy2TZJphi2WiER3I2pQcIUty63AbqqRykhgJ5rczf3OE2rDE/VopymGko4Ujzmj1kkdk1KGJBhUqn7NX4Csk6AgVSjQHFS++sOEZRKVZYIa0wv81IY51ZYzgbNyPzPoRk/oCHuOKirRhPli3Rm5dMqQxIl2T1myUH935FQaM5WRq5TUjs2qNxf/83qZjW/CnKs0s6jY8qM4E8QmZH47GXKNzIqpI5Rp7nYlbEw1ZdYlVHYhBKsnr5N2vRb4teChXm3cFnGU4Bwu4AoCuIYG3EMTWsBgAs/wCm9e6r14797HsnTDK3rO4A+8zx+q2I8b</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit>

space 2
<latexit sha1_base64="X7UBoVQavr21YMAA6C/nQxPP8Nc=">AAAB7nicbVBNSwMxEJ34WetX1aOXYBE8ld1e9Fj04rGC/YB2Kdl0tg3NZpckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycwLUymM9bxvsrG5tb2zW9or7x8cHh1XTk7bJsk0xxZPZKK7ITMohcKWFVZiN9XI4lBiJ5zczf3OE2ojEvVopykGMRspEQnOrJM6JmUcaX1QqXo1bwG6TvyCVKFAc1D56g8TnsWoLJfMmJ7vpTbImbaCS5yV+5lBN3rCRthzVLEYTZAv1p3RS6cMaZRo95SlC/V3R85iY6Zx6CpjZsdm1ZuL/3m9zEY3QS5UmllUfPlRlElqEzq/nQ6FRm7l1BHGtXC7Uj5mmnHrEiq7EPzVk9dJu17zvZr/UK82bos4SnAOF3AFPlxDA+6hCS3gMIFneIU3kpIX8k4+lqUbpOg5gz8gnz+sXI8c</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

Scale up
<latexit sha1_base64="ctwBWq2U9QXa7DTNTrIa0ueuveo=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfMwYa9vWN3z4Rc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSATXxnW/ncLG5tb2TnG3tLd/cHhUPj5p6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/fbT6g0j+WjmSboR3QoecgZNVbqPDAqkKRJv1xxq+4CZJ14OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4K/VSjQllYzrErqWSRqj9bHHvjFxYZUDCWNmShizU3xMZjbSeRoHtjKgZ6VVvLv7ndVMTXvsZl0lqULLlojAVxMRk/jwZcIXMiKkllClubyVsRBVlxkZUsiF4qy+vk1at6rlV775Wqd/kcRThDM7hEjy4gjrcQQOawEDAM7zCmzNxXpx352PZWnDymVP4A+fzB6uuj7U=</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit>

architectures
<latexit sha1_base64="HxVNIkMHx1zZk5+9XhEjo2dCrT0=">AAAB9XicbVDLTgJBEOz1ifhCPXqZSEw8kV0ueiR68YiJPBJYyezQwITZR2Z6NWTDf3jxoDFe/Rdv/o0D7EHBSjqpVHWnuytIlDTkut/O2vrG5tZ2Yae4u7d/cFg6Om6aONUCGyJWsW4H3KCSETZIksJ2opGHgcJWML6Z+a1H1EbG0T1NEvRDPozkQApOVnpgXIuRJBSUajS9UtmtuHOwVeLlpAw56r3SV7cfizTEiITixnQ8NyE/45qkUDgtdlODCRdjPsSOpREP0fjZ/OopO7dKnw1ibSsiNld/T2Q8NGYSBrYz5DQyy95M/M/rpDS48jMZJSlhJBaLBqliFLNZBKwvtX1YTSzhQkt7KxMjrrkgG1TRhuAtv7xKmtWK51a8u2q5dp3HUYBTOIML8OASanALdWiAAA3P8ApvzpPz4rw7H4vWNSefOYE/cD5/AKmokpo=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit>

Loss
<latexit sha1_base64="Qv+C7rKsOIBGxHPCTreDEtY3tEw=">AAAB63icbVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWFhEMA9IljA7mU2GzGOZmRXCkl+wsVDE1h+y82+cTbbQxAMXDufcy733RAlnxvr+t1fa2Nza3invVvb2Dw6PqscnHaNSTWibKK50L8KGciZp2zLLaS/RFIuI0240vc397hPVhin5aGcJDQUeSxYzgm0u3StjhtWaX/cXQOskKEgNCrSG1a/BSJFUUGkJx8b0Az+xYYa1ZYTTeWWQGppgMsVj2ndUYkFNmC1unaMLp4xQrLQradFC/T2RYWHMTESuU2A7MateLv7n9VMbX4cZk0lqqSTLRXHKkVUofxyNmKbE8pkjmGjmbkVkgjUm1sVTcSEEqy+vk06jHvj14KFRa94UcZThDM7hEgK4gibcQQvaQGACz/AKb57wXrx372PZWvKKmVP4A+/zBxjRjkE=</latexit><latexit sha1_base64="4YxSAN2nlAicW/wTm7Ptf3oazXc=">AAACEHicjVC7TsMwFL3mWcqrwMhiUSExVUkXGCtYGBhAog+pjSrHdVqrjh3ZDlIV9RcYWPgVFoRYGdn4G5w2A7QMHMnS0Tnn6vqeMBHcWM/7Qiura+sbm6Wt8vbO7t5+5eCwZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Or3K//cC04Ure20nCgpgMJY84JTaXbpQx/UrVq3kz4GXiF6QKBf4X71c+ewNF05hJSwUxput7iQ0yoi2ngk3LvdSwhNAxGbKuo5LEzATZ7KApPnXKAEdKuyctnqk/JzISGzOJQ5eMiR2ZRS8X//K6qY0ugozLJLVM0vmiKBXYKpy3gwdcM2rFxBFCNXd/xXRENKHWdVh2p/uLhy6TVr3mezX/rl5tXBadleAYTuAMfDiHBlzDLTSBwgge4Rle0RN6QW/ofR5dQcXMEfwC+vgGquqVug==</latexit><latexit sha1_base64="4YxSAN2nlAicW/wTm7Ptf3oazXc=">AAACEHicjVC7TsMwFL3mWcqrwMhiUSExVUkXGCtYGBhAog+pjSrHdVqrjh3ZDlIV9RcYWPgVFoRYGdn4G5w2A7QMHMnS0Tnn6vqeMBHcWM/7Qiura+sbm6Wt8vbO7t5+5eCwZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Or3K//cC04Ure20nCgpgMJY84JTaXbpQx/UrVq3kz4GXiF6QKBf4X71c+ewNF05hJSwUxput7iQ0yoi2ngk3LvdSwhNAxGbKuo5LEzATZ7KApPnXKAEdKuyctnqk/JzISGzOJQ5eMiR2ZRS8X//K6qY0ugozLJLVM0vmiKBXYKpy3gwdcM2rFxBFCNXd/xXRENKHWdVh2p/uLhy6TVr3mezX/rl5tXBadleAYTuAMfDiHBlzDLTSBwgge4Rle0RN6QW/ofR5dQcXMEfwC+vgGquqVug==</latexit><latexit sha1_base64="4YxSAN2nlAicW/wTm7Ptf3oazXc=">AAACEHicjVC7TsMwFL3mWcqrwMhiUSExVUkXGCtYGBhAog+pjSrHdVqrjh3ZDlIV9RcYWPgVFoRYGdn4G5w2A7QMHMnS0Tnn6vqeMBHcWM/7Qiura+sbm6Wt8vbO7t5+5eCwZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Or3K//cC04Ure20nCgpgMJY84JTaXbpQx/UrVq3kz4GXiF6QKBf4X71c+ewNF05hJSwUxput7iQ0yoi2ngk3LvdSwhNAxGbKuo5LEzATZ7KApPnXKAEdKuyctnqk/JzISGzOJQ5eMiR2ZRS8X//K6qY0ugozLJLVM0vmiKBXYKpy3gwdcM2rFxBFCNXd/xXRENKHWdVh2p/uLhy6TVr3mezX/rl5tXBadleAYTuAMfDiHBlzDLTSBwgge4Rle0RN6QW/ofR5dQcXMEfwC+vgGquqVug==</latexit>

Figure 5. The Capacity Hypothesis: If an optimal representation exists in function space, larger hypothesis spaces are more likely to
cover it. LEFT: Two small models might not cover the optimum and thus find different solutions (marked by outlined †). RIGHT: As
the models become larger, they cover the optimum and converge to the same solution (marked by filled F).

Solves task 1
<latexit sha1_base64="51NXQkDypcG/A+WtwXqm2WeyfWo=">AAAB9HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfswYa923N3joRc+B02Fhpj64+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0jEo1402mpNKdgBouRcybKFDyTqI5jQLJ28H4du63J1wboeJHnCbcj+gwFqFgFK3kPyg54YYgNWPi9csVt+ouQNaJl5MK5Gj0y1+9gWJpxGNkkhrT9dwE/YxqFEzyWamXGp5QNqZD3rU0phE3frY4ekYurDIgodK2YiQL9fdERiNjplFgOyOKI7PqzcX/vG6K4bWfiThJkcdsuShMJUFF5gmQgdCcoZxaQpkW9lbCRlRThjankg3BW315nbRqVc+teve1Sv0mj6MIZ3AOl+DBFdThDhrQBAZP8Ayv8OZMnBfn3flYthacfOYU/sD5/AEMH5Ga</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit>

Solves task
<latexit sha1_base64="vHe9mN3flA+xmkcJNFXcKeX8kHA=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix68VjRfkAayma7aZdusmF3UiihP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUykMuu63s7G5tb2zW9or7x8cHh1XTk7bRmWa8RZTUuluSA2XIuEtFCh5N9WcxqHknXB8N/c7E66NUMkTTlMexHSYiEgwilbyH5WccEOQmnG/UnVr7gJknXgFqUKBZr/y1RsolsU8QSapMb7nphjkVKNgks/KvczwlLIxHXLf0oTG3AT54uQZubTKgERK20qQLNTfEzmNjZnGoe2MKY7MqjcX//P8DKObIBdJmiFP2HJRlEmCisz/JwOhOUM5tYQyLeythI2opgxtSmUbgrf68jpp12ueW/Me6tXGbRFHCc7hAq7Ag2towD00oQUMFDzDK7w56Lw4787HsnXDKWbO4A+czx8+nJE1</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit>

2<latexit sha1_base64="yq8/5g8NcY6cy0ADZKiGUGrj1YY=">AAAB6HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0UhJtLCGRjwQuZG+Zg5W9vcvungm58AtsLDTG1p9k579xgSsUfMkkL+/NZGZekAiujet+O4Wt7Z3dveJ+6eDw6PikfHrW0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0buF3n1BpHssHM0vQj+hY8pAzaqzUqg3LFbfqLkE2iZeTCuRoDstfg1HM0gilYYJq3ffcxPgZVYYzgfPSINWYUDalY+xbKmmE2s+Wh87JlVVGJIyVLWnIUv09kdFI61kU2M6Imole9xbif14/NWHdz7hMUoOSrRaFqSAmJouvyYgrZEbMLKFMcXsrYROqKDM2m5INwVt/eZN0alXPrXqtWqVxm8dRhAu4hGvw4AYacA9NaAMDhGd4hTfn0Xlx3p2PVWvByWfO4Q+czx97gYy0</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

Simple
<latexit sha1_base64="zFVvUIF9Z2hD+LDeFqir1+TO8Qw=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvMJWt2947dPSGE/AcbC0Vs/T92/hs3yRWa+GDg8d4MM/OiVHBjff/bW1vf2NzaLuwUd/f2Dw5LR8dNk2SaYYMlItHtiBoUXGHDciuwnWqkMhLYikY3M7/1hNrwRD3YcYqhpAPFY86odVLznstUYK9U9iv+HGSVBDkpQ456r/TV7Scsk6gsE9SYTuCnNpxQbTkTOC12M4MpZSM6wI6jiko04WR+7ZScO6VP4kS7UpbM1d8TEyqNGcvIdUpqh2bZm4n/eZ3MxlfhhKs0s6jYYlGcCWITMnud9LlGZsXYEco0d7cSNqSaMusCKroQguWXV0mzWgn8SnBXLdeu8zgKcApncAEBXEINbqEODWDwCM/wCm9e4r14797HonXNy2dO4A+8zx+W+48e</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit>

functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>

the tasks
<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8A fmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX 3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX 3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX 3A+vwE0lJq+</latexit>

task gradient
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Figure 6. The Multitask Scaling Hypothesis: Models trained
with an increasing number of tasks are subjected to pressure to
learn a representation that can solve all the tasks.

Recent work has demonstrated a power law relationship
between data scale and model performance (Hestness et al.,
2017). This implies that with enough data (e.g., consisting
of the entire internet and all offline scientific measurements)
one ought to converge to a very small solution set with
irreducible error – the inherent epistemic uncertainty of the
world. As more models are trained on internet-scale data,
the set of solutions that satisfies all data constraints must
become relatively small.

In addition to data-scaling, many modern representation
learning objectives L (f, x) directly optimize for multi-
task solving. Contrastive learning finds a distance structure
over data samples that optimizes many classification tasks
(Arora et al., 2019b; Wang & Isola, 2020; Tian et al., 2020b).
Masked Autoencoders (He et al., 2021) optimize randomly
sampled reconstruction tasks. In fact, autoregressive lan-
guage modeling can also be seen as optimizing a diverse set

of tasks (Radford et al., 2019). Such multi-task objectives
may be more effective than single-task ones (e.g., ImageNet
classification) due to the fact that they impose more task
constraints on the representation, leading to a smaller and
higher-quality solution space (Chen et al., 2020; He et al.,
2020; Radford et al., 2017; 2019).

3.2. Convergence via Model Capacity

Suppose there is a globally optimal representation for stan-
dard learning objectives. Then, under sufficient data, scaling
a model (i.e., using larger function classes F ), as well as
improved optimization , should be more effective at find-
ing better approximations to this optimum, as illustrated in
Figure 5. With the same training objective, larger models,
even of different architectures, will thus tend to converge
toward this optimum. When different training objectives
share similar minimizers, larger models are better at finding
these minimizers, and will train to similar solutions over the
training tasks. We summarize this hypothesis as follows:

The Capacity Hypothesis

Bigger models are more likely to converge to a shared
representation than smaller models.

3.3. Convergence via Simplicity Bias

Arriving at the same mapping on the training data does
not prohibit the models from developing distinct internal
representations. It is not unreasonable to posit that the rep-
resentations used to detect a dog in a 1M parameter model
could be quite different than that used by a 1B parameter
model. What would stop a billion-parameter (and count-
ing) model from learning an overly complicated and distinct
representation? One key factor might be simplicity bias:
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The Simplicity Bias Hypothesis

Hypothesis space
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simplicity bias
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Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>
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<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Simple
<latexit sha1_base64="zFVvUIF9Z2hD+LDeFqir1+TO8Qw=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvMJWt2947dPSGE/AcbC0Vs/T92/hs3yRWa+GDg8d4MM/OiVHBjff/bW1vf2NzaLuwUd/f2Dw5LR8dNk2SaYYMlItHtiBoUXGHDciuwnWqkMhLYikY3M7/1hNrwRD3YcYqhpAPFY86odVLznstUYK9U9iv+HGSVBDkpQ456r/TV7Scsk6gsE9SYTuCnNpxQbTkTOC12M4MpZSM6wI6jiko04WR+7ZScO6VP4kS7UpbM1d8TEyqNGcvIdUpqh2bZm4n/eZ3MxlfhhKs0s6jYYlGcCWITMnud9LlGZsXYEco0d7cSNqSaMusCKroQguWXV0mzWgn8SnBXLdeu8zgKcApncAEBXEINbqEODWDwCM/wCm9e4r14797HonXNy2dO4A+8zx+W+48e</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit>

functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

The Platonic Representation Hypothesis

Solves task 1
<latexit sha1_base64="51NXQkDypcG/A+WtwXqm2WeyfWo=">AAAB9HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfswYa923N3joRc+B02Fhpj64+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0jEo1402mpNKdgBouRcybKFDyTqI5jQLJ28H4du63J1wboeJHnCbcj+gwFqFgFK3kPyg54YYgNWPi9csVt+ouQNaJl5MK5Gj0y1+9gWJpxGNkkhrT9dwE/YxqFEzyWamXGp5QNqZD3rU0phE3frY4ekYurDIgodK2YiQL9fdERiNjplFgOyOKI7PqzcX/vG6K4bWfiThJkcdsuShMJUFF5gmQgdCcoZxaQpkW9lbCRlRThjankg3BW315nbRqVc+teve1Sv0mj6MIZ3AOl+DBFdThDhrQBAZP8Ayv8OZMnBfn3flYthacfOYU/sD5/AEMH5Ga</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit>

Solves task
<latexit sha1_base64="vHe9mN3flA+xmkcJNFXcKeX8kHA=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix68VjRfkAayma7aZdusmF3UiihP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUykMuu63s7G5tb2zW9or7x8cHh1XTk7bRmWa8RZTUuluSA2XIuEtFCh5N9WcxqHknXB8N/c7E66NUMkTTlMexHSYiEgwilbyH5WccEOQmnG/UnVr7gJknXgFqUKBZr/y1RsolsU8QSapMb7nphjkVKNgks/KvczwlLIxHXLf0oTG3AT54uQZubTKgERK20qQLNTfEzmNjZnGoe2MKY7MqjcX//P8DKObIBdJmiFP2HJRlEmCisz/JwOhOUM5tYQyLeythI2opgxtSmUbgrf68jpp12ueW/Me6tXGbRFHCc7hAq7Ag2towD00oQUMFDzDK7w56Lw4787HsnXDKWbO4A+czx8+nJE1</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit>

2<latexit sha1_base64="yq8/5g8NcY6cy0ADZKiGUGrj1YY=">AAAB6HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0UhJtLCGRjwQuZG+Zg5W9vcvungm58AtsLDTG1p9k579xgSsUfMkkL+/NZGZekAiujet+O4Wt7Z3dveJ+6eDw6PikfHrW0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0buF3n1BpHssHM0vQj+hY8pAzaqzUqg3LFbfqLkE2iZeTCuRoDstfg1HM0gilYYJq3ffcxPgZVYYzgfPSINWYUDalY+xbKmmE2s+Wh87JlVVGJIyVLWnIUv09kdFI61kU2M6Imole9xbif14/NWHdz7hMUoOSrRaFqSAmJouvyYgrZEbMLKFMcXsrYROqKDM2m5INwVt/eZN0alXPrXqtWqVxm8dRhAu4hGvw4AYacA9NaAMDhGd4hTfn0Xlx3p2PVWvByWfO4Q+czx97gYy0</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

Simple
<latexit sha1_base64="zFVvUIF9Z2hD+LDeFqir1+TO8Qw=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvMJWt2947dPSGE/AcbC0Vs/T92/hs3yRWa+GDg8d4MM/OiVHBjff/bW1vf2NzaLuwUd/f2Dw5LR8dNk2SaYYMlItHtiBoUXGHDciuwnWqkMhLYikY3M7/1hNrwRD3YcYqhpAPFY86odVLznstUYK9U9iv+HGSVBDkpQ456r/TV7Scsk6gsE9SYTuCnNpxQbTkTOC12M4MpZSM6wI6jiko04WR+7ZScO6VP4kS7UpbM1d8TEyqNGcvIdUpqh2bZm4n/eZ3MxlfhhKs0s6jYYlGcCWITMnud9LlGZsXYEco0d7cSNqSaMusCKroQguWXV0mzWgn8SnBXLdeu8zgKcApncAEBXEINbqEODWDwCM/wCm9e4r14797HonXNy2dO4A+8zx+W+48e</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit>

functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>

the tasks
<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

simplicity bias
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task gradient
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Figure 7. The Simplicity Bias Hypothesis: Larger models have
larger coverage of all possible ways to fit the same data. However,
the implicit simplicity biases of deep networks encourage larger
models to find the simplest of these solutions.

The Simplicity Bias Hypothesis

Deep networks are biased toward finding simple fits
to the data, and the bigger the model, the stronger
the bias. Therefore, as models get bigger, we should
expect convergence to a smaller solution space.

Such simplicity bias could be coming from explicit reg-
ularization R(f) commonly used in deep learning (e.g.,
weight decay and dropout). However, even in the absence
of external influences, deep networks naturally adhere to
Occam’s razor, implicitly favoring simple solutions that fit
the data (Solomonoff, 1964; Gunasekar et al., 2018; Arora
et al., 2019a; Valle-Perez et al., 2019; Huh et al., 2023; Din-
gle et al., 2018; Goldblum et al., 2023). Figure 7 visualizes
how simplicity bias can drive convergence.

4. What representation are we converging to?
By now, we hope to have convinced the reader that task and
data pressures, combined with increasing model capacity,
can lead to convergence. We next turn our attention to what
exactly is the endpoint of all this convergence.

Our central hypothesis, stated in Figure 1, is that the rep-
resentation we are converging toward is a statistical model
of the underlying reality that generates our observations.
Consistent with the multitask scaling hypothesis, such a rep-
resentation would naturally be useful toward many tasks (or
at least toward any task grounded in reality). Additionally,
this representation might be relatively simple, assuming that
scientists are correct in suggesting that the fundamental laws
of nature are indeed simple functions (Gell-Mann, 1995), in
line with the simplicity bias hypothesis.

But what exactly do we mean by “a statistical model of the
underlying reality.” In this section, we formalize one defi-
nition with concrete mathematical statements. Importantly,
this section should be read as just one concrete candidate
for the form of the platonic representation; other candidates
could be arrived at from other modeling assumptions.

4.1. An idealized world

We consider a world that works as follows, consistent with
the cartoon in Figure 1. The world consists of a sequence
of T discrete events, denoted as Z , [z1, . . . , zT ], sampled
from some unknown distribution P(Z). Each event can be
observed in various ways. An observation is a bijective,
deterministic function obs : Z ! · that maps events to an
arbitrary measurement space, such as pixels, sounds, mass,
force, torque, words, etc. Later, in Section 6, we discuss
limitations and potential extensions to continuous and un-
bounded worlds, and stochastic observations, that could
yield a model that better reflects real learning scenarios.

One can think of an event as corresponding to the state of
the world at some point in time3, but it is also fine to simply
consider an event as any variable that indexes observations,
with no further physical meaning4.

In this idealized world, knowing P(Z) would be useful for
many kinds of predictions; this would constitute a world
model over the events that cause our observations (Werbos,
1987; Ha & Schmidhuber, 2018; Richens & Everitt, 2024).
We will next show that a particular representation of P(Z)
is recovered by certain contrastive learners.

4.2. A family of contrastive learners converge to a
representation of P(Z)

Consider a contrastive learner that models observations that
cooccur together. For simplicity, we ground our discussion
with the following definition of the cooccurrence proba-
bility, Pcoor, of two observations xa and xb both occurring
within some window Twindow:

Pcoor(xa, xb) /
X

(t,t0) : |t�t0|Twindow

P(Xt = xa, Xt0 = xb).

Analogously, we can define Pcoor for Z and other observa-
tion modalities. Note that Pcoor is symmetric.

Consider positive pairs as two observations nearby in time
(sampled from Pcoor) and negative pairs as observations

3Here we only analyze temporal sequences, but note that the
same could be done with respect to events laid out in space instead.

4This latter interpretation may be more consistent with Plato’s
intent. Scholars have argued that his allegory of the cave rejects
any notion of a true world state (Nettleship, 1897). Instead, we
could say that the joint distribution of observation indices is itself
the platonic reality.
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The Platonic Representation Hypothesis

Figure 4. Alignment predicts downstream performance: We visualize correlation between LLM alignment score to DINOv2 (Oquab
et al., 2023) and downstream task performance on Hellaswag (common-sense) (Zellers et al., 2019) and GSM8K (math) (Cobbe et al.,
2021). LLMs are plotted with radii proportional to the size of the model, and color-coded by their rank order in language modeling scores
(1� bits-per-byte). We observe that models aligned more closely with vision also show better performance on downstream language
tasks. For Hellaswag, there is a linear relationship with alignment score, while GSM8K exhibits an “emergence”-esque trend.

models, as shown in Figure 3. The converse effect also
holds: the better a vision models is, the more it tends to
align with LLMs. See Appendix C.2 for more details.

2.4. Models are increasingly aligning to brains

Neural networks also show substantial alignment with bi-
ological representations in the brain (Yamins et al., 2014).
This commonality may be due to similarities in the task and
data constraints both systems are confronted with. Even
though the mediums may differ – silicon transistors ver-
sus biological neurons – the fundamental problem faced
by brains and machines is the same: efficiently extracting
and understanding the underlying structure in images, text,
sounds, etc (Barlow et al., 1961; Olshausen & Field, 1997).
The tasks that the human visual system has been honed to
perform through evolution – like segmentation, detection,
and whole-image classification – are also the ones that we
train our neural nets to perform. Yamins et al. (2014) went
as far as to title their work in the spirit that performance over
such tasks implies brain alignment. Further, Conwell et al.
(2022) showed that training data plays a large role in align-
ment. Psychophysical studies have also shown agreement
between how humans perceive visual similarity and how
models do, even when the models are trained on tasks, such
as self-supervised prediction, that are seemingly unrelated
to mimicking human perception (Zhang et al., 2018).

2.5. Does alignment predict downstream performance?

If models are converging towards a more accurate represen-
tation of reality, we expect that alignment should correspond
to improved performance on downstream tasks. Figure 4
supports this hypothesis by demonstrating improved per-
formance on commonsense reasoning (Hellaswag; Zellers
et al. (2019)) and mathematical problem solving (GSM8K;
Cobbe et al. (2021)) as alignment improves.

3. Why are representations converging?
Modern machine learning models are generally trained to
minimize the empirical risk with possible implicit and/or
explicit regularization:

trained model

f⇤ = arg min
f2 F

function class

Ex⇠ dataset [

training objective

L (f, x)] + R
regularization

(f)

In the following sections, we lay out how each colored
component in this optimization process potentially plays a
role in facilitating representational convergence.

3.1. Convergence via Task Generality

Each training datapoint and objective (task) places an addi-
tional constraint on the model. As data and tasks scale, the
volume of representations that satisfy these constraints must
proportionately grow smaller, as visualized in Figure 6 and
stated below:

The Multitask Scaling Hypothesis

There are fewer representations that are competent
for N tasks than there are for M < N tasks. As we
train more general models that solve more tasks at
once, we should expect fewer possible solutions.

This has been previously termed as the Contravariance prin-
ciple by Cao & Yamins (2024), which states that the set of
solutions to an easy goal is large, while the set of solutions
to a challenging goal is comparatively smaller. Moreover,
we argue that this narrower solution set also generalizes
better. As data scales, models that optimize the empirical
risk Ex⇠ dataset [L(f, x)] also improve on the population risk
Ex⇠ reality [L(f, x)], and become better at capturing statisti-
cal structures of the true data generating process (reality).
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Scale up
<latexit sha1_base64="ctwBWq2U9QXa7DTNTrIa0ueuveo=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfMwYa9vWN3z4Rc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSATXxnW/ncLG5tb2TnG3tLd/cHhUPj5p6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8O/fbT6g0j+WjmSboR3QoecgZNVbqPDAqkKRJv1xxq+4CZJ14OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4K/VSjQllYzrErqWSRqj9bHHvjFxYZUDCWNmShizU3xMZjbSeRoHtjKgZ6VVvLv7ndVMTXvsZl0lqULLlojAVxMRk/jwZcIXMiKkllClubyVsRBVlxkZUsiF4qy+vk1at6rlV775Wqd/kcRThDM7hEjy4gjrcQQOawEDAM7zCmzNxXpx352PZWnDymVP4A+fzB6uuj7U=</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit><latexit sha1_base64="hOETAKy0LkJCk7ZKzpax/aB3fFU=">AAACFHicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sVQ0D0iWMDu5mwyZnV1mZoWw5CcsbPwVGxFbCzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxhfzfz2AyrNY3lvJgn6ER1KHnJGjZU6d4wKJGnSL1fcqjsHWSVeTiqQ43/xfvmzN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n8qCk5s8qAhLGyTxoyV39OZDTSehIFNhlRM9LL3kz8y+umJqz7GZdJalCyxaIwFcTEZNYQGXCFzIiJJZQpbv9K2IgqyoztsWRP95YPXSWtWtVzq95trdK4zDsrwgmcwjl4cAENuIYbaAIDAY/wDK/Ok/PivDnvi2jByWeO4Recj29uZpcu</latexit>

architectures
<latexit sha1_base64="HxVNIkMHx1zZk5+9XhEjo2dCrT0=">AAAB9XicbVDLTgJBEOz1ifhCPXqZSEw8kV0ueiR68YiJPBJYyezQwITZR2Z6NWTDf3jxoDFe/Rdv/o0D7EHBSjqpVHWnuytIlDTkut/O2vrG5tZ2Yae4u7d/cFg6Om6aONUCGyJWsW4H3KCSETZIksJ2opGHgcJWML6Z+a1H1EbG0T1NEvRDPozkQApOVnpgXIuRJBSUajS9UtmtuHOwVeLlpAw56r3SV7cfizTEiITixnQ8NyE/45qkUDgtdlODCRdjPsSOpREP0fjZ/OopO7dKnw1ibSsiNld/T2Q8NGYSBrYz5DQyy95M/M/rpDS48jMZJSlhJBaLBqliFLNZBKwvtX1YTSzhQkt7KxMjrrkgG1TRhuAtv7xKmtWK51a8u2q5dp3HUYBTOIML8OASanALdWiAAA3P8ApvzpPz4rw7H4vWNSefOYE/cD5/AKmokpo=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit><latexit sha1_base64="1Bw8ZUC5PEBHtAaJdkh29WJ9Gbc=">AAACGnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzgCSG2cndZMjsg5m7QljyHxY2/oqNiJ3Y+DdOki00sfDAwOGcc7lzj58oach1v5yV1bX1jc3CVnF7Z3dvv3Rw2DBxqgXWRaxi3fK5QSUjrJMkha1EIw99hU1/dDX1mw+ojYyjOxon2A35IJKBFJysdM+4FkNJKCjVaHqlsltxZ2DLxMtJGXL8L94rfXT6sUhDjEgobkzbcxPqZlyTFAonxU5qMOFixAfYtjTiIZpuNjttwk6t0mdBrO2LiM3UnxMZD40Zh75NhpyGZtGbin957ZSCi24moyQljMR8UZAqRjGb9sT6UttW1NgSLrS0f2ViyDUXZNss2tO9xUOXSaNa8dyKd1st1y7zzgpwDCdwBh6cQw2u4QbqIEDDIzzDq/PkvDhvzvs8uuLkM0fwC87nN8+rmhM=</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>

space 1
<latexit sha1_base64="18Zjza79/9bv33YsePIgOfZKpy8=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSJ4Kru96LHoxWMF+wHtUrLpbBuaZJckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycyLUsGN9f1vb2Nza3tnt7RX3j84PDqunJy2TZJphi2WiER3I2pQcIUty63AbqqRykhgJ5rczf3OE2rDE/VopymGko4Ujzmj1kkdk1KGJBhUqn7NX4Csk6AgVSjQHFS++sOEZRKVZYIa0wv81IY51ZYzgbNyPzPoRk/oCHuOKirRhPli3Rm5dMqQxIl2T1myUH935FQaM5WRq5TUjs2qNxf/83qZjW/CnKs0s6jY8qM4E8QmZH47GXKNzIqpI5Rp7nYlbEw1ZdYlVHYhBKsnr5N2vRb4teChXm3cFnGU4Bwu4AoCuIYG3EMTWsBgAs/wCm9e6r14797HsnTDK3rO4A+8zx+q2I8b</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit><latexit sha1_base64="mPJ5vUjtI9Z3NJNiQlWfck9DNEk=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGxO+7Va/mzUFWiV+QKhT433jf/ewNEpbFKA0TVOuu76UmyKkynAmcVnqZRnt/TIfYtVTSGHWQzzNNyZlVBiRKlH3SkLn6cyOnsdaTOLSTMTUjvezNxL+8bmaiyyDnMs0MSrY4FGWCmITMCiIDrpAZMbGEMsXtXwkbUUWZsTVWbHR/OegqadVrvlfz7+rVxlXRWRlO4BTOwYcLaMAN3EITGIzhEZ7h1XlyXpw3530xWnKKnWP4BefjG1iblpQ=</latexit>

space 2
<latexit sha1_base64="X7UBoVQavr21YMAA6C/nQxPP8Nc=">AAAB7nicbVBNSwMxEJ34WetX1aOXYBE8ld1e9Fj04rGC/YB2Kdl0tg3NZpckK5SlP8KLB0W8+nu8+W9M2z1o64PA472ZycwLUymM9bxvsrG5tb2zW9or7x8cHh1XTk7bJsk0xxZPZKK7ITMohcKWFVZiN9XI4lBiJ5zczf3OE2ojEvVopykGMRspEQnOrJM6JmUcaX1QqXo1bwG6TvyCVKFAc1D56g8TnsWoLJfMmJ7vpTbImbaCS5yV+5lBN3rCRthzVLEYTZAv1p3RS6cMaZRo95SlC/V3R85iY6Zx6CpjZsdm1ZuL/3m9zEY3QS5UmllUfPlRlElqEzq/nQ6FRm7l1BHGtXC7Uj5mmnHrEiq7EPzVk9dJu17zvZr/UK82bos4SnAOF3AFPlxDA+6hCS3gMIFneIU3kpIX8k4+lqUbpOg5gz8gnz+sXI8c</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit><latexit sha1_base64="C++06etgmcd/smPxZYwdqkM+dyM=">AAACE3icjVC7SgNBFL0bXzG+Vi1tBoNgFXbTaBm0sVQwD0iWMDu5mwyZnV1mZoWw5CMsbPwVGxFbGzv/xkmyhSYWHhg4nHMvd84JU8G18bwvp7S2vrG5Vd6u7Ozu7R+4h0ctnWSKYZMlIlGdkGoUXGLTcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkptnVKGpN53q17Nm4OsEr8gVSjwv/G++9kbJCyLURomqNZd30tNkFNlOBM4rfQyjfb+mA6xa6mkMeogn2eakjOrDEiUKPukIXP150ZOY60ncWgnY2pGetmbiX953cxEl0HOZZoZlGxxKMoEMQmZFUQGXCEzYmIJZYrbvxI2oooyY2us2Oj+ctBV0qrXfK/m39WrjauiszKcwCmcgw8X0IAbuIUmMBjDIzzDq/PkvDhvzvtitOQUO8fwC87HN1pElpU=</latexit>

Hypothesis
<latexit sha1_base64="cMheVzeaFOxQm33/2jltUVmfiJc=">AAAB8XicbVBNS8NAEN34WetX1aOXYBE8laQXPRa99FjBfmAbymY7aZdudsPuRAih/8KLB0W8+m+8+W/ctjlo64OBx3szzMwLE8ENet63s7G5tb2zW9or7x8cHh1XTk47RqWaQZspoXQvpAYEl9BGjgJ6iQYahwK64fRu7nefQBuu5ANmCQQxHUsecUbRSo/NLFE4AcPNsFL1at4C7jrxC1IlBVrDytdgpFgag0QmqDF930swyKlGzgTMyoPUQELZlI6hb6mkMZggX1w8cy+tMnIjpW1JdBfq74mcxsZkcWg7Y4oTs+rNxf+8forRTZBzmaQIki0XRalwUbnz990R18BQZJZQprm91WUTqilDG1LZhuCvvrxOOvWa79X8+3q1cVvEUSLn5IJcEZ9ckwZpkhZpE0YkeSav5M0xzovz7nwsWzecYuaM/IHz+QPnipEM</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit><latexit sha1_base64="B+b/jF1gJbxAde33GnB653x9wZc=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrtptAzapFQwD0yWMDu5mwyZnVlmZoUl5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCmvrG5tbxe3Szu7e/kH58KilZaooNqnkUnVCopEzgU3DDMdOopDEIcd2OL6e+e0HVJpJcWeyBIOYDAWLGCXGSveNLJFmhJrpfrniVb053FXi56QCOf4X75c/ewNJ0xiFoZxo3fW9xAQTogyjHKelXqoxIXRMhti1VJAYdTCZnzV1z6wycCOp7BPGnas/JyYk1jqLQ5uMiRnpZW8m/uV1UxNdBhMmktSgoItFUcpdI91ZR+6AKaSGZ5YQqpj9q0tHRBFqbJMle7q/fOgqadWqvlf1b2uV+lXeWRFO4BTOwYcLqEMDbqAJFAQ8wjO8Ok/Oi/PmvC+iBSefOYZfcD6+Adk7mIU=</latexit>
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1 Introduction

optimum

1

Model size

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

Simple
<latexit sha1_base64="zFVvUIF9Z2hD+LDeFqir1+TO8Qw=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvMJWt2947dPSGE/AcbC0Vs/T92/hs3yRWa+GDg8d4MM/OiVHBjff/bW1vf2NzaLuwUd/f2Dw5LR8dNk2SaYYMlItHtiBoUXGHDciuwnWqkMhLYikY3M7/1hNrwRD3YcYqhpAPFY86odVLznstUYK9U9iv+HGSVBDkpQ456r/TV7Scsk6gsE9SYTuCnNpxQbTkTOC12M4MpZSM6wI6jiko04WR+7ZScO6VP4kS7UpbM1d8TEyqNGcvIdUpqh2bZm4n/eZ3MxlfhhKs0s6jYYlGcCWITMnud9LlGZsXYEco0d7cSNqSaMusCKroQguWXV0mzWgn8SnBXLdeu8zgKcApncAEBXEINbqEODWDwCM/wCm9e4r14797HonXNy2dO4A+8zx+W+48e</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit>

functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>

the tasks
<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Regularization

Solves task 1
<latexit sha1_base64="51NXQkDypcG/A+WtwXqm2WeyfWo=">AAAB9HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfswYa923N3joRc+B02Fhpj64+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0jEo1402mpNKdgBouRcybKFDyTqI5jQLJ28H4du63J1wboeJHnCbcj+gwFqFgFK3kPyg54YYgNWPi9csVt+ouQNaJl5MK5Gj0y1+9gWJpxGNkkhrT9dwE/YxqFEzyWamXGp5QNqZD3rU0phE3frY4ekYurDIgodK2YiQL9fdERiNjplFgOyOKI7PqzcX/vG6K4bWfiThJkcdsuShMJUFF5gmQgdCcoZxaQpkW9lbCRlRThjankg3BW315nbRqVc+teve1Sv0mj6MIZ3AOl+DBFdThDhrQBAZP8Ayv8OZMnBfn3flYthacfOYU/sD5/AEMH5Ga</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit>

Solves task
<latexit sha1_base64="vHe9mN3flA+xmkcJNFXcKeX8kHA=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix68VjRfkAayma7aZdusmF3UiihP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUykMuu63s7G5tb2zW9or7x8cHh1XTk7bRmWa8RZTUuluSA2XIuEtFCh5N9WcxqHknXB8N/c7E66NUMkTTlMexHSYiEgwilbyH5WccEOQmnG/UnVr7gJknXgFqUKBZr/y1RsolsU8QSapMb7nphjkVKNgks/KvczwlLIxHXLf0oTG3AT54uQZubTKgERK20qQLNTfEzmNjZnGoe2MKY7MqjcX//P8DKObIBdJmiFP2HJRlEmCisz/JwOhOUM5tYQyLeythI2opgxtSmUbgrf68jpp12ueW/Me6tXGbRFHCc7hAq7Ag2towD00oQUMFDzDK7w56Lw4787HsnXDKWbO4A+czx8+nJE1</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit>

2<latexit sha1_base64="yq8/5g8NcY6cy0ADZKiGUGrj1YY=">AAAB6HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0UhJtLCGRjwQuZG+Zg5W9vcvungm58AtsLDTG1p9k579xgSsUfMkkL+/NZGZekAiujet+O4Wt7Z3dveJ+6eDw6PikfHrW0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0buF3n1BpHssHM0vQj+hY8pAzaqzUqg3LFbfqLkE2iZeTCuRoDstfg1HM0gilYYJq3ffcxPgZVYYzgfPSINWYUDalY+xbKmmE2s+Wh87JlVVGJIyVLWnIUv09kdFI61kU2M6Imole9xbif14/NWHdz7hMUoOSrRaFqSAmJouvyYgrZEbMLKFMcXsrYROqKDM2m5INwVt/eZN0alXPrXqtWqVxm8dRhAu4hGvw4AYacA9NaAMDhGd4hTfn0Xlx3p2PVWvByWfO4Q+czx97gYy0</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

task gradient
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Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.
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The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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and scaling model size, as well as data and task diversity, drives
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• World consists of a sequence of T discrete events
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<latexit sha1_base64="zFVvUIF9Z2hD+LDeFqir1+TO8Qw=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvMJWt2947dPSGE/AcbC0Vs/T92/hs3yRWa+GDg8d4MM/OiVHBjff/bW1vf2NzaLuwUd/f2Dw5LR8dNk2SaYYMlItHtiBoUXGHDciuwnWqkMhLYikY3M7/1hNrwRD3YcYqhpAPFY86odVLznstUYK9U9iv+HGSVBDkpQ456r/TV7Scsk6gsE9SYTuCnNpxQbTkTOC12M4MpZSM6wI6jiko04WR+7ZScO6VP4kS7UpbM1d8TEyqNGcvIdUpqh2bZm4n/eZ3MxlfhhKs0s6jYYlGcCWITMnud9LlGZsXYEco0d7cSNqSaMusCKroQguWXV0mzWgn8SnBXLdeu8zgKcApncAEBXEINbqEODWDwCM/wCm9e4r14797HonXNy2dO4A+8zx+W+48e</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit>

functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>

the tasks
<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

Figure 7. The Simplicity Bias Hypothesis: Larger models have
larger coverage of all possible ways to fit the same data. However,
the implicit simplicity biases of deep networks encourage larger
models to find the simplest of these solutions.

The Simplicity Bias Hypothesis

Deep networks are biased toward finding simple fits
to the data, and the bigger the model, the stronger
the bias. Therefore, as models get bigger, we should
expect convergence to a smaller solution space.

Such simplicity bias could be coming from explicit reg-
ularization R(f) commonly used in deep learning (e.g.,
weight decay and dropout). However, even in the absence
of external influences, deep networks naturally adhere to
Occam’s razor, implicitly favoring simple solutions that fit
the data (Solomonoff, 1964; Gunasekar et al., 2018; Arora
et al., 2019a; Valle-Perez et al., 2019; Huh et al., 2023; Din-
gle et al., 2018; Goldblum et al., 2023). Figure 7 visualizes
how simplicity bias can drive convergence.

4. What representation are we converging to?
By now, we hope to have convinced the reader that task and
data pressures, combined with increasing model capacity,
can lead to convergence. We next turn our attention to what
exactly is the endpoint of all this convergence.

Our central hypothesis, stated in Figure 1, is that the rep-
resentation we are converging toward is a statistical model
of the underlying reality that generates our observations.
Consistent with the multitask scaling hypothesis, such a rep-
resentation would naturally be useful toward many tasks (or
at least toward any task grounded in reality). Additionally,
this representation might be relatively simple, assuming that
scientists are correct in suggesting that the fundamental laws
of nature are indeed simple functions (Gell-Mann, 1995), in
line with the simplicity bias hypothesis.

But what exactly do we mean by “a statistical model of the
underlying reality.” In this section, we formalize one defi-
nition with concrete mathematical statements. Importantly,
this section should be read as just one concrete candidate
for the form of the platonic representation; other candidates
could be arrived at from other modeling assumptions.

4.1. An idealized world

We consider a world that works as follows, consistent with
the cartoon in Figure 1. The world consists of a sequence
of T discrete events, denoted as Z , [z1, . . . , zT ], sampled
from some unknown distribution P(Z). Each event can be
observed in various ways. An observation is a bijective,
deterministic function obs : Z ! · that maps events to an
arbitrary measurement space, such as pixels, sounds, mass,
force, torque, words, etc. Later, in Section 6, we discuss
limitations and potential extensions to continuous and un-
bounded worlds, and stochastic observations, that could
yield a model that better reflects real learning scenarios.

One can think of an event as corresponding to the state of
the world at some point in time3, but it is also fine to simply
consider an event as any variable that indexes observations,
with no further physical meaning4.

In this idealized world, knowing P(Z) would be useful for
many kinds of predictions; this would constitute a world
model over the events that cause our observations (Werbos,
1987; Ha & Schmidhuber, 2018; Richens & Everitt, 2024).
We will next show that a particular representation of P(Z)
is recovered by certain contrastive learners.

4.2. A family of contrastive learners converge to a
representation of P(Z)

Consider a contrastive learner that models observations that
cooccur together. For simplicity, we ground our discussion
with the following definition of the cooccurrence proba-
bility, Pcoor, of two observations xa and xb both occurring
within some window Twindow:

Pcoor(xa, xb) /
X

(t,t0) : |t�t0|Twindow

P(Xt = xa, Xt0 = xb).

Analogously, we can define Pcoor for Z and other observa-
tion modalities. Note that Pcoor is symmetric.

Consider positive pairs as two observations nearby in time
(sampled from Pcoor) and negative pairs as observations

3Here we only analyze temporal sequences, but note that the
same could be done with respect to events laid out in space instead.

4This latter interpretation may be more consistent with Plato’s
intent. Scholars have argued that his allegory of the cave rejects
any notion of a true world state (Nettleship, 1897). Instead, we
could say that the joint distribution of observation indices is itself
the platonic reality.
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The Platonic Representation Hypothesis

Solves task 1
<latexit sha1_base64="51NXQkDypcG/A+WtwXqm2WeyfWo=">AAAB9HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfswYa923N3joRc+B02Fhpj64+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0jEo1402mpNKdgBouRcybKFDyTqI5jQLJ28H4du63J1wboeJHnCbcj+gwFqFgFK3kPyg54YYgNWPi9csVt+ouQNaJl5MK5Gj0y1+9gWJpxGNkkhrT9dwE/YxqFEzyWamXGp5QNqZD3rU0phE3frY4ekYurDIgodK2YiQL9fdERiNjplFgOyOKI7PqzcX/vG6K4bWfiThJkcdsuShMJUFF5gmQgdCcoZxaQpkW9lbCRlRThjankg3BW315nbRqVc+teve1Sv0mj6MIZ3AOl+DBFdThDhrQBAZP8Ayv8OZMnBfn3flYthacfOYU/sD5/AEMH5Ga</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit>

Solves task
<latexit sha1_base64="vHe9mN3flA+xmkcJNFXcKeX8kHA=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix68VjRfkAayma7aZdusmF3UiihP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUykMuu63s7G5tb2zW9or7x8cHh1XTk7bRmWa8RZTUuluSA2XIuEtFCh5N9WcxqHknXB8N/c7E66NUMkTTlMexHSYiEgwilbyH5WccEOQmnG/UnVr7gJknXgFqUKBZr/y1RsolsU8QSapMb7nphjkVKNgks/KvczwlLIxHXLf0oTG3AT54uQZubTKgERK20qQLNTfEzmNjZnGoe2MKY7MqjcX//P8DKObIBdJmiFP2HJRlEmCisz/JwOhOUM5tYQyLeythI2opgxtSmUbgrf68jpp12ueW/Me6tXGbRFHCc7hAq7Ag2towD00oQUMFDzDK7w56Lw4787HsnXDKWbO4A+czx8+nJE1</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit>

2<latexit sha1_base64="yq8/5g8NcY6cy0ADZKiGUGrj1YY=">AAAB6HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0UhJtLCGRjwQuZG+Zg5W9vcvungm58AtsLDTG1p9k579xgSsUfMkkL+/NZGZekAiujet+O4Wt7Z3dveJ+6eDw6PikfHrW0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0buF3n1BpHssHM0vQj+hY8pAzaqzUqg3LFbfqLkE2iZeTCuRoDstfg1HM0gilYYJq3ffcxPgZVYYzgfPSINWYUDalY+xbKmmE2s+Wh87JlVVGJIyVLWnIUv09kdFI61kU2M6Imole9xbif14/NWHdz7hMUoOSrRaFqSAmJouvyYgrZEbMLKFMcXsrYROqKDM2m5INwVt/eZN0alXPrXqtWqVxm8dRhAu4hGvw4AYacA9NaAMDhGd4hTfn0Xlx3p2PVWvByWfO4Q+czx97gYy0</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

Simple
<latexit sha1_base64="zFVvUIF9Z2hD+LDeFqir1+TO8Qw=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvMJWt2947dPSGE/AcbC0Vs/T92/hs3yRWa+GDg8d4MM/OiVHBjff/bW1vf2NzaLuwUd/f2Dw5LR8dNk2SaYYMlItHtiBoUXGHDciuwnWqkMhLYikY3M7/1hNrwRD3YcYqhpAPFY86odVLznstUYK9U9iv+HGSVBDkpQ456r/TV7Scsk6gsE9SYTuCnNpxQbTkTOC12M4MpZSM6wI6jiko04WR+7ZScO6VP4kS7UpbM1d8TEyqNGcvIdUpqh2bZm4n/eZ3MxlfhhKs0s6jYYlGcCWITMnud9LlGZsXYEco0d7cSNqSaMusCKroQguWXV0mzWgn8SnBXLdeu8zgKcApncAEBXEINbqEODWDwCM/wCm9e4r14797HonXNy2dO4A+8zx+W+48e</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit>

functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>

the tasks
<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

Figure 7. The Simplicity Bias Hypothesis: Larger models have
larger coverage of all possible ways to fit the same data. However,
the implicit simplicity biases of deep networks encourage larger
models to find the simplest of these solutions.

The Simplicity Bias Hypothesis

Deep networks are biased toward finding simple fits
to the data, and the bigger the model, the stronger
the bias. Therefore, as models get bigger, we should
expect convergence to a smaller solution space.

Such simplicity bias could be coming from explicit reg-
ularization R(f) commonly used in deep learning (e.g.,
weight decay and dropout). However, even in the absence
of external influences, deep networks naturally adhere to
Occam’s razor, implicitly favoring simple solutions that fit
the data (Solomonoff, 1964; Gunasekar et al., 2018; Arora
et al., 2019a; Valle-Perez et al., 2019; Huh et al., 2023; Din-
gle et al., 2018; Goldblum et al., 2023). Figure 7 visualizes
how simplicity bias can drive convergence.

4. What representation are we converging to?
By now, we hope to have convinced the reader that task and
data pressures, combined with increasing model capacity,
can lead to convergence. We next turn our attention to what
exactly is the endpoint of all this convergence.

Our central hypothesis, stated in Figure 1, is that the rep-
resentation we are converging toward is a statistical model
of the underlying reality that generates our observations.
Consistent with the multitask scaling hypothesis, such a rep-
resentation would naturally be useful toward many tasks (or
at least toward any task grounded in reality). Additionally,
this representation might be relatively simple, assuming that
scientists are correct in suggesting that the fundamental laws
of nature are indeed simple functions (Gell-Mann, 1995), in
line with the simplicity bias hypothesis.

But what exactly do we mean by “a statistical model of the
underlying reality.” In this section, we formalize one defi-
nition with concrete mathematical statements. Importantly,
this section should be read as just one concrete candidate
for the form of the platonic representation; other candidates
could be arrived at from other modeling assumptions.

4.1. An idealized world

We consider a world that works as follows, consistent with
the cartoon in Figure 1. The world consists of a sequence
of T discrete events, denoted as Z , [z1, . . . , zT ], sampled
from some unknown distribution P(Z). Each event can be
observed in various ways. An observation is a bijective,
deterministic function obs : Z ! · that maps events to an
arbitrary measurement space, such as pixels, sounds, mass,
force, torque, words, etc. Later, in Section 6, we discuss
limitations and potential extensions to continuous and un-
bounded worlds, and stochastic observations, that could
yield a model that better reflects real learning scenarios.

One can think of an event as corresponding to the state of
the world at some point in time3, but it is also fine to simply
consider an event as any variable that indexes observations,
with no further physical meaning4.

In this idealized world, knowing P(Z) would be useful for
many kinds of predictions; this would constitute a world
model over the events that cause our observations (Werbos,
1987; Ha & Schmidhuber, 2018; Richens & Everitt, 2024).
We will next show that a particular representation of P(Z)
is recovered by certain contrastive learners.

4.2. A family of contrastive learners converge to a
representation of P(Z)

Consider a contrastive learner that models observations that
cooccur together. For simplicity, we ground our discussion
with the following definition of the cooccurrence proba-
bility, Pcoor, of two observations xa and xb both occurring
within some window Twindow:

Pcoor(xa, xb) /
X

(t,t0) : |t�t0|Twindow

P(Xt = xa, Xt0 = xb).

Analogously, we can define Pcoor for Z and other observa-
tion modalities. Note that Pcoor is symmetric.

Consider positive pairs as two observations nearby in time
(sampled from Pcoor) and negative pairs as observations

3Here we only analyze temporal sequences, but note that the
same could be done with respect to events laid out in space instead.

4This latter interpretation may be more consistent with Plato’s
intent. Scholars have argued that his allegory of the cave rejects
any notion of a true world state (Nettleship, 1897). Instead, we
could say that the joint distribution of observation indices is itself
the platonic reality.
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The Platonic Representation Hypothesis

Solves task 1
<latexit sha1_base64="51NXQkDypcG/A+WtwXqm2WeyfWo=">AAAB9HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtLDHKRwIXsrfswYa923N3joRc+B02Fhpj64+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0jEo1402mpNKdgBouRcybKFDyTqI5jQLJ28H4du63J1wboeJHnCbcj+gwFqFgFK3kPyg54YYgNWPi9csVt+ouQNaJl5MK5Gj0y1+9gWJpxGNkkhrT9dwE/YxqFEzyWamXGp5QNqZD3rU0phE3frY4ekYurDIgodK2YiQL9fdERiNjplFgOyOKI7PqzcX/vG6K4bWfiThJkcdsuShMJUFF5gmQgdCcoZxaQpkW9lbCRlRThjankg3BW315nbRqVc+teve1Sv0mj6MIZ3AOl+DBFdThDhrQBAZP8Ayv8OZMnBfn3flYthacfOYU/sD5/AEMH5Ga</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit><latexit sha1_base64="FW6agll44/+cHGyWR3ULXYfdBVs=">AAACGXicjVC7TsMwFL3hWcqrwMhiUSExVUkXGCtYGEHQh9RGleM6rVXHCfZNpSrqdzCw8CssCDHCxN/gthmgZeBIlo7OOVfX9wSJFAZd98tZWV1b39gsbBW3d3b39ksHhw0Tp5rxOotlrFsBNVwKxesoUPJWojmNAsmbwfBq6jdHXBsRq3scJ9yPaF+JUDCKVvLvYjnihiA1Q+J1S2W34s5AlomXkzLk+F+8W/ro9GKWRlwhk9SYtucm6GdUo2CST4qd1PCEsiHt87alikbc+Nnssgk5tUqPhLG2TyGZqT8nMhoZM44Cm4woDsyiNxX/8tophhd+JlSSIldsvihMJcGYTGsiPaE5Qzm2hDIt7F8JG1BNGdoyi/Z0b/HQZdKoVjy34t1Wy7XLvLMCHMMJnIEH51CDa7iBOjB4gEd4hlfnyXlx3pz3eXTFyWeO4Becz28Ob5kT</latexit>

Solves task
<latexit sha1_base64="vHe9mN3flA+xmkcJNFXcKeX8kHA=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix68VjRfkAayma7aZdusmF3UiihP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUykMuu63s7G5tb2zW9or7x8cHh1XTk7bRmWa8RZTUuluSA2XIuEtFCh5N9WcxqHknXB8N/c7E66NUMkTTlMexHSYiEgwilbyH5WccEOQmnG/UnVr7gJknXgFqUKBZr/y1RsolsU8QSapMb7nphjkVKNgks/KvczwlLIxHXLf0oTG3AT54uQZubTKgERK20qQLNTfEzmNjZnGoe2MKY7MqjcX//P8DKObIBdJmiFP2HJRlEmCisz/JwOhOUM5tYQyLeythI2opgxtSmUbgrf68jpp12ueW/Me6tXGbRFHCc7hAq7Ag2towD00oQUMFDzDK7w56Lw4787HsnXDKWbO4A+czx8+nJE1</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit>

2<latexit sha1_base64="yq8/5g8NcY6cy0ADZKiGUGrj1YY=">AAAB6HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0UhJtLCGRjwQuZG+Zg5W9vcvungm58AtsLDTG1p9k579xgSsUfMkkL+/NZGZekAiujet+O4Wt7Z3dveJ+6eDw6PikfHrW0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0buF3n1BpHssHM0vQj+hY8pAzaqzUqg3LFbfqLkE2iZeTCuRoDstfg1HM0gilYYJq3ffcxPgZVYYzgfPSINWYUDalY+xbKmmE2s+Wh87JlVVGJIyVLWnIUv09kdFI61kU2M6Imole9xbif14/NWHdz7hMUoOSrRaFqSAmJouvyYgrZEbMLKFMcXsrYROqKDM2m5INwVt/eZN0alXPrXqtWqVxm8dRhAu4hGvw4AYacA9NaAMDhGd4hTfn0Xlx3p2PVWvByWfO4Q+czx97gYy0</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit><latexit sha1_base64="g11zAFHkyS//eho1X0Cng1EOxtU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrtpTBm0sTRgHpAsYXZyNxkyO7vMzAphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5mfudB1Sax/LeTBP0IzqSPOSMGis1a4Nyxa26C5B14uWkAjn+Fx+UP/vDmKURSsME1brnuYnxM6oMZwJnpX6qMaFsQkfYs1TSCLWfLa6ZkQurDEkYK/ukIQv150RGI62nUWCTETVjverNxb+8XmrCup9xmaQGJVsuClNBTEzm1ZAhV8iMmFpCmeL2r4SNqaLM2AJL9nRv9dB10q5VPbfqNWuVxnXeWRHO4BwuwYMraMAt3EELGCA8wjO8Ok/Oi/PmvC+jBSefOYVfcD6+AdgglC0=</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

Simple
<latexit sha1_base64="zFVvUIF9Z2hD+LDeFqir1+TO8Qw=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvMJWt2947dPSGE/AcbC0Vs/T92/hs3yRWa+GDg8d4MM/OiVHBjff/bW1vf2NzaLuwUd/f2Dw5LR8dNk2SaYYMlItHtiBoUXGHDciuwnWqkMhLYikY3M7/1hNrwRD3YcYqhpAPFY86odVLznstUYK9U9iv+HGSVBDkpQ456r/TV7Scsk6gsE9SYTuCnNpxQbTkTOC12M4MpZSM6wI6jiko04WR+7ZScO6VP4kS7UpbM1d8TEyqNGcvIdUpqh2bZm4n/eZ3MxlfhhKs0s6jYYlGcCWITMnud9LlGZsXYEco0d7cSNqSaMusCKroQguWXV0mzWgn8SnBXLdeu8zgKcApncAEBXEINbqEODWDwCM/wCm9e4r14797HonXNy2dO4A+8zx+W+48e</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit><latexit sha1_base64="UD0yK0w0W+mMuOEwUpm4g629bNE=">AAACEnicjVC7TsMwFL0pr1JeBUYWiwqJqUq6wFjBwgiCPqQ2qhz3pjW1k8h2kKqo/8DAwq+wIMTKxMbf4LYZoGXgSJaOzjlX1/cEieDauO6XU1hZXVvfKG6WtrZ3dvfK+wdNHaeKYYPFIlbtgGoUPMKG4UZgO1FIZSCwFYwup37rAZXmcXRnxgn6kg4iHnJGjZWat1wmAnvlilt1ZyDLxMtJBXL8L94rf3b7MUslRoYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY2lEJWo/m500ISdW6ZMwVvZFhszUnxMZlVqPZWCTkpqhXvSm4l9eJzXhuZ/xKEkNRmy+KEwFMTGZ9kP6XCEzYmwJZYrbvxI2pIoyY1ss2dO9xUOXSbNW9dyqd1Or1C/yzopwBMdwCh6cQR2u4BoawOAeHuEZXp0n58V5c97n0YKTzxzCLzgf30Z6lpc=</latexit>

functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>

the tasks
<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

task gradient
<latexit sha1_base64="5gXgYddUQbJOgb2Vbxiy2PQ+7dI=">AAAB9XicbVC7SgNBFL3jM8ZX1NJmMAhWYTeNlkEbywjmAcka7s7OJkNmH8zMKmHJf9hYKGLrv9j5N06SLTTxwMDhnHu4d46fSqGN43yTtfWNza3t0k55d2//4LBydNzWSaYYb7FEJqrro+ZSxLxlhJG8myqOkS95xx/fzPzOI1daJPG9maTci3AYi1AwNFZ6MKjHdKgwEDw2dFCpOjVnDrpK3IJUoUBzUPnqBwnLIhtmErXuuU5qvByVEUzyabmfaZ4iG+OQ9yyNMeLay+dXT+m5VQIaJso+u3yu/k7kGGk9iXw7GaEZ6WVvJv7n9TITXnm5iNPM8JgtFoWZpCahswpoIBRnRk4sQaaEvZWyESpkxhZVtiW4y19eJe16zXVq7l292rgu6ijBKZzBBbhwCQ24hSa0gIGCZ3iFN/JEXsg7+ViMrpEicwJ/QD5/ACplkkU=</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit><latexit sha1_base64="1lG3sUBkK4ERYdL3hQH7d+rY7jA=">AAACGnicjVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lgrmA5IzzO3tJUt2747dPSEc+R8WNv4VGxE7sfHfuEmu0MTCBwOP92aYeROkgmvjul/Oyura+sZmaau8vbO7t185OGzpJFOUNWkiEtUJUDPBY9Y03AjWSRVDGQjWDkZXU7/9wJTmSXxnxinzJQ5iHnGKxkr3BvWIDBSGnMWG9CtVt+bOQJaJV5AqFPhfe7/y0QsTmkm7gQrUuuu5qfFzVIZTwSblXqZZinSEA9a1NEbJtJ/Pok3IqVVCEiXKlr1wpv6cyFFqPZaB7ZRohnrRm4p/ed3MRBd+zuM0Myym80VRJohJyPRPJOSKUSPGliBV3N5K6BAVUmO/WbbRvcWgy6RVr3luzbutVxuXxc9KcAwncAYenEMDruEGmkBBwSM8w6vz5Lw4b877vHXFKWaO4Becz29EH5m+</latexit>

Figure 7. The Simplicity Bias Hypothesis: Larger models have
larger coverage of all possible ways to fit the same data. However,
the implicit simplicity biases of deep networks encourage larger
models to find the simplest of these solutions.

The Simplicity Bias Hypothesis

Deep networks are biased toward finding simple fits
to the data, and the bigger the model, the stronger
the bias. Therefore, as models get bigger, we should
expect convergence to a smaller solution space.

Such simplicity bias could be coming from explicit reg-
ularization R(f) commonly used in deep learning (e.g.,
weight decay and dropout). However, even in the absence
of external influences, deep networks naturally adhere to
Occam’s razor, implicitly favoring simple solutions that fit
the data (Solomonoff, 1964; Gunasekar et al., 2018; Arora
et al., 2019a; Valle-Perez et al., 2019; Huh et al., 2023; Din-
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Pcoor(xa, xb) /
X

(t,t0) : |t�t0|Twindow

P(Xt = xa, Xt0 = xb).
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tion modalities. Note that Pcoor is symmetric.
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We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.
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The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z (i.e. fimg(X) � ftext(Y )),
and scaling model size, as well as data and task diversity, drives
this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
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functions
<latexit sha1_base64="ha6+cYdMcIxvOCs6820nv4vYs8Q=">AAAB8HicbZDLSgMxFIZP6q3WW9Wlm2ARXJWZbnRZdOOygr1IO5RMmmlDk8yQZIQy9CncuFDErY/jzrcx085CW38IfPznHHLOHyaCG+t536i0sbm1vVPereztHxweVY9POiZONWVtGotY90JimOCKtS23gvUSzYgMBeuG09u83n1i2vBYPdhZwgJJxopHnBLrrMcoVTQHM6zWvLq3EF4Hv4AaFGoNq1+DUUxTyZSlghjT973EBhnRllPB5pVBalhC6JSMWd+hIpKZIFssPMcXzhnhKNbuKYsX7u+JjEhjZjJ0nZLYiVmt5eZ/tX5qo+sg4ypJLVN0+VGUCmxjnF+PR1wzasXMAaGau10xnRBNqHUZVVwI/urJ69Bp1H2v7t83as2bIo4ynME5XIIPV9CEO2hBGyhIeIZXeEMavaB39LFsLaFi5hT+CH3+ADubkKs=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit><latexit sha1_base64="L1hfgXbk9HOQP+EH+uD2lOyEqio=">AAACFXicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9IOJZNm2tAkMyQZoQz9Chdu/BU3Im4Fd/6NmXYW2rrwQOBwzrnc3BMmghvreV9oZXVtfWOztFXe3tnd268cHLZMnGrKmjQWse6ExDDBFWtabgXrJJoRGQrWDsdXud9+YNrwWN3ZScICSYaKR5wS66T7KFU0J6ZfqXo1bwa8TPyCVKHA/+L9ymdvENNUMmWpIMZ0fS+xQUa05VSwabmXGpYQOiZD1nVUEclMkM2umuJTpwxwFGv3lMUz9edERqQxExm6pCR2ZBa9XPzL66Y2uggyrpLUMkXni6JUYBvjvCI84JpRKyaOEKq5+yumI6IJta7IsjvdXzx0mbTqNd+r+bf1auOy6KwEx3ACZ+DDOTTgGm6gCRQkPMIzvKIn9ILe0Ps8uoKKmSP4BfTxDSCUmCQ=</latexit>

Functions that solve
<latexit sha1_base64="qY5BReh17p74a3n3nJbos5lx5Kk=">AAAB/XicbZDLSgMxFIYz9VbrrV52boJFcFVmutFlURCXFewF2qFk0kwbmkmG5EyhDsVXceNCEbe+hzvfxkw7C239IfDxn3M4J38QC27Adb+dwtr6xuZWcbu0s7u3f1A+PGoZlWjKmlQJpTsBMUxwyZrAQbBOrBmJAsHawfgmq7cnTBuu5ANMY+ZHZCh5yCkBa/XLJ7eJpBkaDCMC2CgxYf1yxa26c+FV8HKooFyNfvmrN1A0iZgEKogxXc+NwU+JBk4Fm5V6iWExoWMyZF2LkkTM+On8+hk+t84Ah0rbJwHP3d8TKYmMmUaB7YwIjMxyLTP/q3UTCK/8lMs4ASbpYlGYCAwKZ1HgAdeMgphaIFRzeyumI6IJBRtYyYbgLX95FVq1qudWvftapX6dx1FEp+gMXSAPXaI6ukMN1EQUPaJn9IrenCfnxXl3PhatBSefOUZ/5Hz+AI0ilUQ=</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit><latexit sha1_base64="IdZuo/QJSVV7D8Pplh4p+drN71E=">AAACInicjVDLSgMxFM3UV62v8bFzEyyCqzLTjS6LgrhUsA9oh5JJM21oJhmSO4Va+i8u3PgrbkRdCX6MmXYW2rrwQOBwzrnc3BMmghvwvE+nsLK6tr5R3Cxtbe/s7rn7Bw2jUk1ZnSqhdCskhgkuWR04CNZKNCNxKFgzHF5lfnPEtOFK3sM4YUFM+pJHnBKwUtc9uk4lzajBMCCAjRIj1nXLXsWbAS8TPydllON/8a773ukpmsZMAhXEmLbvJRBMiAZOBZuWOqlhCaFD0mdtSyWJmQkmsxOn+NQqPRwpbZ8EPFN/TkxIbMw4Dm0yJjAwi14m/uW1U4guggmXSQpM0vmiKBUYFM76wj2uGQUxtoRQze1fMR0QTSjYVkv2dH/x0GXSqFZ8r+LfVcu1y7yzIjpGJ+gM+egc1dANukV1RNEDekTP6NV5cl6cN+djHi04+cwh+gXn6xsLXpy9</latexit>

the tasks
<latexit sha1_base64="kHNBGIL9Xh/D+2bTV1fyNlwdkTY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiQ5wt5mkyzZ3Tt254Rw5FfYWChi68+x89+4Sa7QxAcDj/dmmJkXJVJY9P1vr7CxubW9U9wt7e0fHB6Vj09aNk4N400Wy9h0Imq5FJo3UaDkncRwqiLJ29Hkdu63n7ixItYPOE14qOhIi6FgFJ30iGNOkNqJ7ZcrftVfgKyTICcVyNHol796g5ilimtkklrbDfwEw4waFEzyWamXWp5QNqEj3nVUU8VtmC0OnpELpwzIMDauNJKF+nsio8raqYpcp6I4tqveXPzP66Y4vA4zoZMUuWbLRcNUEozJ/HsyEIYzlFNHKDPC3UrYmBrK0GVUciEEqy+vk1atGvjV4L5Wqd/kcRThDM7hEgK4gjrcQQOawEDBM7zCm2e8F+/d+1i2Frx85hT+wPv8Ab3BkFk=</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit><latexit sha1_base64="HQzqcZXPyQIUEQ3C41blEr90t9E=">AAACFXicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzkGQJs5PZZMjM7DJzVwghX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BOlUlj0/S9vZXVtfWOzsFXc3tnd2y8dHDZskhnG6yyRiWlF1HIpNK+jQMlbqeFURZI3o+HV1G8+cGNFou9wlPJQ0b4WsWAUnXSPA06Q2qHtlsp+xZ+BLJMgJ2XI8b94t/TZ6SUsU1wjk9TaduCnGI6pQcEknxQ7meUpZUPa521HNVXchuPZVRNy6pQeiRPjnkYyU39OjKmydqQil1QUB3bRm4p/ee0M44twLHSaIddsvijOJMGETCsiPWE4QzlyhDIj3F8JG1BDGboii+70YPHQZdKoVgK/EtxWy7XLvLMCHMMJnEEA51CDa7iBOjBQ8AjP8Oo9eS/em/c+j654+cwR/IL38Q2W4JfS</latexit>

Hypothesis space
<latexit sha1_base64="tLmIljFWhXs/Bu7+r0Wbg/j8TVU="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit><latexit sha1_base64="DEUQt5Kk9QbDYQMJ1vZ14+xLeyc="></latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>

simplicity bias
<latexit sha1_base64="9hYX6Wjy0VHKyxplovop/5+4+qY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0l60WPRi8cK9gPaUDbbTbt0Nwm7EyGW/hIvHhTx6k/x5r9x2+agrQ8GHu/NMDMvTKUw6Hnfzsbm1vbObmmvvH9weFRxj0/aJsk04y2WyER3Q2q4FDFvoUDJu6nmVIWSd8LJ7dzvPHJtRBI/YJ7yQNFRLCLBKFpp4FaMUHYPE5iTUFAzcKtezVuArBO/IFUo0By4X/1hwjLFY2SSGtPzvRSDKdUomOSzcj8zPKVsQke8Z2lMFTfBdHH4jFxYZUiiRNuKkSzU3xNTqozJVWg7FcWxWfXm4n9eL8PoOpiKOM2Qx2y5KMokwYTMUyBDoTlDmVtCmRb2VsLGVFOGNquyDcFffXmdtOs136v59/Vq46aIowRncA6X4MMVNOAOmtACBhk8wyu8OU/Oi/PufCxbN5xi5hT+wPn8Afmyk0U=</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit><latexit sha1_base64="2c5HZptIFuLSIg5wRrHLe0x+A4o=">AAACHXicjVC7SgNBFL3rM8ZHVi1tBoNgFXbTaBm0sVQwD0iWMDuZTYbM7C4zd4Ul5EssbPwVGxELG/FvnCRbaGLhgYHDOfdy55wwlcKg5305a+sbm1vbpZ3y7t7+QcU9PGqZJNOMN1kiE90JqeFSxLyJAiXvpJpTFUreDsfXM7/9wLURSXyPecoDRYexiASjaKW+WzFC2TtMYE5CQU3frXo1bw6ySvyCVKHA/8b77kdvkLBM8RiZpMZ0fS/FYEI1Cib5tNzLDE8pG9Mh71oaU8VNMJmnm5IzqwxIlGj7YiRz9efGhCpjchXaSUVxZJa9mfiX180wugwmIk4z5DFbHIoySTAhs6rIQGjOUOaWUKaF/SthI6opQ1to2Ub3l4Oukla95ns1/65ebVwVnZXgBE7hHHy4gAbcwC00gUEGj/AMr86T8+K8Oe+L0TWn2DmGX3A+vwE0lJq+</latexit>
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Figure 7. The Simplicity Bias Hypothesis: Larger models have
larger coverage of all possible ways to fit the same data. However,
the implicit simplicity biases of deep networks encourage larger
models to find the simplest of these solutions.

The Simplicity Bias Hypothesis

Deep networks are biased toward finding simple fits
to the data, and the bigger the model, the stronger
the bias. Therefore, as models get bigger, we should
expect convergence to a smaller solution space.

Such simplicity bias could be coming from explicit reg-
ularization R(f) commonly used in deep learning (e.g.,
weight decay and dropout). However, even in the absence
of external influences, deep networks naturally adhere to
Occam’s razor, implicitly favoring simple solutions that fit
the data (Solomonoff, 1964; Gunasekar et al., 2018; Arora
et al., 2019a; Valle-Perez et al., 2019; Huh et al., 2023; Din-
gle et al., 2018; Goldblum et al., 2023). Figure 7 visualizes
how simplicity bias can drive convergence.

4. What representation are we converging to?
By now, we hope to have convinced the reader that task and
data pressures, combined with increasing model capacity,
can lead to convergence. We next turn our attention to what
exactly is the endpoint of all this convergence.

Our central hypothesis, stated in Figure 1, is that the rep-
resentation we are converging toward is a statistical model
of the underlying reality that generates our observations.
Consistent with the multitask scaling hypothesis, such a rep-
resentation would naturally be useful toward many tasks (or
at least toward any task grounded in reality). Additionally,
this representation might be relatively simple, assuming that
scientists are correct in suggesting that the fundamental laws
of nature are indeed simple functions (Gell-Mann, 1995), in
line with the simplicity bias hypothesis.

But what exactly do we mean by “a statistical model of the
underlying reality.” In this section, we formalize one defi-
nition with concrete mathematical statements. Importantly,
this section should be read as just one concrete candidate
for the form of the platonic representation; other candidates
could be arrived at from other modeling assumptions.

4.1. An idealized world

We consider a world that works as follows, consistent with
the cartoon in Figure 1. The world consists of a sequence
of T discrete events, denoted as Z , [z1, . . . , zT ], sampled
from some unknown distribution P(Z). Each event can be
observed in various ways. An observation is a bijective,
deterministic function obs : Z ! · that maps events to an
arbitrary measurement space, such as pixels, sounds, mass,
force, torque, words, etc. Later, in Section 6, we discuss
limitations and potential extensions to continuous and un-
bounded worlds, and stochastic observations, that could
yield a model that better reflects real learning scenarios.

One can think of an event as corresponding to the state of
the world at some point in time3, but it is also fine to simply
consider an event as any variable that indexes observations,
with no further physical meaning4.

In this idealized world, knowing P(Z) would be useful for
many kinds of predictions; this would constitute a world
model over the events that cause our observations (Werbos,
1987; Ha & Schmidhuber, 2018; Richens & Everitt, 2024).
We will next show that a particular representation of P(Z)
is recovered by certain contrastive learners.

4.2. A family of contrastive learners converge to a
representation of P(Z)

Consider a contrastive learner that models observations that
cooccur together. For simplicity, we ground our discussion
with the following definition of the cooccurrence proba-
bility, Pcoor, of two observations xa and xb both occurring
within some window Twindow:

Pcoor(xa, xb) /
X

(t,t0) : |t�t0|Twindow

P(Xt = xa, Xt0 = xb).

Analogously, we can define Pcoor for Z and other observa-
tion modalities. Note that Pcoor is symmetric.

Consider positive pairs as two observations nearby in time
(sampled from Pcoor) and negative pairs as observations

3Here we only analyze temporal sequences, but note that the
same could be done with respect to events laid out in space instead.

4This latter interpretation may be more consistent with Plato’s
intent. Scholars have argued that his allegory of the cave rejects
any notion of a true world state (Nettleship, 1897). Instead, we
could say that the joint distribution of observation indices is itself
the platonic reality.
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• Positives: two observations that cooccur; Negatives: two samples from marginals
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I parked the car in a nearby street.



• An embedding in which similarly = (normalized) cooccurrence rate .

🍎

🍊

🐘• For bijective, discrete obs functions, PMI over obs equals PMI over 
events, which implies that different obs converge to same kernel. 

• Contrastive learner, with NCE objective converges to PMI :

〈fX(xa), fX(xb)〉 ≈ log
Pcoor(xa, xb)

Pcoor(xa)Pcoor(xb)

“apple”

“orange”

“elephant”



Summary #4:  

Scaling up task/data/model can drive convergence. 

Certain contrastive learners converge to kernel = rate at which 
events co-occur in nature.



Outline: 

1. What’s a representation? 

2. How to measure representational similarity? 

3. Which representations are similar and which are different? 

4. What drives representational alignment? 

5. Making representations more aligned



Benefits of alignment

• Can share data/supervision betwen modalities 

• A common representation can serve as a bridge for 
translation 

• Can scaffold new models onto existing representations
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Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

*Equal contribution 1MIT. Correspondence to: <FIXME>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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We conjecture that representation learning algorithms will con-
verge on a shared representation of Z (i.e. fimg(X) � ftext(Y )),
and scaling model size, as well as data and task diversity, drives
this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
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Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z (i.e. fimg(X) � ftext(Y )),
and scaling model size, as well as data and task diversity, drives
this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
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Detriments of alignment

• Lack of diversity in the population of models. 

• Sometimes one modality has access to qualitatively different information than another, 
and this information can be useful; alignment will remove this information. 

• There might not be a single best representation for all problems. (And in theory there 
isn’t.)



Bijection

Cycle-consistency loss

Linear, MLP

Regression-based 
metrics

Isometry

Kernel-alignment  
metrics

Aligning and translating representations

Identity

Representation, z0

Aligning: 
Train a representation 
that is aligned with a 
supervised target 
representation, up to T

Translating: 
Find the 
transformation T that 
relates two 
representations



Training to align representations up to identity transformationIdentity

Contrastive Language-Image 
Pre-training (CLIP)

[Radford*, Kim* et al., ICML 2021]
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[Yu, Kwak, Jang, Jeong, Huang, Shin*, Xie*, ICLR 2025]
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Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.
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The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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and scaling model size, as well as data and task diversity, drives
this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure

1

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.
ftext

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there

1

Learn

Unique rigid transformation



• Find an isometric transformation that 
relates  to .Z1 Z2

A red sphere next 
to a blue cone.

The Platonic Representation Hypothesis

Minyoung Huh * 1 Brian Cheung * 1 Tongzhou Wang * 1 Phillip Isola * 1

Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

*Equal contribution 1MIT. Correspondence to: <FIXME>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left

1

The Platonic Representation Hypothesis

Minyoung Huh * 1 Brian Cheung * 1 Tongzhou Wang * 1 Phillip Isola * 1

Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

*Equal contribution 1MIT. Correspondence to: <FIXME>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left

1

The Platonic Representation Hypothesis

Minyoung Huh * 1 Brian Cheung * 1 Tongzhou Wang * 1 Phillip Isola * 1

Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

*Equal contribution 1MIT. Correspondence to: <FIXME>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z (i.e. fimg(X) ⇡ ftext(Y )),
and scaling model size, as well as data and task diversity, drives
this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure

1

The Platonic Representation Hypothesis

Minyoung Huh * 1 Brian Cheung * 1 Tongzhou Wang * 1 Phillip Isola * 1

Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

*Equal contribution 1MIT. Correspondence to: <FIXME>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

A red sphere next to 
a blue cone.

The Platonic Representation Hypothesis

Minyoung Huh * 1 Brian Cheung * 1 Tongzhou Wang * 1 Phillip Isola * 1

Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

*Equal contribution 1MIT. Correspondence to: <FIXME>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
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work models. This similarity spans across different model
architectures, training objectives, and even data modalities.
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is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
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joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
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Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z (i.e. fimg(X) � ftext(Y )),
and scaling model size, as well as data and task diversity, drives
this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
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see also: Sorscher, Ganguli, Sompolinsky, PNAS 2022;  
Lazaridou, Bruni, Baroni, ACL 2014

[Schnaus, Araslanov, Cremers, arXiv 2025]

Translating between representationsIsometry



Bijection CycleGAN [Zhu*, Park*, Isola, Efros, ICCV 2017]

Z2Z1

[Zhu*, Park* et al. 2017], [Yi et al. 2017], [Kim et al. 2017]

,



Bijection CycleGAN [Zhu*, Park*, Isola, Efros, ICCV 2017]

Z2Z1

Z1 Z2

[Zhu*, Park* et al. 2017], [Yi et al. 2017], [Kim et al. 2017]



𝒵1 𝒵2

CycleGANBijection [Zhu*, Park*, Isola, Efros, ICCV 2017]



Bijection vec2vec [Jha, Zhang, Shmatikov, Morris, arXiv 2025]

Method: GAN + cycle consistency loss + kernel matching loss

Isometry

See also: [Conneau, Lample, Ranzato, Denoyer, Jégou, ICLR 2018]



Summary #5:  

Many important problems involve aligning or translating 
between representations. 

You don’t necessarily need paired data to do so.



[See more: “Getting Aligned on Representational Alignment,” Sucholutsky*, Muttenthaler*, et al. arXiv 2024]





Thanks!


