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※この研究の解説というよりは，とりまく背景・展望について
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https://item.rakuten.co.jp/to-ki/4589588274127/

私達は今異世界に転生しました．
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これはボコトっていうんだ

https://item.rakuten.co.jp/to-ki/4589588274127/

私達は今異世界に転生しました．
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www.amazon.co.jp/dp/B0
0IK5URXM

LA’ vie avec’ Brocante.

どれがボコトですか？
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www.amazon.co.jp/dp/B0
0IK5URXM

LA’ vie avec’ Brocante.

同じ形をしたものに同じ名前が割り当てられていると
一般化する傾向 Shape bias [Landau et al., 1988]

どれがボコトですか？

これがボコトかな？

ちなみに，ニューラルモデルも
shape-biasをもつらしい

Cognitive Psychology for Deep Neural Networks: A Shape Bias Case Study [Ritter+, 2017]
Learning Inductive Biases with Simple Neural Networks [Feinman & Lake, 2018]
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𝑎𝑎𝑏𝑎𝑎 → 𝑏
𝑏𝑏𝑎𝑏𝑏 → 𝑎
𝑎𝑏𝑎 → ?
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𝑎𝑏𝑎 →
Linear learner:𝑎
Hierarchical learner:

𝑏

𝑎𝑎𝑏𝑎𝑎 → 𝑏
𝑏𝑏𝑎𝑏𝑏 → 𝑎

3文字目を出力していた

𝑎𝑎𝑏𝑎𝑎 → 𝑏
𝑏𝑏𝑎𝑏𝑏 → 𝑎

ネストの中を出力していた

③

子供は，言語習得においてhierarchicalな一般化を好む
[Perfors+, 2001]

𝑎𝑎𝑏𝑎𝑎 → 𝑏
𝑏𝑏𝑎𝑏𝑏 → 𝑎

ちなみにCNNはLinear派，Transformer, LSTMは
hierarchical派らしい [Kharitonov&Chaabouni, 2021]



概要: ニューラルネットの帰納バイアス
l ニューラルモデルの帰納バイアス (考え方の癖) を分析

- ごく少数 (単一) のインスタンスからどのような汎化をするか

l モデルアーキテクチャ (LSTM, CNN, Transformer) とドロップアウト率
が特にモデルの帰納バイアスに影響を与える
- 層数，隠れ層の次元数，埋め込み層の次元数，オプティマイザ (SGD or Adam) は微小な影響
- (residualも関連しそうだが，触れられていない)
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𝑎𝑏𝑎 → ？

𝑎𝑎𝑏𝑎𝑎 → 𝑏
𝑏𝑏𝑎𝑏𝑏 → 𝑎train

test

Published as a conference paper at ICLR 2021

aaa ! bbb

<latexit sha1_base64="2aP1qHe7cCIfZJZf006ToyPFAlM=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimTNNuGZrNLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZRxLBtfG8b6ewtr6xuVXcLu3s7u0fuIdHLR2nirImjUWsOgQ0E1yypuFGsE6iGEREsDYZ38z89gNTmsfy3mQJCyIYSh5yCsZKfbcMALin+HBkQKn4ERNC+m7Fq3pz4FXi56SCcjT67ldvENM0YtJQAVp3fS8xwQSU4VSwaamXapYAHcOQdS2VEDEdTObHT/GpVQY4jJUtafBc/T0xgUjrLCK2MwIz0sveTPzP66YmvAwmXCapYZIuFoWpwCbGsyTwgCtGjcgsAaq4vRXTESigxuZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBNRlKFn9IrenCfnxXl3PhatBSefKaM/cD5/AGgPlKM=</latexit>

test example aa ! ?

<latexit sha1_base64="zC7LQM7YZYuoBe5SPPwHFlyMIso=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFchUQq6sqiG5cV7AOaUG6mk2bo5MHMRCmhOzf+ihsXirj1F9z5N07bLLT1wIXDOfdy7z1+yplUtv1tLCwuLa+sltbK6xubW9vmzm5TJpkgtEESnoi2D5JyFtOGYorTdiooRD6nLX9wPfZb91RIlsR3aphSL4J+zAJGQGmpax4AYFewfqhAiOQBu6FMgdDcsk9JNLrsmhXbsifA88QpSAUVqHfNL7eXkCyisSIcpOw4dqq8HIRihNNR2c0k1QsG0KcdTWOIqPTyyR8jfKSVHg4SoStWeKL+nsghknIY+bozAhXKWW8s/ud1MhWcezmL00zRmEwXBRnHKsHjUHCPCUoUH2oCRDB9KyYhCCBKR1fWITizL8+T5onlVK2L22qldlXEUUL76BAdIwedoRq6QXXUQAQ9omf0it6MJ+PFeDc+pq0LRjGzh/7A+PwBSTCY9A==</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

(count)

(mem)

(linear)

(hierar)

aabaa ! b

<latexit sha1_base64="/YFAJknAn2U8M0GNie5D5uxl4Tw=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMEALgnmLDkQGl5CMO+27Fq3pz4FXi56SCcjT67ldvIEkaU2EIB627vpeYYALKMMLptNRLNU2AjGFIu5YKiKkOJvPjp/jUKgMcSWVLGDxXf09MINY6i0PbGYMZ6WVvJv7ndVMTXQYTJpLUUEEWi6KUYyPxLAk8YIoSwzNLgChmb8VkBAqIsXmVbAj+8surpHVe9WvVq7tapX6dx1FEx+gEnSEfXaA6ukUN1EQEZegZvaI358l5cd6dj0VrwclnyugPnM8fZqiUog==</latexit>

aba ! ?

<latexit sha1_base64="4YyIpL4gWY0aiFz+Nr1J+DsIshc=">AAACCXicbVC7SgNBFJ2Nrxhfq5Y2g0GwWnYlolYGbSwjmAckS7g7mSRDZmaXmVklLGlt/BUbC0Vs/QM7/8bJo9DEAxcO59zLvfdECWfa+P63k1taXlldy68XNja3tnfc3b2ajlNFaJXEPFaNCDTlTNKqYYbTRqIoiIjTejS4Hvv1e6o0i+WdGSY0FNCTrMsIGCu1XQwR4JZivb4BpeIH3OrrBAjNfO9UiBG+bLtF3/MnwIskmJEimqHSdr9anZikgkpDOGjdDPzEhBkowwino0Ir1dRuGECPNi2VIKgOs8knI3xklQ7uxsqWNHii/p7IQGg9FJHtFGD6et4bi/95zdR0z8OMySQ1VJLpom7KsYnxOBbcYYoSw4eWAFHM3opJHxQQY8Mr2BCC+ZcXSe3EC0rexW2pWL6axZFHB+gQHaMAnaEyukEVVEUEPaJn9IrenCfnxXl3PqatOWc2s4/+wPn8AX7kmZQ=</latexit>

a

<latexit sha1_base64="bihfQSgohUCaiZLH8E/K/puHk0I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmrRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fxz2M8Q==</latexit>

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

(comp)

(mem)

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

a ! a

<latexit sha1_base64="jnXbe6btQmwXgibKAN2VhSH1B5w=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qXMptk2NJssSVapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3dsvuweHLS1TRWiTSC5VJwRNORO0aZjhtJMoCnHIaTsc38z89gNVmklxbyYJDWIYChYxAsZKfbcMuKfYcGRAKfmIoe9WvKo3B14lfk4qKEej7371BpKkMRWGcNC663uJCTJQhhFOp6VeqmkCZAxD2rVUQEx1kM0Pn+JTqwxwJJUtYfBc/T2RQaz1JA5tZwxmpJe9mfif101NdBlkTCSpoYIsFkUpx0biWQp4wBQlhk8sAaKYvRWTESggxmZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBMRlKJn9IrenCfnxXl3PhatBSefOUJ/4Hz+AGnJkvQ=</latexit>

b ! b

<latexit sha1_base64="y/odGoA3GMubqSuaA2hvPYvW6gw=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qVk02wbmk2WZFapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyaCG/C8b6ewtr6xuVXcLu3s7u2X3YPDllGppqxJlVC6ExLDBJesCRwE6ySakTgUrB2Ob2Z++4Fpw5W8h0nCgpgMJY84JWClvlsOcU/z4QiI1uoRh3234lW9OfAq8XNSQTkafferN1A0jZkEKogxXd9LIMiIBk4Fm5Z6qWEJoWMyZF1LJYmZCbL54VN8apUBjpS2JQHP1d8TGYmNmcSh7YwJjMyyNxP/87opRJdBxmWSApN0sShKBQaFZyngAdeMgphYQqjm9lZMR0QTCjarkg3BX355lbTOq36tenVXq9Sv8ziK6BidoDPkowtUR7eogZqIohQ9o1f05jw5L86787FoLTj5zBH6A+fzB2zfkvY=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

Count-or-Memorization

<latexit sha1_base64="dl6D95tdDzd51TNAft5O5SVEngo=">AAACEXicbVC7SgNBFJ31GeMrammzGAQbw64E1C6YxkaIYB6QhDA7uUkG57HM3BXjkl+w8VdsLBSxtbPzb9xsUmjigWEO55zLzD1BKLhFz/t2FhaXlldWM2vZ9Y3Nre3czm7N6sgwqDIttGkE1ILgCqrIUUAjNEBlIKAe3JbHfv0OjOVa3eAwhLakfcV7nFFMpE7uqIVwj0bG6c0xLutI4bE2x1cgteEPaW40ynZyea/gpXDniT8leTJFpZP7anU1iyQoZIJa2/S9ENsxNciZgFG2FVkIKbulfWgmVFEJth2nG43cw0Tpuj1tkqPQTdXfEzGV1g5lkCQlxYGd9cbif14zwt5ZO+YqjBAUmzzUi4SL2h3X43a5AYZimBDKDE/+6rIBNZRhUuK4BH925XlSOyn4xcL5dTFfupjWkSH75IAcEZ+ckhK5JBVSJYw8kmfySt6cJ+fFeXc+JtEFZzqzR/7A+fwBMTKegQ==</latexit>

Composition-or-Memorization

<latexit sha1_base64="AU3h0Xycm3+2dblNcl19kE3syhg=">AAACF3icbVC7SgNBFJ31GeMrammzGASbhF0JqF0wjY0QwTwgCWF2cpMMmdlZZu6Kcclf2PgrNhaK2Grn37i7SaGJB4Y5nHMul3u8QHCDjvNtLS2vrK6tZzaym1vbO7u5vf26UaFmUGNKKN30qAHBfaghRwHNQAOVnoCGN6okfuMOtOHKv8VxAB1JBz7vc0Yxlrq5YhvhHrWM0p9jVFEyUIYnbkHpwjVIpflDmp5Mst1c3ik6KexF4s5InsxQ7ea+2j3FQgk+MkGNablOgJ2IauRMwCTbDg0ElI3oAFox9akE04nSuyb2caz07L7S8fPRTtXfExGVxoylFyclxaGZ9xLxP68VYv+8E3E/CBF8Nl3UD4WNyk5KsntcA0MxjgllOi6D2WxINWUYV5mU4M6fvEjqp0W3VLy4KeXLl7M6MuSQHJET4pIzUiZXpEpqhJFH8kxeyZv1ZL1Y79bHNLpkzWYOyB9Ynz9YnKFI</latexit>

Hierarchical-or-Linear

<latexit sha1_base64="z+j/XVE4K8yKa/1sdHAWANdl7aI=">AAACEnicbVC7TgJBFJ31ifhatbTZSEy0gOwaErUj2lBYYCKPBAiZHS4wYWZ3M3PXSDZ8g42/YmOhMbZWdv6Ns0Ch4Ekmc3LOvXfmHj8SXKPrfltLyyura+uZjezm1vbOrr23X9NhrBhUWShC1fCpBsEDqCJHAY1IAZW+gLo/vE79+j0ozcPgDkcRtCXtB7zHGUUjdezTFsIDKplMbo5JmYOiig1MhciHKn9jBlM1Hmc7ds4tuBM4i8SbkRyZodKxv1rdkMUSAmSCat303AjbCVXImYBxthVriCgb0j40DQ2oBN1OJiuNnWOjdJ1eqMwJ0JmovzsSKrUeSd9USooDPe+l4n9eM8beRTvhQRQjBGz6UC8WDoZOmo/T5QoYipEhlClu/uqwAVWUoUkxDcGbX3mR1M4KXrFweVvMla5mcWTIITkiJ8Qj56REyqRCqoSRR/JMXsmb9WS9WO/Wx7R0yZr1HJA/sD5/AILSnp4=</latexit>

Add-or-Multiply

<latexit sha1_base64="Qjee5BVEq+vKsWYHnWbnBQlIpYA=">AAACC3icbVDLSsNAFJ34rPUVdekmtAhuWhIpqLuqGzdCBfuANpTJZNIOnUnCzI0YQvdu/BU3LhRx6w+4829M0iy09cDlHs65l5l7nJAzBab5rS0tr6yurZc2yptb2zu7+t5+RwWRJLRNAh7InoMV5cynbWDAaS+UFAuH064zucr87j2VigX+HcQhtQUe+cxjBEMqDfXKAOgDSJHknUFy4bq1QNZuIg4s5PF0Wh7qVbNu5jAWiVWQKirQGupfAzcgkaA+EI6V6ltmCHaCJTDC6bQ8iBQNMZngEe2n1MeCKjvJb5kaR6niGl4g0/LByNXfGwkWSsXCSScFhrGa9zLxP68fgXdmJ8wPI6A+mT3kRdyAwMiCMVwmKQEepwQTydK/GmSMJSaQxpeFYM2fvEg6J3WrUT+/bVSbl0UcJXSIKugYWegUNdE1aqE2IugRPaNX9KY9aS/au/YxG13Sip0D9Afa5w/83pun</latexit>

(add)

(mem)

train exampletrain example

test example

train example

test example

train example

test example

aa ! bbbb

<latexit sha1_base64="a4iN37u8WAC9fwuLOaFSCqDHf/w=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMgHuKDUcGlJKPOLTouxWv6s2BV4mfkwrK0ei7X72BJGlMhSEctO76XmKCCSjDCKfTUi/VNAEyhiHtWiogpjqYzI+f4lOrDHAklS1h8Fz9PTGBWOssDm1nDGakl72Z+J/XTU10GUyYSFJDBVksilKOjcSzJPCAKUoMzywBopi9FZMRKCDG5lWyIfjLL6+S1nnVr1Wv7mqV+nUeRxEdoxN0hnx0geroFjVQExGUoWf0it6cJ+fFeXc+Fq0FJ58poz9wPn8AaY6UpA==</latexit>

a ! ?

<latexit sha1_base64="MdWGCyoEtQk4iPFMQu2DAITPSsU=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFchUQq6sqiG5cV7AOaUCbTSTN0ZhJmJkoJXbnxV9y4UMSt3+DOv3HaZqGtBy4czrmXe+8JU0aVdt1va2FxaXlltbRWXt/Y3Nq2d3abKskkJg2csES2Q6QIo4I0NNWMtFNJEA8ZaYWD67HfuidS0UTc6WFKAo76gkYUI22krn2AoC9pP9ZIyuQB+rFKESa5455iPrrs2hXXcSeA88QrSAUUqHftL7+X4IwToTFDSnU8N9VBjqSmmJFR2c8UMQsGqE86hgrEiQryyRsjeGSUHowSaUpoOFF/T+SIKzXkoenkSMdq1huL/3mdTEfnQU5Fmmki8HRRlDGoEzjOBPaoJFizoSEIS2puhThGEmFtkiubELzZl+dJ88Txqs7FbbVSuyriKIF9cAiOgQfOQA3cgDpoAAwewTN4BW/Wk/VivVsf09YFq5jZA39gff4AheWYiQ==</latexit>

(mul)

bbbb

<latexit sha1_base64="Skuwggtv7n9iurfu6b6dnycPw7E=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKoN6KXjxWsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqW19Y3NrfJ2ZWd3b/+genjUNnGqKWvRWMS6GxLDBFesZbkVrJtoRmQoWCec3OV+54lpw2P1aKcJCyQZKR5xSmwuhQ6Das2re3PgVeIXpAYFmoPqV38Y01QyZakgxvR8L7FBRrTlVLBZpZ8alhA6ISPWc1QRyUyQzW+d4TOnDHEUa1fK4rn6eyIj0pipDF2nJHZslr1c/M/rpTa6DjKuktQyRReLolRgG+P8cTzkmlErpo4Qqrm7FdMx0YRaF0/FheAvv7xK2hd1/7J+83BZa9wWcZThBE7hHHy4ggbcQxNaQGEMz/AKb0iiF/SOPhatJVTMHMMfoM8f93WONg==</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

thricea ! aaa

<latexit sha1_base64="qnFGHcCsleGiOXNIMFDZUtpqE2A=">AAACHnicbVDJSgNBEO1xN25Rj14ag+DFYcYF9SZ68ahgVEhCqOlUMo3dM0N3jRKGfIkXf8WLB0UET/o3dmIEt9c0vHpVRVW9KFPSUhC8eyOjY+MTk1PTpZnZufmF8uLSuU1zI7AqUpWaywgsKplglSQpvMwMgo4UXkRXR/38xTUaK9PkjLoZNjR0EtmWAshJzfIOxUYKrMc2A4FF4O9o3YOvcCPwt1xcN7ITExiT3nDov2a5EvjBAPwvCYekwoY4aZZf661U5BoTEgqsrYVBRo0CDEmhsFeq5xbdxCvoYM3RBDTaRjE4r8fXnNLi7dS4nxAfqN87CtDWdnXkKjVQbH/n+uJ/uVpO7b1GIZMsJ0zE56B2rjilvO8Vb0mDglTXERBGul25iMGAIOdoyZkQ/j75Lznf9MNtf/90u3JwOLRjiq2wVbbOQrbLDtgxO2FVJtgtu2eP7Mm78x68Z+/ls3TEG/Yssx/w3j4AA+KiZg==</latexit>

thrice b! ?

<latexit sha1_base64="gbmyyfTl9bxXUBY/8c/CKSNznlI=">AAACKXicbVBNS8NAEN34WetX1KOXxSJ4sSRSUU8WvXhUsCq0pWy202ZxNwm7E6WE/h0v/hUvCop69Y+4TSP49WDhzXszzM4LEikMet6bMzE5NT0zW5orzy8sLi27K6sXJk41hwaPZayvAmZAiggaKFDCVaKBqUDCZXB9PPIvb0AbEUfnOEigrVg/Ej3BGVqp49Yx1IJDKzQJ45B51V2lhsFXuT2uW1r0Q2Rax7f0y/Jzhx523IpX9XLQv8QvSIUUOO24T61uzFMFEXLJjGn6XoLtjGkUXMKw3EoN2A3XrA9NSyOmwLSz/NIh3bRKl/ZibV+ENFe/T2RMGTNQge1UDEPz2xuJ/3nNFHv77UxESYoQ8fGiXiopxnQUG+0KDRzlwBLGtbB/pTxkmnG04ZZtCP7vk/+Si52qX6senNUq9aMijhJZJxtki/hkj9TJCTklDcLJHXkgz+TFuXcenVfnfdw64RQza+QHnI9P8/inCQ==</latexit>

Figure 1: Illustration of the tasks. After training on the train examples (green blocks), learners
are tested on held-out examples (red blocks). In pink blocks are generalizations according to the
candidate rules.

By a
k we denote a sequence that contains token a repeated k times. For training, we represent

sequences in a standard way: the tokens are one-hot-encoded separately, and we append a special
end-of-sequence token to each sequence. Input and output vocabularies are disjoint.

Count-or-Memorization: In this task, we contrast learners’ preferences for counting vs. memoriza-
tion. We train models to fit a single training example with input a

l and output b
l (i.e., to perform the

mapping a
l ! b

l) and test it on a
m with m 2 [l�10, l+10]. If a learner learns the constant function,

outputting b
l independently of its inputs, then it follows the mem strategy. On the other hand, if it

generalizes to the a
m ! b

m mapping, then the learner is biased toward the count strategy.

Add-or-Multiply: This task is akin to the motivating example in Section 1. The single training
example represents a mapping of an input string a

l to an output string b
2l. As test inputs, we generate

a
m for m in the interval [l � 3, l + 3]. We consider the learned rule to be consistent with mul if for

all m, the input/output pairs are consistent with a
m ! b

2m. Similarly, if they are consistent with
a
m ! b

m+l, we say that the learner follows the addition rule, add. Finally, the learner can learn a
constant mapping a

m ! b
2l for any m. Again, we call this rule mem.

Hierarchical-or-Linear: For a fixed depth d, we train learners on four training examples x
d
yx

d ! y

where x, y 2 {a, b}.3 Each training example has a nested structure, where d defines its depth. A
learner with a hierarchical bias (hierar), would output the middle symbol. We also consider the
linear rule (linear) in which the learner outputs the (d+1)th symbol of its input.
To probe learners’ biases, we test them on inputs with different depths m 2 [d � 2, d + 2]. Note that
to examine the linear rule (i.e. if the learner outputs the (d+1)th symbol of any test input of depth
m), we need m � d

2 . Similar to the previous tasks, there is no vocabulary sharing between a model’s
inputs and outputs (input and output tokens a and b are different).

Composition-or-Memorization: We take inspiration from SCAN (Lake & Baroni, 2017), a bench-
mark used for studying systematic generalization of seq2seq learners.4 The input vocabulary has N

symbols ai that are one-to-one mapped into N output symbols bi (i.e., ai ! bi). In addition, there
is a modifier token thrice: when thrice precedes an input symbol ai, the corresponding output is
repeated three times: thrice ai ! bibibi.

We train a learner on all non-compositional examples (ai ! bi) and M (M < N ) compositional
examples (thrice ai ! bibibi). At test time, we feed the learner with the remaining compositional
examples (thrice ai, i > M ). If the learner generalizes to the mapping thrice ai ! bibibi for i > M ,
we consider it to be biased toward a compositional reasoning (comp). As an alternative generalization,

3This mapping consist then on four combinations adbad ! b; adaad ! a; bdabd ! a and bdbbd ! b.
4In Appendix, we report a study of inductive biases on the SCAN data.
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概要: ニューラルネットの帰納バイアス
l ニューラルモデルの帰納バイアス (考え方の癖) を分析

- ごく少数 (単一) のインスタンスからどのような汎化をするか

l モデルアーキテクチャ (LSTM, CNN, Transformer) とドロップアウト率
が特にモデルの帰納バイアスに影響を与える
- 層数，隠れ層の次元数，埋め込み層の次元数，オプティマイザ (SGD or Adam) は微小な影響
- (residualも関連しそうだが，触れられていない)

l これを知って誰が嬉しいの？
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𝑎𝑏𝑎 → ？

𝑎𝑎𝑏𝑎𝑎 → 𝑏
𝑏𝑏𝑎𝑏𝑏 → 𝑎train

test
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aaa ! bbb

<latexit sha1_base64="2aP1qHe7cCIfZJZf006ToyPFAlM=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimTNNuGZrNLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZRxLBtfG8b6ewtr6xuVXcLu3s7u0fuIdHLR2nirImjUWsOgQ0E1yypuFGsE6iGEREsDYZ38z89gNTmsfy3mQJCyIYSh5yCsZKfbcMALin+HBkQKn4ERNC+m7Fq3pz4FXi56SCcjT67ldvENM0YtJQAVp3fS8xwQSU4VSwaamXapYAHcOQdS2VEDEdTObHT/GpVQY4jJUtafBc/T0xgUjrLCK2MwIz0sveTPzP66YmvAwmXCapYZIuFoWpwCbGsyTwgCtGjcgsAaq4vRXTESigxuZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBNRlKFn9IrenCfnxXl3PhatBSefKaM/cD5/AGgPlKM=</latexit>

test example aa ! ?

<latexit sha1_base64="zC7LQM7YZYuoBe5SPPwHFlyMIso=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFchUQq6sqiG5cV7AOaUG6mk2bo5MHMRCmhOzf+ihsXirj1F9z5N07bLLT1wIXDOfdy7z1+yplUtv1tLCwuLa+sltbK6xubW9vmzm5TJpkgtEESnoi2D5JyFtOGYorTdiooRD6nLX9wPfZb91RIlsR3aphSL4J+zAJGQGmpax4AYFewfqhAiOQBu6FMgdDcsk9JNLrsmhXbsifA88QpSAUVqHfNL7eXkCyisSIcpOw4dqq8HIRihNNR2c0k1QsG0KcdTWOIqPTyyR8jfKSVHg4SoStWeKL+nsghknIY+bozAhXKWW8s/ud1MhWcezmL00zRmEwXBRnHKsHjUHCPCUoUH2oCRDB9KyYhCCBKR1fWITizL8+T5onlVK2L22qldlXEUUL76BAdIwedoRq6QXXUQAQ9omf0it6MJ+PFeDc+pq0LRjGzh/7A+PwBSTCY9A==</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

(count)

(mem)

(linear)

(hierar)

aabaa ! b

<latexit sha1_base64="/YFAJknAn2U8M0GNie5D5uxl4Tw=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMEALgnmLDkQGl5CMO+27Fq3pz4FXi56SCcjT67ldvIEkaU2EIB627vpeYYALKMMLptNRLNU2AjGFIu5YKiKkOJvPjp/jUKgMcSWVLGDxXf09MINY6i0PbGYMZ6WVvJv7ndVMTXQYTJpLUUEEWi6KUYyPxLAk8YIoSwzNLgChmb8VkBAqIsXmVbAj+8surpHVe9WvVq7tapX6dx1FEx+gEnSEfXaA6ukUN1EQEZegZvaI358l5cd6dj0VrwclnyugPnM8fZqiUog==</latexit>

aba ! ?

<latexit sha1_base64="4YyIpL4gWY0aiFz+Nr1J+DsIshc=">AAACCXicbVC7SgNBFJ2Nrxhfq5Y2g0GwWnYlolYGbSwjmAckS7g7mSRDZmaXmVklLGlt/BUbC0Vs/QM7/8bJo9DEAxcO59zLvfdECWfa+P63k1taXlldy68XNja3tnfc3b2ajlNFaJXEPFaNCDTlTNKqYYbTRqIoiIjTejS4Hvv1e6o0i+WdGSY0FNCTrMsIGCu1XQwR4JZivb4BpeIH3OrrBAjNfO9UiBG+bLtF3/MnwIskmJEimqHSdr9anZikgkpDOGjdDPzEhBkowwino0Ir1dRuGECPNi2VIKgOs8knI3xklQ7uxsqWNHii/p7IQGg9FJHtFGD6et4bi/95zdR0z8OMySQ1VJLpom7KsYnxOBbcYYoSw4eWAFHM3opJHxQQY8Mr2BCC+ZcXSe3EC0rexW2pWL6axZFHB+gQHaMAnaEyukEVVEUEPaJn9IrenCfnxXl3PqatOWc2s4/+wPn8AX7kmZQ=</latexit>

a

<latexit sha1_base64="bihfQSgohUCaiZLH8E/K/puHk0I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmrRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fxz2M8Q==</latexit>

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

(comp)

(mem)

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

a ! a

<latexit sha1_base64="jnXbe6btQmwXgibKAN2VhSH1B5w=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qXMptk2NJssSVapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3dsvuweHLS1TRWiTSC5VJwRNORO0aZjhtJMoCnHIaTsc38z89gNVmklxbyYJDWIYChYxAsZKfbcMuKfYcGRAKfmIoe9WvKo3B14lfk4qKEej7371BpKkMRWGcNC663uJCTJQhhFOp6VeqmkCZAxD2rVUQEx1kM0Pn+JTqwxwJJUtYfBc/T2RQaz1JA5tZwxmpJe9mfif101NdBlkTCSpoYIsFkUpx0biWQp4wBQlhk8sAaKYvRWTESggxmZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBMRlKJn9IrenCfnxXl3PhatBSefOUJ/4Hz+AGnJkvQ=</latexit>

b ! b

<latexit sha1_base64="y/odGoA3GMubqSuaA2hvPYvW6gw=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qVk02wbmk2WZFapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyaCG/C8b6ewtr6xuVXcLu3s7u2X3YPDllGppqxJlVC6ExLDBJesCRwE6ySakTgUrB2Ob2Z++4Fpw5W8h0nCgpgMJY84JWClvlsOcU/z4QiI1uoRh3234lW9OfAq8XNSQTkafferN1A0jZkEKogxXd9LIMiIBk4Fm5Z6qWEJoWMyZF1LJYmZCbL54VN8apUBjpS2JQHP1d8TGYmNmcSh7YwJjMyyNxP/87opRJdBxmWSApN0sShKBQaFZyngAdeMgphYQqjm9lZMR0QTCjarkg3BX355lbTOq36tenVXq9Sv8ziK6BidoDPkowtUR7eogZqIohQ9o1f05jw5L86787FoLTj5zBH6A+fzB2zfkvY=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

Count-or-Memorization

<latexit sha1_base64="dl6D95tdDzd51TNAft5O5SVEngo=">AAACEXicbVC7SgNBFJ31GeMrammzGAQbw64E1C6YxkaIYB6QhDA7uUkG57HM3BXjkl+w8VdsLBSxtbPzb9xsUmjigWEO55zLzD1BKLhFz/t2FhaXlldWM2vZ9Y3Nre3czm7N6sgwqDIttGkE1ILgCqrIUUAjNEBlIKAe3JbHfv0OjOVa3eAwhLakfcV7nFFMpE7uqIVwj0bG6c0xLutI4bE2x1cgteEPaW40ynZyea/gpXDniT8leTJFpZP7anU1iyQoZIJa2/S9ENsxNciZgFG2FVkIKbulfWgmVFEJth2nG43cw0Tpuj1tkqPQTdXfEzGV1g5lkCQlxYGd9cbif14zwt5ZO+YqjBAUmzzUi4SL2h3X43a5AYZimBDKDE/+6rIBNZRhUuK4BH925XlSOyn4xcL5dTFfupjWkSH75IAcEZ+ckhK5JBVSJYw8kmfySt6cJ+fFeXc+JtEFZzqzR/7A+fwBMTKegQ==</latexit>

Composition-or-Memorization

<latexit sha1_base64="AU3h0Xycm3+2dblNcl19kE3syhg=">AAACF3icbVC7SgNBFJ31GeMrammzGASbhF0JqF0wjY0QwTwgCWF2cpMMmdlZZu6Kcclf2PgrNhaK2Grn37i7SaGJB4Y5nHMul3u8QHCDjvNtLS2vrK6tZzaym1vbO7u5vf26UaFmUGNKKN30qAHBfaghRwHNQAOVnoCGN6okfuMOtOHKv8VxAB1JBz7vc0Yxlrq5YhvhHrWM0p9jVFEyUIYnbkHpwjVIpflDmp5Mst1c3ik6KexF4s5InsxQ7ea+2j3FQgk+MkGNablOgJ2IauRMwCTbDg0ElI3oAFox9akE04nSuyb2caz07L7S8fPRTtXfExGVxoylFyclxaGZ9xLxP68VYv+8E3E/CBF8Nl3UD4WNyk5KsntcA0MxjgllOi6D2WxINWUYV5mU4M6fvEjqp0W3VLy4KeXLl7M6MuSQHJET4pIzUiZXpEpqhJFH8kxeyZv1ZL1Y79bHNLpkzWYOyB9Ynz9YnKFI</latexit>

Hierarchical-or-Linear

<latexit sha1_base64="z+j/XVE4K8yKa/1sdHAWANdl7aI=">AAACEnicbVC7TgJBFJ31ifhatbTZSEy0gOwaErUj2lBYYCKPBAiZHS4wYWZ3M3PXSDZ8g42/YmOhMbZWdv6Ns0Ch4Ekmc3LOvXfmHj8SXKPrfltLyyura+uZjezm1vbOrr23X9NhrBhUWShC1fCpBsEDqCJHAY1IAZW+gLo/vE79+j0ozcPgDkcRtCXtB7zHGUUjdezTFsIDKplMbo5JmYOiig1MhciHKn9jBlM1Hmc7ds4tuBM4i8SbkRyZodKxv1rdkMUSAmSCat303AjbCVXImYBxthVriCgb0j40DQ2oBN1OJiuNnWOjdJ1eqMwJ0JmovzsSKrUeSd9USooDPe+l4n9eM8beRTvhQRQjBGz6UC8WDoZOmo/T5QoYipEhlClu/uqwAVWUoUkxDcGbX3mR1M4KXrFweVvMla5mcWTIITkiJ8Qj56REyqRCqoSRR/JMXsmb9WS9WO/Wx7R0yZr1HJA/sD5/AILSnp4=</latexit>

Add-or-Multiply

<latexit sha1_base64="Qjee5BVEq+vKsWYHnWbnBQlIpYA=">AAACC3icbVDLSsNAFJ34rPUVdekmtAhuWhIpqLuqGzdCBfuANpTJZNIOnUnCzI0YQvdu/BU3LhRx6w+4829M0iy09cDlHs65l5l7nJAzBab5rS0tr6yurZc2yptb2zu7+t5+RwWRJLRNAh7InoMV5cynbWDAaS+UFAuH064zucr87j2VigX+HcQhtQUe+cxjBEMqDfXKAOgDSJHknUFy4bq1QNZuIg4s5PF0Wh7qVbNu5jAWiVWQKirQGupfAzcgkaA+EI6V6ltmCHaCJTDC6bQ8iBQNMZngEe2n1MeCKjvJb5kaR6niGl4g0/LByNXfGwkWSsXCSScFhrGa9zLxP68fgXdmJ8wPI6A+mT3kRdyAwMiCMVwmKQEepwQTydK/GmSMJSaQxpeFYM2fvEg6J3WrUT+/bVSbl0UcJXSIKugYWegUNdE1aqE2IugRPaNX9KY9aS/au/YxG13Sip0D9Afa5w/83pun</latexit>

(add)

(mem)

train exampletrain example

test example

train example

test example

train example

test example

aa ! bbbb

<latexit sha1_base64="a4iN37u8WAC9fwuLOaFSCqDHf/w=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMgHuKDUcGlJKPOLTouxWv6s2BV4mfkwrK0ei7X72BJGlMhSEctO76XmKCCSjDCKfTUi/VNAEyhiHtWiogpjqYzI+f4lOrDHAklS1h8Fz9PTGBWOssDm1nDGakl72Z+J/XTU10GUyYSFJDBVksilKOjcSzJPCAKUoMzywBopi9FZMRKCDG5lWyIfjLL6+S1nnVr1Wv7mqV+nUeRxEdoxN0hnx0geroFjVQExGUoWf0it6cJ+fFeXc+Fq0FJ58poz9wPn8AaY6UpA==</latexit>

a ! ?

<latexit sha1_base64="MdWGCyoEtQk4iPFMQu2DAITPSsU=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFchUQq6sqiG5cV7AOaUCbTSTN0ZhJmJkoJXbnxV9y4UMSt3+DOv3HaZqGtBy4czrmXe+8JU0aVdt1va2FxaXlltbRWXt/Y3Nq2d3abKskkJg2csES2Q6QIo4I0NNWMtFNJEA8ZaYWD67HfuidS0UTc6WFKAo76gkYUI22krn2AoC9pP9ZIyuQB+rFKESa5455iPrrs2hXXcSeA88QrSAUUqHftL7+X4IwToTFDSnU8N9VBjqSmmJFR2c8UMQsGqE86hgrEiQryyRsjeGSUHowSaUpoOFF/T+SIKzXkoenkSMdq1huL/3mdTEfnQU5Fmmki8HRRlDGoEzjOBPaoJFizoSEIS2puhThGEmFtkiubELzZl+dJ88Txqs7FbbVSuyriKIF9cAiOgQfOQA3cgDpoAAwewTN4BW/Wk/VivVsf09YFq5jZA39gff4AheWYiQ==</latexit>

(mul)

bbbb

<latexit sha1_base64="Skuwggtv7n9iurfu6b6dnycPw7E=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKoN6KXjxWsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqW19Y3NrfJ2ZWd3b/+genjUNnGqKWvRWMS6GxLDBFesZbkVrJtoRmQoWCec3OV+54lpw2P1aKcJCyQZKR5xSmwuhQ6Das2re3PgVeIXpAYFmoPqV38Y01QyZakgxvR8L7FBRrTlVLBZpZ8alhA6ISPWc1QRyUyQzW+d4TOnDHEUa1fK4rn6eyIj0pipDF2nJHZslr1c/M/rpTa6DjKuktQyRReLolRgG+P8cTzkmlErpo4Qqrm7FdMx0YRaF0/FheAvv7xK2hd1/7J+83BZa9wWcZThBE7hHHy4ggbcQxNaQGEMz/AKb0iiF/SOPhatJVTMHMMfoM8f93WONg==</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

thricea ! aaa

<latexit sha1_base64="qnFGHcCsleGiOXNIMFDZUtpqE2A=">AAACHnicbVDJSgNBEO1xN25Rj14ag+DFYcYF9SZ68ahgVEhCqOlUMo3dM0N3jRKGfIkXf8WLB0UET/o3dmIEt9c0vHpVRVW9KFPSUhC8eyOjY+MTk1PTpZnZufmF8uLSuU1zI7AqUpWaywgsKplglSQpvMwMgo4UXkRXR/38xTUaK9PkjLoZNjR0EtmWAshJzfIOxUYKrMc2A4FF4O9o3YOvcCPwt1xcN7ITExiT3nDov2a5EvjBAPwvCYekwoY4aZZf661U5BoTEgqsrYVBRo0CDEmhsFeq5xbdxCvoYM3RBDTaRjE4r8fXnNLi7dS4nxAfqN87CtDWdnXkKjVQbH/n+uJ/uVpO7b1GIZMsJ0zE56B2rjilvO8Vb0mDglTXERBGul25iMGAIOdoyZkQ/j75Lznf9MNtf/90u3JwOLRjiq2wVbbOQrbLDtgxO2FVJtgtu2eP7Mm78x68Z+/ls3TEG/Yssx/w3j4AA+KiZg==</latexit>

thrice b! ?

<latexit sha1_base64="gbmyyfTl9bxXUBY/8c/CKSNznlI=">AAACKXicbVBNS8NAEN34WetX1KOXxSJ4sSRSUU8WvXhUsCq0pWy202ZxNwm7E6WE/h0v/hUvCop69Y+4TSP49WDhzXszzM4LEikMet6bMzE5NT0zW5orzy8sLi27K6sXJk41hwaPZayvAmZAiggaKFDCVaKBqUDCZXB9PPIvb0AbEUfnOEigrVg/Ej3BGVqp49Yx1IJDKzQJ45B51V2lhsFXuT2uW1r0Q2Rax7f0y/Jzhx523IpX9XLQv8QvSIUUOO24T61uzFMFEXLJjGn6XoLtjGkUXMKw3EoN2A3XrA9NSyOmwLSz/NIh3bRKl/ZibV+ENFe/T2RMGTNQge1UDEPz2xuJ/3nNFHv77UxESYoQ8fGiXiopxnQUG+0KDRzlwBLGtbB/pTxkmnG04ZZtCP7vk/+Si52qX6senNUq9aMijhJZJxtki/hkj9TJCTklDcLJHXkgz+TFuXcenVfnfdw64RQza+QHnI9P8/inCQ==</latexit>

Figure 1: Illustration of the tasks. After training on the train examples (green blocks), learners
are tested on held-out examples (red blocks). In pink blocks are generalizations according to the
candidate rules.

By a
k we denote a sequence that contains token a repeated k times. For training, we represent

sequences in a standard way: the tokens are one-hot-encoded separately, and we append a special
end-of-sequence token to each sequence. Input and output vocabularies are disjoint.

Count-or-Memorization: In this task, we contrast learners’ preferences for counting vs. memoriza-
tion. We train models to fit a single training example with input a

l and output b
l (i.e., to perform the

mapping a
l ! b

l) and test it on a
m with m 2 [l�10, l+10]. If a learner learns the constant function,

outputting b
l independently of its inputs, then it follows the mem strategy. On the other hand, if it

generalizes to the a
m ! b

m mapping, then the learner is biased toward the count strategy.

Add-or-Multiply: This task is akin to the motivating example in Section 1. The single training
example represents a mapping of an input string a

l to an output string b
2l. As test inputs, we generate

a
m for m in the interval [l � 3, l + 3]. We consider the learned rule to be consistent with mul if for

all m, the input/output pairs are consistent with a
m ! b

2m. Similarly, if they are consistent with
a
m ! b

m+l, we say that the learner follows the addition rule, add. Finally, the learner can learn a
constant mapping a

m ! b
2l for any m. Again, we call this rule mem.

Hierarchical-or-Linear: For a fixed depth d, we train learners on four training examples x
d
yx

d ! y

where x, y 2 {a, b}.3 Each training example has a nested structure, where d defines its depth. A
learner with a hierarchical bias (hierar), would output the middle symbol. We also consider the
linear rule (linear) in which the learner outputs the (d+1)th symbol of its input.
To probe learners’ biases, we test them on inputs with different depths m 2 [d � 2, d + 2]. Note that
to examine the linear rule (i.e. if the learner outputs the (d+1)th symbol of any test input of depth
m), we need m � d

2 . Similar to the previous tasks, there is no vocabulary sharing between a model’s
inputs and outputs (input and output tokens a and b are different).

Composition-or-Memorization: We take inspiration from SCAN (Lake & Baroni, 2017), a bench-
mark used for studying systematic generalization of seq2seq learners.4 The input vocabulary has N

symbols ai that are one-to-one mapped into N output symbols bi (i.e., ai ! bi). In addition, there
is a modifier token thrice: when thrice precedes an input symbol ai, the corresponding output is
repeated three times: thrice ai ! bibibi.

We train a learner on all non-compositional examples (ai ! bi) and M (M < N ) compositional
examples (thrice ai ! bibibi). At test time, we feed the learner with the remaining compositional
examples (thrice ai, i > M ). If the learner generalizes to the mapping thrice ai ! bibibi for i > M ,
we consider it to be biased toward a compositional reasoning (comp). As an alternative generalization,

3This mapping consist then on four combinations adbad ! b; adaad ! a; bdabd ! a and bdbbd ! b.
4In Appendix, we report a study of inductive biases on the SCAN data.

4

今日の話の主題
On the proper role of linguistically-oriented deep net analysis in 
linguistic theorizing [Baroni, 2021]が代弁

Deep netsが言語の
諸側面を捉えてい
ることが，言語に
ついて何を語って
いることになるの
か？ (の一考)



帰納バイアス (機械学習)

l Inductive bias
- The set of assumptions that the learner uses to predict outputs of given inputs that it has not encountered.
- An unbiased learning system’s ability to classify new instances is no better than if it simply stored all the training 

instances and performed a lookup when asked to classify a subsequent instance [Mitchell 1980]
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https://www.mlnar.com/inductive-bias.html



帰納バイアス (機械学習)

l Inductive bias
- The set of assumptions that the learner uses to predict outputs of given inputs that it has not encountered.
- An unbiased learning system’s ability to classify new instances is no better than if it simply stored all the training 

instances and performed a lookup when asked to classify a subsequent instance [Mitchell 1980]

l 有限のデータから未知のデータについて何か言う際には
仮定 (帰納バイアス) が必要
- 関係が線形だと思おう．入力が近ければ出力も近くなるだろう．
ニューラルネットでsoftな表現にしよう．Transformer layerを積みまくろう…

2021/9/18 最先端NLP 11

https://stackmorelayers.be/

https://www.mlnar.com/inductive-bias.html



人の帰納バイアス (言語獲得)

l 私たちは有限個の事例 (文) から，見たことのない文を書いたり読んだりで
きるようになる．しかも，皆同じ文法を獲得する (刺激の貧困, Chomsky)
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人の帰納バイアス (言語獲得)

l 私たちは有限個の事例 (文) から，見たことのない文を書いたり読んだりで
きるようになる．しかも，皆同じ文法を獲得する (刺激の貧困, Chomsky)

l 何らかの帰納バイアスに従って，言語獲得が進んでいるように見える
- それはどんなバイアスか？
- 人は生得的に何かを持っているのか？
- 人間の本質はなにか？
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We do not learn, and that what we call 
learning is only a process of recollection.
-- Plato

A consistent materialist would consider it as self-evident that the mind has very 
important innate structures, physically realized in some manner. Why should it be 
otherwise?
-- Noam Chomsky

No man’s knowledge here can go beyond  his experience.
-- John LockeI think; therefore I am

-- Rene Descartes

All men are created equal
-- Thomas Jefferson There has to be innate circuitry that does the learning, that creates the 

culture, that acquires the culture, and that responds to socialization.
-- Steven Pinker スティーブン・ピンカー：書き込まれた「空白の石版」 - TED

長きに亘る nature-nurture debate

https://www.ted.com/talks/steven_pinker_human_nature_and_the_blank_slate?language=ja
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We do not learn, and that what we call 
learning is only a process of recollection.
-- Plato

A consistent materialist would consider it as self-evident that the mind has very 
important innate structures, physically realized in some manner. Why should it be 
otherwise?
-- Noam Chomsky

No man’s knowledge here can go beyond  his experience.
-- John LockeI think; therefore I am

-- Rene Descartes

All men are created equal
-- Thomas Jefferson

スティーブン・ピンカー：書き込まれた「空白の石版」 - TED

Artificial neural networks learn some kinds of linguistic structure only from data !!!??? 
-- 21st natural language processing

言語は経験的に獲得できるということ？？
今日の紹介で少しでも洞察を与えられたらOK

https://www.ted.com/talks/steven_pinker_human_nature_and_the_blank_slate?language=ja


人の言語獲得に関する帰納バイアスをどう調べるか
l 人を調べる

- 子供が言語の階層的な一般化を好むことを心理実験などで示す [Perfors+, 2001]など
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この分け方は [McCoy+, 2018] より



人の言語獲得に関する帰納バイアスをどう調べるか
l 人を調べる

- 子供が言語の階層的な一般化を好むことを心理実験などで示す [Perfors+, 2001]など

l 数理モデルを用いる(構成論的なアプローチ)
- 議論の例: 何らかのモデル (人らしい生得的能力を持っていないまっさらな状態と仮定) が，データのみからX (例. 文法) を獲得
できるならば，Xは経験的に獲得できる (Xを生得的に獲得していることが言語獲得のための必要条件ではない)
- “The APS [(argument from the poverty of the stimulus)] predicts that any artificial leaner trained with no prior knowledge of the principles of syntax [. . . ] must fail to 

make acceptability judgments with human-level accuracy.[. . . ] If linguistically uninformed neural network models achieve human-level performance on specific 
phenomena [. . . ], this would be clear evidence limiting the scope of phenomena for which the APS can hold” [Warstadt+,2019]

- “Our results also contribute to the long-running nature-nurture debate in language acquisition: whether the success of neural models implies that unbiased learners 
can learn natural languages with enough data, or whether human abilities to acquire language given sparse stim-ulus implies a strong innate human learning bias” 
[Papadimitriou & Jurafsy, 2020]

- [Baroni, 2021]より引用，このような論法をblank slate argumentと呼んでいる．
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can learn natural languages with enough data, or whether human abilities to acquire language given sparse stim-ulus implies a strong innate human learning bias” 
[Papadimitriou & Jurafsy, 2020]

- [Baroni, 2021]より引用，このような論法をblank slate argumentと呼んでいる．
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こういうことを言っていいのか？
短絡的では？ [Baroni, 2021] 

この分け方は [McCoy+, 2018] より

妥当？



再掲: ニューラルネットの帰納バイアス
l ニューラルモデルがごく少数 (単一) のインスタンスからどのような汎化を
好むかを通して，モデルの帰納バイアス (initの時点で獲得した考え方の癖) を分析

l 人らしい帰納バイアスを持っていないという仮定は強すぎるので，
blank slate argumentは短絡的
- モデルによっては，階層的な汎化を好むなど人らしい帰納バイアスを既に有している
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Published as a conference paper at ICLR 2021

aaa ! bbb

<latexit sha1_base64="2aP1qHe7cCIfZJZf006ToyPFAlM=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimTNNuGZrNLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZRxLBtfG8b6ewtr6xuVXcLu3s7u0fuIdHLR2nirImjUWsOgQ0E1yypuFGsE6iGEREsDYZ38z89gNTmsfy3mQJCyIYSh5yCsZKfbcMALin+HBkQKn4ERNC+m7Fq3pz4FXi56SCcjT67ldvENM0YtJQAVp3fS8xwQSU4VSwaamXapYAHcOQdS2VEDEdTObHT/GpVQY4jJUtafBc/T0xgUjrLCK2MwIz0sveTPzP66YmvAwmXCapYZIuFoWpwCbGsyTwgCtGjcgsAaq4vRXTESigxuZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBNRlKFn9IrenCfnxXl3PhatBSefKaM/cD5/AGgPlKM=</latexit>

test example aa ! ?

<latexit sha1_base64="zC7LQM7YZYuoBe5SPPwHFlyMIso=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFchUQq6sqiG5cV7AOaUG6mk2bo5MHMRCmhOzf+ihsXirj1F9z5N07bLLT1wIXDOfdy7z1+yplUtv1tLCwuLa+sltbK6xubW9vmzm5TJpkgtEESnoi2D5JyFtOGYorTdiooRD6nLX9wPfZb91RIlsR3aphSL4J+zAJGQGmpax4AYFewfqhAiOQBu6FMgdDcsk9JNLrsmhXbsifA88QpSAUVqHfNL7eXkCyisSIcpOw4dqq8HIRihNNR2c0k1QsG0KcdTWOIqPTyyR8jfKSVHg4SoStWeKL+nsghknIY+bozAhXKWW8s/ud1MhWcezmL00zRmEwXBRnHKsHjUHCPCUoUH2oCRDB9KyYhCCBKR1fWITizL8+T5onlVK2L22qldlXEUUL76BAdIwedoRq6QXXUQAQ9omf0it6MJ+PFeDc+pq0LRjGzh/7A+PwBSTCY9A==</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

(count)

(mem)

(linear)

(hierar)

aabaa ! b

<latexit sha1_base64="/YFAJknAn2U8M0GNie5D5uxl4Tw=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMEALgnmLDkQGl5CMO+27Fq3pz4FXi56SCcjT67ldvIEkaU2EIB627vpeYYALKMMLptNRLNU2AjGFIu5YKiKkOJvPjp/jUKgMcSWVLGDxXf09MINY6i0PbGYMZ6WVvJv7ndVMTXQYTJpLUUEEWi6KUYyPxLAk8YIoSwzNLgChmb8VkBAqIsXmVbAj+8surpHVe9WvVq7tapX6dx1FEx+gEnSEfXaA6ukUN1EQEZegZvaI358l5cd6dj0VrwclnyugPnM8fZqiUog==</latexit>

aba ! ?

<latexit sha1_base64="4YyIpL4gWY0aiFz+Nr1J+DsIshc=">AAACCXicbVC7SgNBFJ2Nrxhfq5Y2g0GwWnYlolYGbSwjmAckS7g7mSRDZmaXmVklLGlt/BUbC0Vs/QM7/8bJo9DEAxcO59zLvfdECWfa+P63k1taXlldy68XNja3tnfc3b2ajlNFaJXEPFaNCDTlTNKqYYbTRqIoiIjTejS4Hvv1e6o0i+WdGSY0FNCTrMsIGCu1XQwR4JZivb4BpeIH3OrrBAjNfO9UiBG+bLtF3/MnwIskmJEimqHSdr9anZikgkpDOGjdDPzEhBkowwino0Ir1dRuGECPNi2VIKgOs8knI3xklQ7uxsqWNHii/p7IQGg9FJHtFGD6et4bi/95zdR0z8OMySQ1VJLpom7KsYnxOBbcYYoSw4eWAFHM3opJHxQQY8Mr2BCC+ZcXSe3EC0rexW2pWL6axZFHB+gQHaMAnaEyukEVVEUEPaJn9IrenCfnxXl3PqatOWc2s4/+wPn8AX7kmZQ=</latexit>

a

<latexit sha1_base64="bihfQSgohUCaiZLH8E/K/puHk0I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmrRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fxz2M8Q==</latexit>

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

(comp)

(mem)

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

a ! a

<latexit sha1_base64="jnXbe6btQmwXgibKAN2VhSH1B5w=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qXMptk2NJssSVapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3dsvuweHLS1TRWiTSC5VJwRNORO0aZjhtJMoCnHIaTsc38z89gNVmklxbyYJDWIYChYxAsZKfbcMuKfYcGRAKfmIoe9WvKo3B14lfk4qKEej7371BpKkMRWGcNC663uJCTJQhhFOp6VeqmkCZAxD2rVUQEx1kM0Pn+JTqwxwJJUtYfBc/T2RQaz1JA5tZwxmpJe9mfif101NdBlkTCSpoYIsFkUpx0biWQp4wBQlhk8sAaKYvRWTESggxmZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBMRlKJn9IrenCfnxXl3PhatBSefOUJ/4Hz+AGnJkvQ=</latexit>

b ! b

<latexit sha1_base64="y/odGoA3GMubqSuaA2hvPYvW6gw=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qVk02wbmk2WZFapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyaCG/C8b6ewtr6xuVXcLu3s7u2X3YPDllGppqxJlVC6ExLDBJesCRwE6ySakTgUrB2Ob2Z++4Fpw5W8h0nCgpgMJY84JWClvlsOcU/z4QiI1uoRh3234lW9OfAq8XNSQTkafferN1A0jZkEKogxXd9LIMiIBk4Fm5Z6qWEJoWMyZF1LJYmZCbL54VN8apUBjpS2JQHP1d8TGYmNmcSh7YwJjMyyNxP/87opRJdBxmWSApN0sShKBQaFZyngAdeMgphYQqjm9lZMR0QTCjarkg3BX355lbTOq36tenVXq9Sv8ziK6BidoDPkowtUR7eogZqIohQ9o1f05jw5L86787FoLTj5zBH6A+fzB2zfkvY=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

Count-or-Memorization

<latexit sha1_base64="dl6D95tdDzd51TNAft5O5SVEngo=">AAACEXicbVC7SgNBFJ31GeMrammzGAQbw64E1C6YxkaIYB6QhDA7uUkG57HM3BXjkl+w8VdsLBSxtbPzb9xsUmjigWEO55zLzD1BKLhFz/t2FhaXlldWM2vZ9Y3Nre3czm7N6sgwqDIttGkE1ILgCqrIUUAjNEBlIKAe3JbHfv0OjOVa3eAwhLakfcV7nFFMpE7uqIVwj0bG6c0xLutI4bE2x1cgteEPaW40ynZyea/gpXDniT8leTJFpZP7anU1iyQoZIJa2/S9ENsxNciZgFG2FVkIKbulfWgmVFEJth2nG43cw0Tpuj1tkqPQTdXfEzGV1g5lkCQlxYGd9cbif14zwt5ZO+YqjBAUmzzUi4SL2h3X43a5AYZimBDKDE/+6rIBNZRhUuK4BH925XlSOyn4xcL5dTFfupjWkSH75IAcEZ+ckhK5JBVSJYw8kmfySt6cJ+fFeXc+JtEFZzqzR/7A+fwBMTKegQ==</latexit>

Composition-or-Memorization

<latexit sha1_base64="AU3h0Xycm3+2dblNcl19kE3syhg=">AAACF3icbVC7SgNBFJ31GeMrammzGASbhF0JqF0wjY0QwTwgCWF2cpMMmdlZZu6Kcclf2PgrNhaK2Grn37i7SaGJB4Y5nHMul3u8QHCDjvNtLS2vrK6tZzaym1vbO7u5vf26UaFmUGNKKN30qAHBfaghRwHNQAOVnoCGN6okfuMOtOHKv8VxAB1JBz7vc0Yxlrq5YhvhHrWM0p9jVFEyUIYnbkHpwjVIpflDmp5Mst1c3ik6KexF4s5InsxQ7ea+2j3FQgk+MkGNablOgJ2IauRMwCTbDg0ElI3oAFox9akE04nSuyb2caz07L7S8fPRTtXfExGVxoylFyclxaGZ9xLxP68VYv+8E3E/CBF8Nl3UD4WNyk5KsntcA0MxjgllOi6D2WxINWUYV5mU4M6fvEjqp0W3VLy4KeXLl7M6MuSQHJET4pIzUiZXpEpqhJFH8kxeyZv1ZL1Y79bHNLpkzWYOyB9Ynz9YnKFI</latexit>

Hierarchical-or-Linear

<latexit sha1_base64="z+j/XVE4K8yKa/1sdHAWANdl7aI=">AAACEnicbVC7TgJBFJ31ifhatbTZSEy0gOwaErUj2lBYYCKPBAiZHS4wYWZ3M3PXSDZ8g42/YmOhMbZWdv6Ns0Ch4Ekmc3LOvXfmHj8SXKPrfltLyyura+uZjezm1vbOrr23X9NhrBhUWShC1fCpBsEDqCJHAY1IAZW+gLo/vE79+j0ozcPgDkcRtCXtB7zHGUUjdezTFsIDKplMbo5JmYOiig1MhciHKn9jBlM1Hmc7ds4tuBM4i8SbkRyZodKxv1rdkMUSAmSCat303AjbCVXImYBxthVriCgb0j40DQ2oBN1OJiuNnWOjdJ1eqMwJ0JmovzsSKrUeSd9USooDPe+l4n9eM8beRTvhQRQjBGz6UC8WDoZOmo/T5QoYipEhlClu/uqwAVWUoUkxDcGbX3mR1M4KXrFweVvMla5mcWTIITkiJ8Qj56REyqRCqoSRR/JMXsmb9WS9WO/Wx7R0yZr1HJA/sD5/AILSnp4=</latexit>

Add-or-Multiply

<latexit sha1_base64="Qjee5BVEq+vKsWYHnWbnBQlIpYA=">AAACC3icbVDLSsNAFJ34rPUVdekmtAhuWhIpqLuqGzdCBfuANpTJZNIOnUnCzI0YQvdu/BU3LhRx6w+4829M0iy09cDlHs65l5l7nJAzBab5rS0tr6yurZc2yptb2zu7+t5+RwWRJLRNAh7InoMV5cynbWDAaS+UFAuH064zucr87j2VigX+HcQhtQUe+cxjBEMqDfXKAOgDSJHknUFy4bq1QNZuIg4s5PF0Wh7qVbNu5jAWiVWQKirQGupfAzcgkaA+EI6V6ltmCHaCJTDC6bQ8iBQNMZngEe2n1MeCKjvJb5kaR6niGl4g0/LByNXfGwkWSsXCSScFhrGa9zLxP68fgXdmJ8wPI6A+mT3kRdyAwMiCMVwmKQEepwQTydK/GmSMJSaQxpeFYM2fvEg6J3WrUT+/bVSbl0UcJXSIKugYWegUNdE1aqE2IugRPaNX9KY9aS/au/YxG13Sip0D9Afa5w/83pun</latexit>

(add)

(mem)

train exampletrain example

test example

train example

test example

train example

test example

aa ! bbbb

<latexit sha1_base64="a4iN37u8WAC9fwuLOaFSCqDHf/w=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMgHuKDUcGlJKPOLTouxWv6s2BV4mfkwrK0ei7X72BJGlMhSEctO76XmKCCSjDCKfTUi/VNAEyhiHtWiogpjqYzI+f4lOrDHAklS1h8Fz9PTGBWOssDm1nDGakl72Z+J/XTU10GUyYSFJDBVksilKOjcSzJPCAKUoMzywBopi9FZMRKCDG5lWyIfjLL6+S1nnVr1Wv7mqV+nUeRxEdoxN0hnx0geroFjVQExGUoWf0it6cJ+fFeXc+Fq0FJ58poz9wPn8AaY6UpA==</latexit>

a ! ?

<latexit sha1_base64="MdWGCyoEtQk4iPFMQu2DAITPSsU=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFchUQq6sqiG5cV7AOaUCbTSTN0ZhJmJkoJXbnxV9y4UMSt3+DOv3HaZqGtBy4czrmXe+8JU0aVdt1va2FxaXlltbRWXt/Y3Nq2d3abKskkJg2csES2Q6QIo4I0NNWMtFNJEA8ZaYWD67HfuidS0UTc6WFKAo76gkYUI22krn2AoC9pP9ZIyuQB+rFKESa5455iPrrs2hXXcSeA88QrSAUUqHftL7+X4IwToTFDSnU8N9VBjqSmmJFR2c8UMQsGqE86hgrEiQryyRsjeGSUHowSaUpoOFF/T+SIKzXkoenkSMdq1huL/3mdTEfnQU5Fmmki8HRRlDGoEzjOBPaoJFizoSEIS2puhThGEmFtkiubELzZl+dJ88Txqs7FbbVSuyriKIF9cAiOgQfOQA3cgDpoAAwewTN4BW/Wk/VivVsf09YFq5jZA39gff4AheWYiQ==</latexit>

(mul)

bbbb

<latexit sha1_base64="Skuwggtv7n9iurfu6b6dnycPw7E=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKoN6KXjxWsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqW19Y3NrfJ2ZWd3b/+genjUNnGqKWvRWMS6GxLDBFesZbkVrJtoRmQoWCec3OV+54lpw2P1aKcJCyQZKR5xSmwuhQ6Das2re3PgVeIXpAYFmoPqV38Y01QyZakgxvR8L7FBRrTlVLBZpZ8alhA6ISPWc1QRyUyQzW+d4TOnDHEUa1fK4rn6eyIj0pipDF2nJHZslr1c/M/rpTa6DjKuktQyRReLolRgG+P8cTzkmlErpo4Qqrm7FdMx0YRaF0/FheAvv7xK2hd1/7J+83BZa9wWcZThBE7hHHy4ggbcQxNaQGEMz/AKb0iiF/SOPhatJVTMHMMfoM8f93WONg==</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

thricea ! aaa

<latexit sha1_base64="qnFGHcCsleGiOXNIMFDZUtpqE2A=">AAACHnicbVDJSgNBEO1xN25Rj14ag+DFYcYF9SZ68ahgVEhCqOlUMo3dM0N3jRKGfIkXf8WLB0UET/o3dmIEt9c0vHpVRVW9KFPSUhC8eyOjY+MTk1PTpZnZufmF8uLSuU1zI7AqUpWaywgsKplglSQpvMwMgo4UXkRXR/38xTUaK9PkjLoZNjR0EtmWAshJzfIOxUYKrMc2A4FF4O9o3YOvcCPwt1xcN7ITExiT3nDov2a5EvjBAPwvCYekwoY4aZZf661U5BoTEgqsrYVBRo0CDEmhsFeq5xbdxCvoYM3RBDTaRjE4r8fXnNLi7dS4nxAfqN87CtDWdnXkKjVQbH/n+uJ/uVpO7b1GIZMsJ0zE56B2rjilvO8Vb0mDglTXERBGul25iMGAIOdoyZkQ/j75Lznf9MNtf/90u3JwOLRjiq2wVbbOQrbLDtgxO2FVJtgtu2eP7Mm78x68Z+/ls3TEG/Yssx/w3j4AA+KiZg==</latexit>

thrice b! ?

<latexit sha1_base64="gbmyyfTl9bxXUBY/8c/CKSNznlI=">AAACKXicbVBNS8NAEN34WetX1KOXxSJ4sSRSUU8WvXhUsCq0pWy202ZxNwm7E6WE/h0v/hUvCop69Y+4TSP49WDhzXszzM4LEikMet6bMzE5NT0zW5orzy8sLi27K6sXJk41hwaPZayvAmZAiggaKFDCVaKBqUDCZXB9PPIvb0AbEUfnOEigrVg/Ej3BGVqp49Yx1IJDKzQJ45B51V2lhsFXuT2uW1r0Q2Rax7f0y/Jzhx523IpX9XLQv8QvSIUUOO24T61uzFMFEXLJjGn6XoLtjGkUXMKw3EoN2A3XrA9NSyOmwLSz/NIh3bRKl/ZibV+ENFe/T2RMGTNQge1UDEPz2xuJ/3nNFHv77UxESYoQ8fGiXiopxnQUG+0KDRzlwBLGtbB/pTxkmnG04ZZtCP7vk/+Si52qX6senNUq9aMijhJZJxtki/hkj9TJCTklDcLJHXkgz+TFuXcenVfnfdw64RQza+QHnI9P8/inCQ==</latexit>

Figure 1: Illustration of the tasks. After training on the train examples (green blocks), learners
are tested on held-out examples (red blocks). In pink blocks are generalizations according to the
candidate rules.

By a
k we denote a sequence that contains token a repeated k times. For training, we represent

sequences in a standard way: the tokens are one-hot-encoded separately, and we append a special
end-of-sequence token to each sequence. Input and output vocabularies are disjoint.

Count-or-Memorization: In this task, we contrast learners’ preferences for counting vs. memoriza-
tion. We train models to fit a single training example with input a

l and output b
l (i.e., to perform the

mapping a
l ! b

l) and test it on a
m with m 2 [l�10, l+10]. If a learner learns the constant function,

outputting b
l independently of its inputs, then it follows the mem strategy. On the other hand, if it

generalizes to the a
m ! b

m mapping, then the learner is biased toward the count strategy.

Add-or-Multiply: This task is akin to the motivating example in Section 1. The single training
example represents a mapping of an input string a

l to an output string b
2l. As test inputs, we generate

a
m for m in the interval [l � 3, l + 3]. We consider the learned rule to be consistent with mul if for

all m, the input/output pairs are consistent with a
m ! b

2m. Similarly, if they are consistent with
a
m ! b

m+l, we say that the learner follows the addition rule, add. Finally, the learner can learn a
constant mapping a

m ! b
2l for any m. Again, we call this rule mem.

Hierarchical-or-Linear: For a fixed depth d, we train learners on four training examples x
d
yx

d ! y

where x, y 2 {a, b}.3 Each training example has a nested structure, where d defines its depth. A
learner with a hierarchical bias (hierar), would output the middle symbol. We also consider the
linear rule (linear) in which the learner outputs the (d+1)th symbol of its input.
To probe learners’ biases, we test them on inputs with different depths m 2 [d � 2, d + 2]. Note that
to examine the linear rule (i.e. if the learner outputs the (d+1)th symbol of any test input of depth
m), we need m � d

2 . Similar to the previous tasks, there is no vocabulary sharing between a model’s
inputs and outputs (input and output tokens a and b are different).

Composition-or-Memorization: We take inspiration from SCAN (Lake & Baroni, 2017), a bench-
mark used for studying systematic generalization of seq2seq learners.4 The input vocabulary has N

symbols ai that are one-to-one mapped into N output symbols bi (i.e., ai ! bi). In addition, there
is a modifier token thrice: when thrice precedes an input symbol ai, the corresponding output is
repeated three times: thrice ai ! bibibi.

We train a learner on all non-compositional examples (ai ! bi) and M (M < N ) compositional
examples (thrice ai ! bibibi). At test time, we feed the learner with the remaining compositional
examples (thrice ai, i > M ). If the learner generalizes to the mapping thrice ai ! bibibi for i > M ,
we consider it to be biased toward a compositional reasoning (comp). As an alternative generalization,

3This mapping consist then on four combinations adbad ! b; adaad ! a; bdabd ! a and bdbbd ! b.
4In Appendix, we report a study of inductive biases on the SCAN data.
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l あるモデル𝑀が，学習データ T = {𝑥!, 𝑦!}から，規則 A, Bどちらの汎化を好むかを知りたい

l 気持ち:
モデル𝑴を学習事例𝐓で事前訓練した後，ある規則に従うデータ𝑫で追加学習する．
validation lossの収束が早い⇔その規則を好む帰納バイアスを有する

テクニカルな面: 記述長に基づいた評価
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𝑎! → 𝑏"!𝑎𝑎 → 𝑏𝑏𝑏𝑏 出力が常に 𝑏𝑏𝑏𝑏

簡略化のため
に結構嘘を
ついています．
気になる人は
論文を読んで
欲しい



l あるモデル𝑀が，学習データ T = {𝑥!, 𝑦!}から，規則 A, Bどちらの汎化を好むかを知りたい

l 気持ち:
モデル𝑴を学習事例𝐓で事前訓練した後，ある規則に従うデータ𝑫で追加学習する．
validation lossの収束が早い⇔その規則を好む帰納バイアスを有する

l 学習データで学習したモデルにとって，どちらの規則に従うデータ𝐷", 𝐷#が
「簡潔か」を調べる
- この簡潔さとして，情報理論の言葉でモデルとデータの圧縮転送コスト (記述長) を考える

(prequential codes) [Dawid, 1984] [Blier&Olliver, 2018]

テクニカルな面: 記述長に基づいた評価
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𝑎! → 𝑏"!𝑎𝑎 → 𝑏𝑏𝑏𝑏 出力が常に 𝑏𝑏𝑏𝑏

{𝑥!, 𝑦!}

{𝑥!, 𝑦!}を知っているAが {𝑥!}しか知らな
いBに, {𝑦!}と最終的にそのデータで学
習されるモデルのパラメータを転送し
たい．どのモデルをどのような設定で
アップデートするかはお互い合意がと
れている．データ{𝑦!}をブロックに分け
て圧縮して転送し，転送済みのデータ
で両者のモデルをアップデートすると
いう手続きを繰り返すことで転送を行
う (prequential codes)．このとき転送
にかかった総コスト (nats) を，その
データとモデルの記述長とみなす

{𝑥!}

𝑦!は #$%^ だよ！
𝑀!"# 𝑀!"#

−log 𝑝(𝑦!|𝑥!) nats
A B

𝑦&を知らない
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The very first output y1 can be sent by using not more than c = |y1| · log |V | nats, using a naïve
encoding.2 After that, both Alice and Bob update their learners using the example (x1, y1), available
to both of them, and get identical instances of M1.

Further transfer is done iteratively under the invariant that both Alice and Bob start every step t with
exactly the same learners Mt�1 and finish with identical Mt. At step t Alice would use Mt�1 to
encode the next output yt. This can be done using

�
� log pMt�1(yt|xt)

�
nats (MacKay, 2003). Since

Bob has exactly the same model, he can decode the message to obtain yt and use the new pair (xt, yt)
to update his model and get Mt. Alice also updates her model, and proceeds to sending the next yt+1

(if any), encoding it with the help of Mt. The cumulative number of nats transmitted is:

LM(D) = �
kX

t=2

log pMt�1(yt|xt) + c. (1)

The obtained code length of Eq. 1 depends on the order in which y are transmitted and the procedure
we use to update M. To account for that, we average out the data order by training with multiple
random seeds. Further, for larger datasets, full re-training after adding a new example is impractical
and, in such cases, examples can be transmitted in blocks.

If we measure the description length of the training data T shuffled with the hold-out data H , both
datasets would have symmetric roles. However, there is a certain asymmetry in the extrapolation
problem: we are looking for an extrapolation from T , not vice-versa. To break this symmetry, we
always transmit outputs for the entire training data as the first block.

While LM(D) is seemingly different from the “intuitive” measures introduced before, we can
illustrate their connection as follows. Consider a case where we first transmit the training outputs
as the first block and all of the hold-out data outputs under C, C(H), as the second block. Then the
description length is equal to cross-entropy of the trained learner on the hold-out data, recovering a
process akin to the “intuitive” measuring of inductive biases. With smaller blocks, the description
length also catches whether a learner is capable of finding regularity in the data fast, with few data
points; hence it also encodes the speed-of-learning ideas for measuring inductive biases (Chaabouni
et al., 2019).

Finally, the description length has three more attractive properties when measuring inductive biases:
(a) it is domain-independent, i.e. can be applied for instance in the image domain, (b) it allows
comparisons across models that account for model complexity, and (c) it enables direct comparison
between two candidate rules (as we will show in the Section 5).

3 TASKS

We describe four tasks that we use to study inductive biases of seq2seq learners. We select those
tasks to cover different aspects of learners’ behavior. Each task has a highly ambiguous training
set which is consistent with infinite number of generalizations. We pre-select several candidate
rules highlighting biases that are useful for language processing and known to exist in humans, or
are otherwise reasonable. Our experiments show that these rules cover many cases of the learners’
behavior.

The first two tasks study biases in arithmetic reasoning: Count-or-Memorization quantifies learners’
preference for counting vs. a simple memorization and Add-or-Multiply further probes the learners’
preferences in arithmetic operations. We believe these tasks are interesting, as counting is needed
in some NLP problems like processing linearized parse trees (Weiss et al., 2018). The third task,
Hierarchical-or-Linear, contrasts hierarchical and linear inductive reasoning. The hierarchical
reasoning bias is believed to be fundamental in learning some syntactical rules in human acquisition
of syntax (Chomsky, 1965; 1980). Finally, with the Composition-or-Memorization task, we investigate
biases for systematic compositionality, which are central for human capabilities in language. Figure 1
illustrates these four tasks.

2As we are interested in comparing candidate generalization rules, the value of the additive constant c is not
important, as it is learner- and candidate-independent. In experiments, we subtract it from all measurements.

3

𝑀'は学習データで学習したモデル．𝑀&('は，データ{𝑥) , 𝑦)})*'&('で学習したモデル．
𝐷からデータを1つ取り出す→そのデータの−log 𝑝(𝑦&|𝑥&)を計算する
→学習データに加えて𝑀&を訓練する (from scratch) を繰り返す．

各step 𝑡にてAdamで300epoch回す, 
optimizerはresetしない

具体的に計算しているものは結構トリッキー

簡略化のため，
厳密には嘘を
ついています．
気になる人は
論文を読んで
欲しい

面白いけど割愛 (不必要に実験手順が複雑になっているようにも見える)情報理論との接続



ニューラルネットの帰納バイアス
l 検証例1: Hierarchical or Linear
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aaa ! bbb

<latexit sha1_base64="2aP1qHe7cCIfZJZf006ToyPFAlM=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimTNNuGZrNLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZRxLBtfG8b6ewtr6xuVXcLu3s7u0fuIdHLR2nirImjUWsOgQ0E1yypuFGsE6iGEREsDYZ38z89gNTmsfy3mQJCyIYSh5yCsZKfbcMALin+HBkQKn4ERNC+m7Fq3pz4FXi56SCcjT67ldvENM0YtJQAVp3fS8xwQSU4VSwaamXapYAHcOQdS2VEDEdTObHT/GpVQY4jJUtafBc/T0xgUjrLCK2MwIz0sveTPzP66YmvAwmXCapYZIuFoWpwCbGsyTwgCtGjcgsAaq4vRXTESigxuZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBNRlKFn9IrenCfnxXl3PhatBSefKaM/cD5/AGgPlKM=</latexit>

test example aa ! ?

<latexit sha1_base64="zC7LQM7YZYuoBe5SPPwHFlyMIso=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFchUQq6sqiG5cV7AOaUG6mk2bo5MHMRCmhOzf+ihsXirj1F9z5N07bLLT1wIXDOfdy7z1+yplUtv1tLCwuLa+sltbK6xubW9vmzm5TJpkgtEESnoi2D5JyFtOGYorTdiooRD6nLX9wPfZb91RIlsR3aphSL4J+zAJGQGmpax4AYFewfqhAiOQBu6FMgdDcsk9JNLrsmhXbsifA88QpSAUVqHfNL7eXkCyisSIcpOw4dqq8HIRihNNR2c0k1QsG0KcdTWOIqPTyyR8jfKSVHg4SoStWeKL+nsghknIY+bozAhXKWW8s/ud1MhWcezmL00zRmEwXBRnHKsHjUHCPCUoUH2oCRDB9KyYhCCBKR1fWITizL8+T5onlVK2L22qldlXEUUL76BAdIwedoRq6QXXUQAQ9omf0it6MJ+PFeDc+pq0LRjGzh/7A+PwBSTCY9A==</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

(count)

(mem)

(linear)

(hierar)

aabaa ! b

<latexit sha1_base64="/YFAJknAn2U8M0GNie5D5uxl4Tw=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMEALgnmLDkQGl5CMO+27Fq3pz4FXi56SCcjT67ldvIEkaU2EIB627vpeYYALKMMLptNRLNU2AjGFIu5YKiKkOJvPjp/jUKgMcSWVLGDxXf09MINY6i0PbGYMZ6WVvJv7ndVMTXQYTJpLUUEEWi6KUYyPxLAk8YIoSwzNLgChmb8VkBAqIsXmVbAj+8surpHVe9WvVq7tapX6dx1FEx+gEnSEfXaA6ukUN1EQEZegZvaI358l5cd6dj0VrwclnyugPnM8fZqiUog==</latexit>

aba ! ?

<latexit sha1_base64="4YyIpL4gWY0aiFz+Nr1J+DsIshc=">AAACCXicbVC7SgNBFJ2Nrxhfq5Y2g0GwWnYlolYGbSwjmAckS7g7mSRDZmaXmVklLGlt/BUbC0Vs/QM7/8bJo9DEAxcO59zLvfdECWfa+P63k1taXlldy68XNja3tnfc3b2ajlNFaJXEPFaNCDTlTNKqYYbTRqIoiIjTejS4Hvv1e6o0i+WdGSY0FNCTrMsIGCu1XQwR4JZivb4BpeIH3OrrBAjNfO9UiBG+bLtF3/MnwIskmJEimqHSdr9anZikgkpDOGjdDPzEhBkowwino0Ir1dRuGECPNi2VIKgOs8knI3xklQ7uxsqWNHii/p7IQGg9FJHtFGD6et4bi/95zdR0z8OMySQ1VJLpom7KsYnxOBbcYYoSw4eWAFHM3opJHxQQY8Mr2BCC+ZcXSe3EC0rexW2pWL6axZFHB+gQHaMAnaEyukEVVEUEPaJn9IrenCfnxXl3PqatOWc2s4/+wPn8AX7kmZQ=</latexit>

a

<latexit sha1_base64="bihfQSgohUCaiZLH8E/K/puHk0I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmrRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fxz2M8Q==</latexit>

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

(comp)

(mem)

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

a ! a

<latexit sha1_base64="jnXbe6btQmwXgibKAN2VhSH1B5w=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qXMptk2NJssSVapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3dsvuweHLS1TRWiTSC5VJwRNORO0aZjhtJMoCnHIaTsc38z89gNVmklxbyYJDWIYChYxAsZKfbcMuKfYcGRAKfmIoe9WvKo3B14lfk4qKEej7371BpKkMRWGcNC663uJCTJQhhFOp6VeqmkCZAxD2rVUQEx1kM0Pn+JTqwxwJJUtYfBc/T2RQaz1JA5tZwxmpJe9mfif101NdBlkTCSpoYIsFkUpx0biWQp4wBQlhk8sAaKYvRWTESggxmZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBMRlKJn9IrenCfnxXl3PhatBSefOUJ/4Hz+AGnJkvQ=</latexit>

b ! b

<latexit sha1_base64="y/odGoA3GMubqSuaA2hvPYvW6gw=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qVk02wbmk2WZFapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyaCG/C8b6ewtr6xuVXcLu3s7u2X3YPDllGppqxJlVC6ExLDBJesCRwE6ySakTgUrB2Ob2Z++4Fpw5W8h0nCgpgMJY84JWClvlsOcU/z4QiI1uoRh3234lW9OfAq8XNSQTkafferN1A0jZkEKogxXd9LIMiIBk4Fm5Z6qWEJoWMyZF1LJYmZCbL54VN8apUBjpS2JQHP1d8TGYmNmcSh7YwJjMyyNxP/87opRJdBxmWSApN0sShKBQaFZyngAdeMgphYQqjm9lZMR0QTCjarkg3BX355lbTOq36tenVXq9Sv8ziK6BidoDPkowtUR7eogZqIohQ9o1f05jw5L86787FoLTj5zBH6A+fzB2zfkvY=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

Count-or-Memorization

<latexit sha1_base64="dl6D95tdDzd51TNAft5O5SVEngo=">AAACEXicbVC7SgNBFJ31GeMrammzGAQbw64E1C6YxkaIYB6QhDA7uUkG57HM3BXjkl+w8VdsLBSxtbPzb9xsUmjigWEO55zLzD1BKLhFz/t2FhaXlldWM2vZ9Y3Nre3czm7N6sgwqDIttGkE1ILgCqrIUUAjNEBlIKAe3JbHfv0OjOVa3eAwhLakfcV7nFFMpE7uqIVwj0bG6c0xLutI4bE2x1cgteEPaW40ynZyea/gpXDniT8leTJFpZP7anU1iyQoZIJa2/S9ENsxNciZgFG2FVkIKbulfWgmVFEJth2nG43cw0Tpuj1tkqPQTdXfEzGV1g5lkCQlxYGd9cbif14zwt5ZO+YqjBAUmzzUi4SL2h3X43a5AYZimBDKDE/+6rIBNZRhUuK4BH925XlSOyn4xcL5dTFfupjWkSH75IAcEZ+ckhK5JBVSJYw8kmfySt6cJ+fFeXc+JtEFZzqzR/7A+fwBMTKegQ==</latexit>

Composition-or-Memorization

<latexit sha1_base64="AU3h0Xycm3+2dblNcl19kE3syhg=">AAACF3icbVC7SgNBFJ31GeMrammzGASbhF0JqF0wjY0QwTwgCWF2cpMMmdlZZu6Kcclf2PgrNhaK2Grn37i7SaGJB4Y5nHMul3u8QHCDjvNtLS2vrK6tZzaym1vbO7u5vf26UaFmUGNKKN30qAHBfaghRwHNQAOVnoCGN6okfuMOtOHKv8VxAB1JBz7vc0Yxlrq5YhvhHrWM0p9jVFEyUIYnbkHpwjVIpflDmp5Mst1c3ik6KexF4s5InsxQ7ea+2j3FQgk+MkGNablOgJ2IauRMwCTbDg0ElI3oAFox9akE04nSuyb2caz07L7S8fPRTtXfExGVxoylFyclxaGZ9xLxP68VYv+8E3E/CBF8Nl3UD4WNyk5KsntcA0MxjgllOi6D2WxINWUYV5mU4M6fvEjqp0W3VLy4KeXLl7M6MuSQHJET4pIzUiZXpEpqhJFH8kxeyZv1ZL1Y79bHNLpkzWYOyB9Ynz9YnKFI</latexit>

Hierarchical-or-Linear

<latexit sha1_base64="z+j/XVE4K8yKa/1sdHAWANdl7aI=">AAACEnicbVC7TgJBFJ31ifhatbTZSEy0gOwaErUj2lBYYCKPBAiZHS4wYWZ3M3PXSDZ8g42/YmOhMbZWdv6Ns0Ch4Ekmc3LOvXfmHj8SXKPrfltLyyura+uZjezm1vbOrr23X9NhrBhUWShC1fCpBsEDqCJHAY1IAZW+gLo/vE79+j0ozcPgDkcRtCXtB7zHGUUjdezTFsIDKplMbo5JmYOiig1MhciHKn9jBlM1Hmc7ds4tuBM4i8SbkRyZodKxv1rdkMUSAmSCat303AjbCVXImYBxthVriCgb0j40DQ2oBN1OJiuNnWOjdJ1eqMwJ0JmovzsSKrUeSd9USooDPe+l4n9eM8beRTvhQRQjBGz6UC8WDoZOmo/T5QoYipEhlClu/uqwAVWUoUkxDcGbX3mR1M4KXrFweVvMla5mcWTIITkiJ8Qj56REyqRCqoSRR/JMXsmb9WS9WO/Wx7R0yZr1HJA/sD5/AILSnp4=</latexit>

Add-or-Multiply

<latexit sha1_base64="Qjee5BVEq+vKsWYHnWbnBQlIpYA=">AAACC3icbVDLSsNAFJ34rPUVdekmtAhuWhIpqLuqGzdCBfuANpTJZNIOnUnCzI0YQvdu/BU3LhRx6w+4829M0iy09cDlHs65l5l7nJAzBab5rS0tr6yurZc2yptb2zu7+t5+RwWRJLRNAh7InoMV5cynbWDAaS+UFAuH064zucr87j2VigX+HcQhtQUe+cxjBEMqDfXKAOgDSJHknUFy4bq1QNZuIg4s5PF0Wh7qVbNu5jAWiVWQKirQGupfAzcgkaA+EI6V6ltmCHaCJTDC6bQ8iBQNMZngEe2n1MeCKjvJb5kaR6niGl4g0/LByNXfGwkWSsXCSScFhrGa9zLxP68fgXdmJ8wPI6A+mT3kRdyAwMiCMVwmKQEepwQTydK/GmSMJSaQxpeFYM2fvEg6J3WrUT+/bVSbl0UcJXSIKugYWegUNdE1aqE2IugRPaNX9KY9aS/au/YxG13Sip0D9Afa5w/83pun</latexit>

(add)

(mem)

train exampletrain example

test example

train example

test example

train example

test example

aa ! bbbb

<latexit sha1_base64="a4iN37u8WAC9fwuLOaFSCqDHf/w=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMgHuKDUcGlJKPOLTouxWv6s2BV4mfkwrK0ei7X72BJGlMhSEctO76XmKCCSjDCKfTUi/VNAEyhiHtWiogpjqYzI+f4lOrDHAklS1h8Fz9PTGBWOssDm1nDGakl72Z+J/XTU10GUyYSFJDBVksilKOjcSzJPCAKUoMzywBopi9FZMRKCDG5lWyIfjLL6+S1nnVr1Wv7mqV+nUeRxEdoxN0hnx0geroFjVQExGUoWf0it6cJ+fFeXc+Fq0FJ58poz9wPn8AaY6UpA==</latexit>

a ! ?

<latexit sha1_base64="MdWGCyoEtQk4iPFMQu2DAITPSsU=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFchUQq6sqiG5cV7AOaUCbTSTN0ZhJmJkoJXbnxV9y4UMSt3+DOv3HaZqGtBy4czrmXe+8JU0aVdt1va2FxaXlltbRWXt/Y3Nq2d3abKskkJg2csES2Q6QIo4I0NNWMtFNJEA8ZaYWD67HfuidS0UTc6WFKAo76gkYUI22krn2AoC9pP9ZIyuQB+rFKESa5455iPrrs2hXXcSeA88QrSAUUqHftL7+X4IwToTFDSnU8N9VBjqSmmJFR2c8UMQsGqE86hgrEiQryyRsjeGSUHowSaUpoOFF/T+SIKzXkoenkSMdq1huL/3mdTEfnQU5Fmmki8HRRlDGoEzjOBPaoJFizoSEIS2puhThGEmFtkiubELzZl+dJ88Txqs7FbbVSuyriKIF9cAiOgQfOQA3cgDpoAAwewTN4BW/Wk/VivVsf09YFq5jZA39gff4AheWYiQ==</latexit>

(mul)

bbbb

<latexit sha1_base64="Skuwggtv7n9iurfu6b6dnycPw7E=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKoN6KXjxWsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqW19Y3NrfJ2ZWd3b/+genjUNnGqKWvRWMS6GxLDBFesZbkVrJtoRmQoWCec3OV+54lpw2P1aKcJCyQZKR5xSmwuhQ6Das2re3PgVeIXpAYFmoPqV38Y01QyZakgxvR8L7FBRrTlVLBZpZ8alhA6ISPWc1QRyUyQzW+d4TOnDHEUa1fK4rn6eyIj0pipDF2nJHZslr1c/M/rpTa6DjKuktQyRReLolRgG+P8cTzkmlErpo4Qqrm7FdMx0YRaF0/FheAvv7xK2hd1/7J+83BZa9wWcZThBE7hHHy4ggbcQxNaQGEMz/AKb0iiF/SOPhatJVTMHMMfoM8f93WONg==</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

thricea ! aaa

<latexit sha1_base64="qnFGHcCsleGiOXNIMFDZUtpqE2A=">AAACHnicbVDJSgNBEO1xN25Rj14ag+DFYcYF9SZ68ahgVEhCqOlUMo3dM0N3jRKGfIkXf8WLB0UET/o3dmIEt9c0vHpVRVW9KFPSUhC8eyOjY+MTk1PTpZnZufmF8uLSuU1zI7AqUpWaywgsKplglSQpvMwMgo4UXkRXR/38xTUaK9PkjLoZNjR0EtmWAshJzfIOxUYKrMc2A4FF4O9o3YOvcCPwt1xcN7ITExiT3nDov2a5EvjBAPwvCYekwoY4aZZf661U5BoTEgqsrYVBRo0CDEmhsFeq5xbdxCvoYM3RBDTaRjE4r8fXnNLi7dS4nxAfqN87CtDWdnXkKjVQbH/n+uJ/uVpO7b1GIZMsJ0zE56B2rjilvO8Vb0mDglTXERBGul25iMGAIOdoyZkQ/j75Lznf9MNtf/90u3JwOLRjiq2wVbbOQrbLDtgxO2FVJtgtu2eP7Mm78x68Z+/ls3TEG/Yssx/w3j4AA+KiZg==</latexit>

thrice b! ?

<latexit sha1_base64="gbmyyfTl9bxXUBY/8c/CKSNznlI=">AAACKXicbVBNS8NAEN34WetX1KOXxSJ4sSRSUU8WvXhUsCq0pWy202ZxNwm7E6WE/h0v/hUvCop69Y+4TSP49WDhzXszzM4LEikMet6bMzE5NT0zW5orzy8sLi27K6sXJk41hwaPZayvAmZAiggaKFDCVaKBqUDCZXB9PPIvb0AbEUfnOEigrVg/Ej3BGVqp49Yx1IJDKzQJ45B51V2lhsFXuT2uW1r0Q2Rax7f0y/Jzhx523IpX9XLQv8QvSIUUOO24T61uzFMFEXLJjGn6XoLtjGkUXMKw3EoN2A3XrA9NSyOmwLSz/NIh3bRKl/ZibV+ENFe/T2RMGTNQge1UDEPz2xuJ/3nNFHv77UxESYoQ8fGiXiopxnQUG+0KDRzlwBLGtbB/pTxkmnG04ZZtCP7vk/+Si52qX6senNUq9aMijhJZJxtki/hkj9TJCTklDcLJHXkgz+TFuXcenVfnfdw64RQza+QHnI9P8/inCQ==</latexit>

Figure 1: Illustration of the tasks. After training on the train examples (green blocks), learners
are tested on held-out examples (red blocks). In pink blocks are generalizations according to the
candidate rules.

By a
k we denote a sequence that contains token a repeated k times. For training, we represent

sequences in a standard way: the tokens are one-hot-encoded separately, and we append a special
end-of-sequence token to each sequence. Input and output vocabularies are disjoint.

Count-or-Memorization: In this task, we contrast learners’ preferences for counting vs. memoriza-
tion. We train models to fit a single training example with input a

l and output b
l (i.e., to perform the

mapping a
l ! b

l) and test it on a
m with m 2 [l�10, l+10]. If a learner learns the constant function,

outputting b
l independently of its inputs, then it follows the mem strategy. On the other hand, if it

generalizes to the a
m ! b

m mapping, then the learner is biased toward the count strategy.

Add-or-Multiply: This task is akin to the motivating example in Section 1. The single training
example represents a mapping of an input string a

l to an output string b
2l. As test inputs, we generate

a
m for m in the interval [l � 3, l + 3]. We consider the learned rule to be consistent with mul if for

all m, the input/output pairs are consistent with a
m ! b

2m. Similarly, if they are consistent with
a
m ! b

m+l, we say that the learner follows the addition rule, add. Finally, the learner can learn a
constant mapping a

m ! b
2l for any m. Again, we call this rule mem.

Hierarchical-or-Linear: For a fixed depth d, we train learners on four training examples x
d
yx

d ! y

where x, y 2 {a, b}.3 Each training example has a nested structure, where d defines its depth. A
learner with a hierarchical bias (hierar), would output the middle symbol. We also consider the
linear rule (linear) in which the learner outputs the (d+1)th symbol of its input.
To probe learners’ biases, we test them on inputs with different depths m 2 [d � 2, d + 2]. Note that
to examine the linear rule (i.e. if the learner outputs the (d+1)th symbol of any test input of depth
m), we need m � d

2 . Similar to the previous tasks, there is no vocabulary sharing between a model’s
inputs and outputs (input and output tokens a and b are different).

Composition-or-Memorization: We take inspiration from SCAN (Lake & Baroni, 2017), a bench-
mark used for studying systematic generalization of seq2seq learners.4 The input vocabulary has N

symbols ai that are one-to-one mapped into N output symbols bi (i.e., ai ! bi). In addition, there
is a modifier token thrice: when thrice precedes an input symbol ai, the corresponding output is
repeated three times: thrice ai ! bibibi.

We train a learner on all non-compositional examples (ai ! bi) and M (M < N ) compositional
examples (thrice ai ! bibibi). At test time, we feed the learner with the remaining compositional
examples (thrice ai, i > M ). If the learner generalizes to the mapping thrice ai ! bibibi for i > M ,
we consider it to be biased toward a compositional reasoning (comp). As an alternative generalization,

3This mapping consist then on four combinations adbad ! b; adaad ! a; bdabd ! a and bdbbd ! b.
4In Appendix, we report a study of inductive biases on the SCAN data.
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FPA " L, nats #
length l count mem count mem

LSTM-s2s no att. 40 1.00 0.00 0.01⇤ 97.51
30 0.97 0.00 0.01⇤ 72.67
20 0.07 0.00 2.49⇤ 55.67
10 0.00 0.00 88.27 48.67⇤

LSTM-s2s att. 40 0.99 0.00 7.84⇤ 121.48
30 0.96 0.02 1.14⇤ 83.48
20 0.70 0.16 5.73⇤ 49.33
10 0.00 0.20 98.12 8.46⇤

CNN-s2s {10, 20, 30, 40} 0.00 > 0.90 > 592.92 <1.31⇤

Transformer {10, 20, 30, 40} 0.00 > 0.97 > 113.30 <11.14⇤

(a) Count-or-Memorization

FPA " L, nats #
length l add mul mem add mul mem

LSTM-s2s no att. 20 0.00 0.94 0.00 25.42 0.31⇤ 57.32
15 0.07 0.65 0.00 19.24 4.67⇤ 43.65
10 0.95 0.01 0.00 0.68⇤ 26.58 25.15
5 0.04 0.00 0.00 17.12 50.83 18.60

LSTM-s2s att. 20 0.00 0.98 0.00 30.26 1.40⇤ 58.84
15 0.15 0.83 0.00 20.18 4.07⇤ 46.36
10 0.40 0.28 0.18 13.69 18.16 26.44
5 0.00 0.00 0.97 45.88 77.86 0.01⇤

CNN-s2s {5, 10, 15, 20} 0.00 0.00 1.0 > 318.12 > 346.19 0.00⇤

Transformer {5, 10, 15, 20} 0.00 0.00 1.0 > 38.77 > 50.64 <3.50⇤

(b) Add-or-Multiply

FPA " L, nats #
hierar linear hierar linear

LSTM-s2s no att. 0.05 0.00 31.04⇤ 61.84
LSTM-s2s att. 0.30 0.00 26.32⇤ 57.2
CNN-s2s 0.00 1.00 202.64 0.00⇤

Transformer 0.69 0.00 4.84⇤ 35.04

(c) Hierarchical-or-Linear with depth d = 4

FPA " L, nats #
M , examples comp mem comp mem

LSTM-s2s no att. 36 0.00 0.00 42.65 38.55
24 0.00 0.00 238.54 89.36⇤

6 0.00 0.00 656.93 157.55⇤

LSTM-s2s att. 36 0.00 0.00 62.34⇤ 70.92
24 0.00 0.00 263.33 157.82⇤
6 0.00 0.00 659.85 164.43⇤

CNN-s2s 36 0.75 0.00 1.44⇤ 49.92
24 0.13 0.00 13.75⇤ 84.55
6 0.00 0.00 131.63 29.66⇤

Transformer 36 0.00 0.82 147.83 6.36⇤

24 0.00 0.35 586.22 26.46⇤

6 0.00 0.00 1235.01 53.91⇤

(d) Composition-or-Memorization

Table 1: FPA measures the fraction of seeds that generalize according to a particular rule. Description
length L is averaged across examples and seeds. The lowest L are in bold and ⇤ denotes stat. sig.
difference in L (p < 10�3, paired t-test).
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LSTMやTransformerがNLPで比較的うまく動く
のは，階層的な帰納バイアスを持っているから？

※Transformerが階層的な処理を実現できるかは議論あり
[Hahn, 2020][Weiss+, 2021]．

※この研究は経験的にどのような傾向を好むか (確率が比較的高く割り振られるか) 
を調べており，実現できるかは別問題

小さい: その規則を好む



ニューラルネットの帰納バイアス
l 検証例2: Add, Multiply, or Memorize
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aaa ! bbb

<latexit sha1_base64="2aP1qHe7cCIfZJZf006ToyPFAlM=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimTNNuGZrNLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZRxLBtfG8b6ewtr6xuVXcLu3s7u0fuIdHLR2nirImjUWsOgQ0E1yypuFGsE6iGEREsDYZ38z89gNTmsfy3mQJCyIYSh5yCsZKfbcMALin+HBkQKn4ERNC+m7Fq3pz4FXi56SCcjT67ldvENM0YtJQAVp3fS8xwQSU4VSwaamXapYAHcOQdS2VEDEdTObHT/GpVQY4jJUtafBc/T0xgUjrLCK2MwIz0sveTPzP66YmvAwmXCapYZIuFoWpwCbGsyTwgCtGjcgsAaq4vRXTESigxuZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBNRlKFn9IrenCfnxXl3PhatBSefKaM/cD5/AGgPlKM=</latexit>

test example aa ! ?

<latexit sha1_base64="zC7LQM7YZYuoBe5SPPwHFlyMIso=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFchUQq6sqiG5cV7AOaUG6mk2bo5MHMRCmhOzf+ihsXirj1F9z5N07bLLT1wIXDOfdy7z1+yplUtv1tLCwuLa+sltbK6xubW9vmzm5TJpkgtEESnoi2D5JyFtOGYorTdiooRD6nLX9wPfZb91RIlsR3aphSL4J+zAJGQGmpax4AYFewfqhAiOQBu6FMgdDcsk9JNLrsmhXbsifA88QpSAUVqHfNL7eXkCyisSIcpOw4dqq8HIRihNNR2c0k1QsG0KcdTWOIqPTyyR8jfKSVHg4SoStWeKL+nsghknIY+bozAhXKWW8s/ud1MhWcezmL00zRmEwXBRnHKsHjUHCPCUoUH2oCRDB9KyYhCCBKR1fWITizL8+T5onlVK2L22qldlXEUUL76BAdIwedoRq6QXXUQAQ9omf0it6MJ+PFeDc+pq0LRjGzh/7A+PwBSTCY9A==</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

(count)

(mem)

(linear)

(hierar)

aabaa ! b

<latexit sha1_base64="/YFAJknAn2U8M0GNie5D5uxl4Tw=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMEALgnmLDkQGl5CMO+27Fq3pz4FXi56SCcjT67ldvIEkaU2EIB627vpeYYALKMMLptNRLNU2AjGFIu5YKiKkOJvPjp/jUKgMcSWVLGDxXf09MINY6i0PbGYMZ6WVvJv7ndVMTXQYTJpLUUEEWi6KUYyPxLAk8YIoSwzNLgChmb8VkBAqIsXmVbAj+8surpHVe9WvVq7tapX6dx1FEx+gEnSEfXaA6ukUN1EQEZegZvaI358l5cd6dj0VrwclnyugPnM8fZqiUog==</latexit>

aba ! ?

<latexit sha1_base64="4YyIpL4gWY0aiFz+Nr1J+DsIshc=">AAACCXicbVC7SgNBFJ2Nrxhfq5Y2g0GwWnYlolYGbSwjmAckS7g7mSRDZmaXmVklLGlt/BUbC0Vs/QM7/8bJo9DEAxcO59zLvfdECWfa+P63k1taXlldy68XNja3tnfc3b2ajlNFaJXEPFaNCDTlTNKqYYbTRqIoiIjTejS4Hvv1e6o0i+WdGSY0FNCTrMsIGCu1XQwR4JZivb4BpeIH3OrrBAjNfO9UiBG+bLtF3/MnwIskmJEimqHSdr9anZikgkpDOGjdDPzEhBkowwino0Ir1dRuGECPNi2VIKgOs8knI3xklQ7uxsqWNHii/p7IQGg9FJHtFGD6et4bi/95zdR0z8OMySQ1VJLpom7KsYnxOBbcYYoSw4eWAFHM3opJHxQQY8Mr2BCC+ZcXSe3EC0rexW2pWL6axZFHB+gQHaMAnaEyukEVVEUEPaJn9IrenCfnxXl3PqatOWc2s4/+wPn8AX7kmZQ=</latexit>

a

<latexit sha1_base64="bihfQSgohUCaiZLH8E/K/puHk0I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmrRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fxz2M8Q==</latexit>

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

(comp)

(mem)

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

a ! a

<latexit sha1_base64="jnXbe6btQmwXgibKAN2VhSH1B5w=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qXMptk2NJssSVapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3dsvuweHLS1TRWiTSC5VJwRNORO0aZjhtJMoCnHIaTsc38z89gNVmklxbyYJDWIYChYxAsZKfbcMuKfYcGRAKfmIoe9WvKo3B14lfk4qKEej7371BpKkMRWGcNC663uJCTJQhhFOp6VeqmkCZAxD2rVUQEx1kM0Pn+JTqwxwJJUtYfBc/T2RQaz1JA5tZwxmpJe9mfif101NdBlkTCSpoYIsFkUpx0biWQp4wBQlhk8sAaKYvRWTESggxmZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBMRlKJn9IrenCfnxXl3PhatBSefOUJ/4Hz+AGnJkvQ=</latexit>

b ! b

<latexit sha1_base64="y/odGoA3GMubqSuaA2hvPYvW6gw=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qVk02wbmk2WZFapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyaCG/C8b6ewtr6xuVXcLu3s7u2X3YPDllGppqxJlVC6ExLDBJesCRwE6ySakTgUrB2Ob2Z++4Fpw5W8h0nCgpgMJY84JWClvlsOcU/z4QiI1uoRh3234lW9OfAq8XNSQTkafferN1A0jZkEKogxXd9LIMiIBk4Fm5Z6qWEJoWMyZF1LJYmZCbL54VN8apUBjpS2JQHP1d8TGYmNmcSh7YwJjMyyNxP/87opRJdBxmWSApN0sShKBQaFZyngAdeMgphYQqjm9lZMR0QTCjarkg3BX355lbTOq36tenVXq9Sv8ziK6BidoDPkowtUR7eogZqIohQ9o1f05jw5L86787FoLTj5zBH6A+fzB2zfkvY=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

Count-or-Memorization

<latexit sha1_base64="dl6D95tdDzd51TNAft5O5SVEngo=">AAACEXicbVC7SgNBFJ31GeMrammzGAQbw64E1C6YxkaIYB6QhDA7uUkG57HM3BXjkl+w8VdsLBSxtbPzb9xsUmjigWEO55zLzD1BKLhFz/t2FhaXlldWM2vZ9Y3Nre3czm7N6sgwqDIttGkE1ILgCqrIUUAjNEBlIKAe3JbHfv0OjOVa3eAwhLakfcV7nFFMpE7uqIVwj0bG6c0xLutI4bE2x1cgteEPaW40ynZyea/gpXDniT8leTJFpZP7anU1iyQoZIJa2/S9ENsxNciZgFG2FVkIKbulfWgmVFEJth2nG43cw0Tpuj1tkqPQTdXfEzGV1g5lkCQlxYGd9cbif14zwt5ZO+YqjBAUmzzUi4SL2h3X43a5AYZimBDKDE/+6rIBNZRhUuK4BH925XlSOyn4xcL5dTFfupjWkSH75IAcEZ+ckhK5JBVSJYw8kmfySt6cJ+fFeXc+JtEFZzqzR/7A+fwBMTKegQ==</latexit>

Composition-or-Memorization

<latexit sha1_base64="AU3h0Xycm3+2dblNcl19kE3syhg=">AAACF3icbVC7SgNBFJ31GeMrammzGASbhF0JqF0wjY0QwTwgCWF2cpMMmdlZZu6Kcclf2PgrNhaK2Grn37i7SaGJB4Y5nHMul3u8QHCDjvNtLS2vrK6tZzaym1vbO7u5vf26UaFmUGNKKN30qAHBfaghRwHNQAOVnoCGN6okfuMOtOHKv8VxAB1JBz7vc0Yxlrq5YhvhHrWM0p9jVFEyUIYnbkHpwjVIpflDmp5Mst1c3ik6KexF4s5InsxQ7ea+2j3FQgk+MkGNablOgJ2IauRMwCTbDg0ElI3oAFox9akE04nSuyb2caz07L7S8fPRTtXfExGVxoylFyclxaGZ9xLxP68VYv+8E3E/CBF8Nl3UD4WNyk5KsntcA0MxjgllOi6D2WxINWUYV5mU4M6fvEjqp0W3VLy4KeXLl7M6MuSQHJET4pIzUiZXpEpqhJFH8kxeyZv1ZL1Y79bHNLpkzWYOyB9Ynz9YnKFI</latexit>

Hierarchical-or-Linear

<latexit sha1_base64="z+j/XVE4K8yKa/1sdHAWANdl7aI=">AAACEnicbVC7TgJBFJ31ifhatbTZSEy0gOwaErUj2lBYYCKPBAiZHS4wYWZ3M3PXSDZ8g42/YmOhMbZWdv6Ns0Ch4Ekmc3LOvXfmHj8SXKPrfltLyyura+uZjezm1vbOrr23X9NhrBhUWShC1fCpBsEDqCJHAY1IAZW+gLo/vE79+j0ozcPgDkcRtCXtB7zHGUUjdezTFsIDKplMbo5JmYOiig1MhciHKn9jBlM1Hmc7ds4tuBM4i8SbkRyZodKxv1rdkMUSAmSCat303AjbCVXImYBxthVriCgb0j40DQ2oBN1OJiuNnWOjdJ1eqMwJ0JmovzsSKrUeSd9USooDPe+l4n9eM8beRTvhQRQjBGz6UC8WDoZOmo/T5QoYipEhlClu/uqwAVWUoUkxDcGbX3mR1M4KXrFweVvMla5mcWTIITkiJ8Qj56REyqRCqoSRR/JMXsmb9WS9WO/Wx7R0yZr1HJA/sD5/AILSnp4=</latexit>

Add-or-Multiply

<latexit sha1_base64="Qjee5BVEq+vKsWYHnWbnBQlIpYA=">AAACC3icbVDLSsNAFJ34rPUVdekmtAhuWhIpqLuqGzdCBfuANpTJZNIOnUnCzI0YQvdu/BU3LhRx6w+4829M0iy09cDlHs65l5l7nJAzBab5rS0tr6yurZc2yptb2zu7+t5+RwWRJLRNAh7InoMV5cynbWDAaS+UFAuH064zucr87j2VigX+HcQhtQUe+cxjBEMqDfXKAOgDSJHknUFy4bq1QNZuIg4s5PF0Wh7qVbNu5jAWiVWQKirQGupfAzcgkaA+EI6V6ltmCHaCJTDC6bQ8iBQNMZngEe2n1MeCKjvJb5kaR6niGl4g0/LByNXfGwkWSsXCSScFhrGa9zLxP68fgXdmJ8wPI6A+mT3kRdyAwMiCMVwmKQEepwQTydK/GmSMJSaQxpeFYM2fvEg6J3WrUT+/bVSbl0UcJXSIKugYWegUNdE1aqE2IugRPaNX9KY9aS/au/YxG13Sip0D9Afa5w/83pun</latexit>

(add)

(mem)

train exampletrain example

test example

train example

test example

train example

test example

aa ! bbbb

<latexit sha1_base64="a4iN37u8WAC9fwuLOaFSCqDHf/w=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMgHuKDUcGlJKPOLTouxWv6s2BV4mfkwrK0ei7X72BJGlMhSEctO76XmKCCSjDCKfTUi/VNAEyhiHtWiogpjqYzI+f4lOrDHAklS1h8Fz9PTGBWOssDm1nDGakl72Z+J/XTU10GUyYSFJDBVksilKOjcSzJPCAKUoMzywBopi9FZMRKCDG5lWyIfjLL6+S1nnVr1Wv7mqV+nUeRxEdoxN0hnx0geroFjVQExGUoWf0it6cJ+fFeXc+Fq0FJ58poz9wPn8AaY6UpA==</latexit>

a ! ?

<latexit sha1_base64="MdWGCyoEtQk4iPFMQu2DAITPSsU=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFchUQq6sqiG5cV7AOaUCbTSTN0ZhJmJkoJXbnxV9y4UMSt3+DOv3HaZqGtBy4czrmXe+8JU0aVdt1va2FxaXlltbRWXt/Y3Nq2d3abKskkJg2csES2Q6QIo4I0NNWMtFNJEA8ZaYWD67HfuidS0UTc6WFKAo76gkYUI22krn2AoC9pP9ZIyuQB+rFKESa5455iPrrs2hXXcSeA88QrSAUUqHftL7+X4IwToTFDSnU8N9VBjqSmmJFR2c8UMQsGqE86hgrEiQryyRsjeGSUHowSaUpoOFF/T+SIKzXkoenkSMdq1huL/3mdTEfnQU5Fmmki8HRRlDGoEzjOBPaoJFizoSEIS2puhThGEmFtkiubELzZl+dJ88Txqs7FbbVSuyriKIF9cAiOgQfOQA3cgDpoAAwewTN4BW/Wk/VivVsf09YFq5jZA39gff4AheWYiQ==</latexit>

(mul)

bbbb

<latexit sha1_base64="Skuwggtv7n9iurfu6b6dnycPw7E=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKoN6KXjxWsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqW19Y3NrfJ2ZWd3b/+genjUNnGqKWvRWMS6GxLDBFesZbkVrJtoRmQoWCec3OV+54lpw2P1aKcJCyQZKR5xSmwuhQ6Das2re3PgVeIXpAYFmoPqV38Y01QyZakgxvR8L7FBRrTlVLBZpZ8alhA6ISPWc1QRyUyQzW+d4TOnDHEUa1fK4rn6eyIj0pipDF2nJHZslr1c/M/rpTa6DjKuktQyRReLolRgG+P8cTzkmlErpo4Qqrm7FdMx0YRaF0/FheAvv7xK2hd1/7J+83BZa9wWcZThBE7hHHy4ggbcQxNaQGEMz/AKb0iiF/SOPhatJVTMHMMfoM8f93WONg==</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>
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Figure 1: Illustration of the tasks. After training on the train examples (green blocks), learners
are tested on held-out examples (red blocks). In pink blocks are generalizations according to the
candidate rules.

By a
k we denote a sequence that contains token a repeated k times. For training, we represent

sequences in a standard way: the tokens are one-hot-encoded separately, and we append a special
end-of-sequence token to each sequence. Input and output vocabularies are disjoint.

Count-or-Memorization: In this task, we contrast learners’ preferences for counting vs. memoriza-
tion. We train models to fit a single training example with input a

l and output b
l (i.e., to perform the

mapping a
l ! b

l) and test it on a
m with m 2 [l�10, l+10]. If a learner learns the constant function,

outputting b
l independently of its inputs, then it follows the mem strategy. On the other hand, if it

generalizes to the a
m ! b

m mapping, then the learner is biased toward the count strategy.

Add-or-Multiply: This task is akin to the motivating example in Section 1. The single training
example represents a mapping of an input string a

l to an output string b
2l. As test inputs, we generate

a
m for m in the interval [l � 3, l + 3]. We consider the learned rule to be consistent with mul if for

all m, the input/output pairs are consistent with a
m ! b

2m. Similarly, if they are consistent with
a
m ! b

m+l, we say that the learner follows the addition rule, add. Finally, the learner can learn a
constant mapping a

m ! b
2l for any m. Again, we call this rule mem.

Hierarchical-or-Linear: For a fixed depth d, we train learners on four training examples x
d
yx

d ! y

where x, y 2 {a, b}.3 Each training example has a nested structure, where d defines its depth. A
learner with a hierarchical bias (hierar), would output the middle symbol. We also consider the
linear rule (linear) in which the learner outputs the (d+1)th symbol of its input.
To probe learners’ biases, we test them on inputs with different depths m 2 [d � 2, d + 2]. Note that
to examine the linear rule (i.e. if the learner outputs the (d+1)th symbol of any test input of depth
m), we need m � d

2 . Similar to the previous tasks, there is no vocabulary sharing between a model’s
inputs and outputs (input and output tokens a and b are different).

Composition-or-Memorization: We take inspiration from SCAN (Lake & Baroni, 2017), a bench-
mark used for studying systematic generalization of seq2seq learners.4 The input vocabulary has N

symbols ai that are one-to-one mapped into N output symbols bi (i.e., ai ! bi). In addition, there
is a modifier token thrice: when thrice precedes an input symbol ai, the corresponding output is
repeated three times: thrice ai ! bibibi.

We train a learner on all non-compositional examples (ai ! bi) and M (M < N ) compositional
examples (thrice ai ! bibibi). At test time, we feed the learner with the remaining compositional
examples (thrice ai, i > M ). If the learner generalizes to the mapping thrice ai ! bibibi for i > M ,
we consider it to be biased toward a compositional reasoning (comp). As an alternative generalization,

3This mapping consist then on four combinations adbad ! b; adaad ! a; bdabd ! a and bdbbd ! b.
4In Appendix, we report a study of inductive biases on the SCAN data.
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FPA " L, nats #
length l count mem count mem

LSTM-s2s no att. 40 1.00 0.00 0.01⇤ 97.51
30 0.97 0.00 0.01⇤ 72.67
20 0.07 0.00 2.49⇤ 55.67
10 0.00 0.00 88.27 48.67⇤

LSTM-s2s att. 40 0.99 0.00 7.84⇤ 121.48
30 0.96 0.02 1.14⇤ 83.48
20 0.70 0.16 5.73⇤ 49.33
10 0.00 0.20 98.12 8.46⇤

CNN-s2s {10, 20, 30, 40} 0.00 > 0.90 > 592.92 <1.31⇤

Transformer {10, 20, 30, 40} 0.00 > 0.97 > 113.30 <11.14⇤

(a) Count-or-Memorization

FPA " L, nats #
length l add mul mem add mul mem

LSTM-s2s no att. 20 0.00 0.94 0.00 25.42 0.31⇤ 57.32
15 0.07 0.65 0.00 19.24 4.67⇤ 43.65
10 0.95 0.01 0.00 0.68⇤ 26.58 25.15
5 0.04 0.00 0.00 17.12 50.83 18.60

LSTM-s2s att. 20 0.00 0.98 0.00 30.26 1.40⇤ 58.84
15 0.15 0.83 0.00 20.18 4.07⇤ 46.36
10 0.40 0.28 0.18 13.69 18.16 26.44
5 0.00 0.00 0.97 45.88 77.86 0.01⇤

CNN-s2s {5, 10, 15, 20} 0.00 0.00 1.0 > 318.12 > 346.19 0.00⇤

Transformer {5, 10, 15, 20} 0.00 0.00 1.0 > 38.77 > 50.64 <3.50⇤

(b) Add-or-Multiply

FPA " L, nats #
hierar linear hierar linear

LSTM-s2s no att. 0.05 0.00 31.04⇤ 61.84
LSTM-s2s att. 0.30 0.00 26.32⇤ 57.2
CNN-s2s 0.00 1.00 202.64 0.00⇤

Transformer 0.69 0.00 4.84⇤ 35.04

(c) Hierarchical-or-Linear with depth d = 4

FPA " L, nats #
M , examples comp mem comp mem

LSTM-s2s no att. 36 0.00 0.00 42.65 38.55
24 0.00 0.00 238.54 89.36⇤

6 0.00 0.00 656.93 157.55⇤

LSTM-s2s att. 36 0.00 0.00 62.34⇤ 70.92
24 0.00 0.00 263.33 157.82⇤
6 0.00 0.00 659.85 164.43⇤

CNN-s2s 36 0.75 0.00 1.44⇤ 49.92
24 0.13 0.00 13.75⇤ 84.55
6 0.00 0.00 131.63 29.66⇤

Transformer 36 0.00 0.82 147.83 6.36⇤

24 0.00 0.35 586.22 26.46⇤

6 0.00 0.00 1235.01 53.91⇤

(d) Composition-or-Memorization

Table 1: FPA measures the fraction of seeds that generalize according to a particular rule. Description
length L is averaged across examples and seeds. The lowest L are in bold and ⇤ denotes stat. sig.
difference in L (p < 10�3, paired t-test).
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CNNやTransformerはやはり暗記が得意

小さい: その規則を好む



l ニューラルモデル (生得的能力を持っていないまっさらな状態と仮定) が，
データのみからXを獲得するならば，Xは経験的に獲得できる
- “Our results also contribute to the long-running nature-nurture debate in language acquisition: whether the 

success of neural models implies that unbiased learners can learn natural languages with enough data, or 
whether human abilities to acquire language given sparse stim-ulus implies a strong innate human learning bias” 
[Papadimitriou & Jurafsy, 2020]

l deep netsは「どんな帰納バイアス (を持つモデル) が効率的な言語獲得に紐づく
か」について分析するためのツールになれると良いのでは [Baroni, 2021]
- この観点から，deep nets は言語獲得に関する algorithmic theoryとして捉えられても良いのでは [Baroni, 2021]
- モデルの機能バイアスを (もれなく) probingすることも難しいと思うけど，人を調べる難易度よりはマシなのかな…

本研究がnature-nurture debateに与える影響
ニューラルネットは「空白の石版」ではない [Baroni, 2021]

2021/9/18 最先端NLP 24

妥当？

言語研究において

本当にそうなれるのかはおいておいて，こういう議論があるということは
知っていても良いのでは



まとめ
l ニューラルモデルは特にアーキテクチャの観点で，汎化の選好 (帰納バイア
ス) が大きく異なる

l 「ある現象Xをニューラルモデルがデータから学習できたので，Xは経験的に
獲得できる知識である」という議論は短絡的
- ニューラルネットと人に帰納バイアスの重複がまったくないことを仮定することになる

l 言語理論の立場から，ニューラル言語処理モデルを
「どのような帰納バイアスが効率的な言語獲得と紐づくかを調べるツール」
と考えれば良いのでは [Baroni, 2021]
(ということが議論されていることは頭の片隅に置いておいてもよいのでは)
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補足
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テクニカルな面: 記述長に基づいた評価

l どのような一般化を経験的に「好むか」を調べている
- [注意] あるモデルクラスが特定のパターンを認識する能力を持つかどうか (例えば，LSTMは𝑎'𝑏'を受理で
きるか，TransformerはDych-n言語をモデリングできるか) のような話は別問題

l 学習の進む速さの軸を評価に取り入れている
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The very first output y1 can be sent by using not more than c = |y1| · log |V | nats, using a naïve
encoding.2 After that, both Alice and Bob update their learners using the example (x1, y1), available
to both of them, and get identical instances of M1.

Further transfer is done iteratively under the invariant that both Alice and Bob start every step t with
exactly the same learners Mt�1 and finish with identical Mt. At step t Alice would use Mt�1 to
encode the next output yt. This can be done using

�
� log pMt�1(yt|xt)

�
nats (MacKay, 2003). Since

Bob has exactly the same model, he can decode the message to obtain yt and use the new pair (xt, yt)
to update his model and get Mt. Alice also updates her model, and proceeds to sending the next yt+1

(if any), encoding it with the help of Mt. The cumulative number of nats transmitted is:

LM(D) = �
kX

t=2

log pMt�1(yt|xt) + c. (1)

The obtained code length of Eq. 1 depends on the order in which y are transmitted and the procedure
we use to update M. To account for that, we average out the data order by training with multiple
random seeds. Further, for larger datasets, full re-training after adding a new example is impractical
and, in such cases, examples can be transmitted in blocks.

If we measure the description length of the training data T shuffled with the hold-out data H , both
datasets would have symmetric roles. However, there is a certain asymmetry in the extrapolation
problem: we are looking for an extrapolation from T , not vice-versa. To break this symmetry, we
always transmit outputs for the entire training data as the first block.

While LM(D) is seemingly different from the “intuitive” measures introduced before, we can
illustrate their connection as follows. Consider a case where we first transmit the training outputs
as the first block and all of the hold-out data outputs under C, C(H), as the second block. Then the
description length is equal to cross-entropy of the trained learner on the hold-out data, recovering a
process akin to the “intuitive” measuring of inductive biases. With smaller blocks, the description
length also catches whether a learner is capable of finding regularity in the data fast, with few data
points; hence it also encodes the speed-of-learning ideas for measuring inductive biases (Chaabouni
et al., 2019).

Finally, the description length has three more attractive properties when measuring inductive biases:
(a) it is domain-independent, i.e. can be applied for instance in the image domain, (b) it allows
comparisons across models that account for model complexity, and (c) it enables direct comparison
between two candidate rules (as we will show in the Section 5).

3 TASKS

We describe four tasks that we use to study inductive biases of seq2seq learners. We select those
tasks to cover different aspects of learners’ behavior. Each task has a highly ambiguous training
set which is consistent with infinite number of generalizations. We pre-select several candidate
rules highlighting biases that are useful for language processing and known to exist in humans, or
are otherwise reasonable. Our experiments show that these rules cover many cases of the learners’
behavior.

The first two tasks study biases in arithmetic reasoning: Count-or-Memorization quantifies learners’
preference for counting vs. a simple memorization and Add-or-Multiply further probes the learners’
preferences in arithmetic operations. We believe these tasks are interesting, as counting is needed
in some NLP problems like processing linearized parse trees (Weiss et al., 2018). The third task,
Hierarchical-or-Linear, contrasts hierarchical and linear inductive reasoning. The hierarchical
reasoning bias is believed to be fundamental in learning some syntactical rules in human acquisition
of syntax (Chomsky, 1965; 1980). Finally, with the Composition-or-Memorization task, we investigate
biases for systematic compositionality, which are central for human capabilities in language. Figure 1
illustrates these four tasks.

2As we are interested in comparing candidate generalization rules, the value of the additive constant c is not
important, as it is learner- and candidate-independent. In experiments, we subtract it from all measurements.
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上の2つが要件であれば，記述長 (とprequential codes) の話を持ち出す必然性はないと思う．
情報理論との接続はかっこいいのだが，そちらに厳密に合わせるせいで
不必要に複雑な実験手続きになっている印象． 各𝑡について，バッチを作り直してモデルを1から訓練し直す

規則ごとのtarget文字列の長さの違いは考慮しなくていいの？とか

validation setを固定して，iterationごと
のvalidation CEとかではだめだったか？

方法論の特徴は大きく2つ



l Identity Crisis: Memorization and Generalization under Extreme 
Overparameterization [Zhang+, 2020]
- 入力をそのまま出力させるという学習を単一事例 (w/SGD) で行った時に，恒等変換を学習するか，
その出力を覚えて出すことを学習するか．FCN, CNNで調査 (式の上ではいずれのモデルも恒等変換を学習することが可能)．

- Linear, Non-Linear FCNsは単一事例から恒等変換を学習しない傾向
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Input

1-layer
linear
2-layer
linear

2-layer
ReLU
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ReLU

Figure 2: Visualization of the outputs of fully connected networks trained on a single ex-
ample. The �rst row shows the single training example (7) and a set of evaluation images consist-
ing of a linear combination of two digits, random digits from MNIST test set, random images from
Fashion MNIST, and some algorithmically generated image patterns. Each row below indicates an
architecture and the output from that architecture for a given input.

2 R������ ����

The consequences of overparameterized models in deep learning have been extensively studied in
recently years, on the optimization landscape and convergence of SGD (Allen-Zhu et al., 2018b;
Du et al., 2018a;b; Bassily et al., 2018; Zou et al., 2018; Oymak & Soltanolkotabi, 2018), as well
as the generalization guarantees under stronger structural assumptions of the data (Li & Liang,
2018; Brutzkus et al., 2018; Allen-Zhu et al., 2018a). Another line of related work is the study of
the implicit regularization e�ects of SGD on training overparameterized models (Neyshabur et al.,
2014; Zhang et al., 2017; Soudry et al., 2018; Shah et al., 2018; Arora et al., 2019).

The traits of memorization in learning are also explicitly studied from various perspectives such as
prioritizing learning of simple patterns (Arpit et al., 2017) or perfect interpolation of the training
set (Belkin et al., 2018; Feldman, 2019). More recently, coincidentally with the writing of this paper,
Radhakrishnan et al. (2018) reported on the e�ects of the downsampling operator in convolutional
auto-encoders on image memorization. Their empirical framework is similar to ours, �tting CNNs
to the autoregression problem with few training examples. We focus on investigating the general
inductive bias in the extreme overparameterization case, and study a broader range of network
types without enforcing a bottleneck in the architectures.

3 E����������

We explore a progression of models: linear convex models, linear non-convex models (with mul-
tiple linear layers), fully-connected multilayered architectures with nonlinearities, and �nally the
case of greatest practical importance, fully convolutional networks. In all architectures we study,
we ensure that there is a simple realization of the identity function (see Appendix B). We train
networks by minimizing the mean squared error using standard gradient descent.

3.1 F���� ��������� ��������

Figure 2 shows examples of predictions frommulti-layer fully connected networks. In�nitelymany
solutions exist for all models under this extreme over-parameterization, and the �gure shows that
all the models �t the training example perfectly. However, on new test examples, contrasting be-
haviors are observed between shallow and deep networks. In particular, deeper models bias toward
predicting a constant output, whereas shallower networks tend to predict random white noises on
unseen inputs. The random predictions can be characterized as follows (proof in Appendix C).
Theorem 1. A one-layer fully connected network, when trained with gradient descent on a single
training example �� , converges to a solution that makes the following prediction on a test example � :

� (�) = ��(�) + ���(�), (1)

3

学習事例 unseen

Linearを積んだだけなのに，
汎化傾向が変わる
(backpropの式が変わるため)

この挙動は証明可能

余談：画像処理モデルの帰納バイアス



余談：画像処理モデルの帰納バイアス
l Identity Crisis: Memorization and Generalization under Extreme 

Overparameterization [Zhang+, 2020]
- 入力をそのまま出力させるという学習を一事例で行った時に，恒等変換を学習するか，その出力を覚えて
出すことを学習するか．FCN, CNNで調査 (式の上ではいずれのモデルも恒等変換を学習することが可能)．

- 浅いCNNsは単一事例から恒等変換を学習する傾向
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Figure 3: Visualization of predictions fromCNNs trained on a single example. The �rst row
shows the single training example (7) and a set of test inputs. Each row below shows the output
of a CNN whose depth is indicated to the left of the row. The hidden layers of the CNN consist of
5 ◊ 5 convolution �lters organized as 128 channels.

where � = ��(�) + ��(�) decomposes � into orthogonal components that are parallel and perpen-
dicular to the training example �� , respective. � is a random matrix from the network initialization,
independent of the training data.

For test examples similar to the training example—i.e., where ��(�) dominates ��(�)—the outputs
resemble the training output; on the other hand, for test examples that are not highly correlated
to the training example, ��(�) dominates and the outputs looks like white noise due to the ran-
dom projection by �. The behavior can be empirically veri�ed from the second row in Figure 2.
Speci�cally, the �rst test example is a mixture of the training and an unseen test example, and the
corresponding output is a mixture of white noise and the training output. For the remaining test
examples, the outputs appear random.

Although Theorem 1 characterizes only the 1-layer linear case, the empirical results in Figure 2
suggest that shallow (2 layer) networks tend to have this inductive bias. However, this inductive
bias does not miraculously obtain good generalization: the trained model fails to learn either the
identity or the constant function. Speci�cally, it predicts well in the vicinity (measured by correla-
tions) of the training example �� , but further away its predictions are random. In particular, when
the test example � is orthogonal to �� , the prediction is completely random. In deeper (6 layer) nets,
the deviations from the identity function take on a quite di�erent characteristic form.

Interestingly, deeper linear networks behave more like deeper ReLU networks, with a strong bias
towards a constant function that maps any input to the single training output. A multilayer linear
network with no hidden-layer bottleneck has essentially the same representational power as a
1-layer linear network, but gradient descent produces di�erent learning dynamics that alter the
inductive biases. See Appendix E for more results and analysis on FCNs.
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Trained 7-layer

Random 20-layer
Trained 14-layer

Trained 20-layer

Figure 15: Visualization the intermediate layers of CNNs with di�erent number of layers.
The �rst column shows a randomly initialized 20-layer CNN (random shallower CNNs look similar
to the truncation of this). The rest of the columns show the trained CNNs with various number of
layers.

F V������������ �� ��� ������������ ����� ��������������� ��� CNN�

Unlike the FCNs, CNNs preserve the spatial relation between neurons in the hidden layers, so we
can easily visualize the intermediate layers as images in comparison to the inputs and outputs, to
gain more insights on how the networks are computing the functions layer-by-layer. In Figure 15,
we visualize the intermediate layer representations on some test patterns for CNNs with di�erent
depths. In particular, for each example, the outputs from a convolutional layer in an intermediate
layer is a three dimensional tensor of shape (#channel, height, width). To get a compact visual-
ization for multiple channels in each layer, we compute �atten the 3D tensor to a matrix of shape
(#channel, height ◊ width), compute SVD and visualize the top singular vector as a one-channel
image.

In the �rst column, we visualize a 20-layer CNN at random initialization3. As expected, the ran-
domly initialized convolutional layers gradually smooth out the input images. The shape of the
input images are (visually) wiped out after around 8 layers of (random) convolution. On the right
of the �gure, we show several trained CNNs with increasing depths. For a 7-layer CNN, the holistic
structure of inputs are still visible all the way to the top at random initialization. After training, the
network approximately renders an identity function at the output, and the intermediate activations
also become less blurry. Next we show a 14-layer CNN, which fails to learn the identity function.
However, it manages to recover meaningful information in the higher layer activations that were
(visually) lost in the random initialization. On the other hand, in the last column, the network is so
deep that it fails to make connection from the input to the output. Instead, the network start from
scratch and constructs the digit ‘7’ from empty and predict everything as ‘7’. However, note that
around layer-8, we see the activations depict slightly more clear structures than the randomly ini-
tialized network. This suggests that some e�orts have been made during the learning, as opposed
to the case that the bottom layers not being learned due to complete gradient vanishing. Please
refer to Appendix G for further details related to potential gradient vanishing problems.

Two alternative visualizations to the intermediate multi-channel representations are provided that
show the channel that is maximally correlated with the input image, and a random channel (chan-

3Shallower CNNs at random initialization can be well represented by looking at a (top) subset of the
visualization.
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深いネットワークは前半で入力
をかき消し，後半層で特定の出
力を再現させている可能性
(CNNは位置普遍な操作しかできないので，
boundary (pad) 情報を駆使して出力を復元して
いる可能性)



余談：ニューラルネットもshape-biasをもつ
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Cognitive Psychology for Deep Neural Networks: A Shape Bias Case Study [Ritter+, 2017]
Learning Inductive Biases with Simple Neural Networks [Feinman & Lake, 2018]



ニューラルネットの帰納バイアス
l What they do when in doubt: a study of inductive biases in seq2seq 

learners [Kharitonov & Chaabouni, 2021]
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Published as a conference paper at ICLR 2021

aaa ! bbb

<latexit sha1_base64="2aP1qHe7cCIfZJZf006ToyPFAlM=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimTNNuGZrNLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZRxLBtfG8b6ewtr6xuVXcLu3s7u0fuIdHLR2nirImjUWsOgQ0E1yypuFGsE6iGEREsDYZ38z89gNTmsfy3mQJCyIYSh5yCsZKfbcMALin+HBkQKn4ERNC+m7Fq3pz4FXi56SCcjT67ldvENM0YtJQAVp3fS8xwQSU4VSwaamXapYAHcOQdS2VEDEdTObHT/GpVQY4jJUtafBc/T0xgUjrLCK2MwIz0sveTPzP66YmvAwmXCapYZIuFoWpwCbGsyTwgCtGjcgsAaq4vRXTESigxuZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBNRlKFn9IrenCfnxXl3PhatBSefKaM/cD5/AGgPlKM=</latexit>

test example aa ! ?

<latexit sha1_base64="zC7LQM7YZYuoBe5SPPwHFlyMIso=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFchUQq6sqiG5cV7AOaUG6mk2bo5MHMRCmhOzf+ihsXirj1F9z5N07bLLT1wIXDOfdy7z1+yplUtv1tLCwuLa+sltbK6xubW9vmzm5TJpkgtEESnoi2D5JyFtOGYorTdiooRD6nLX9wPfZb91RIlsR3aphSL4J+zAJGQGmpax4AYFewfqhAiOQBu6FMgdDcsk9JNLrsmhXbsifA88QpSAUVqHfNL7eXkCyisSIcpOw4dqq8HIRihNNR2c0k1QsG0KcdTWOIqPTyyR8jfKSVHg4SoStWeKL+nsghknIY+bozAhXKWW8s/ud1MhWcezmL00zRmEwXBRnHKsHjUHCPCUoUH2oCRDB9KyYhCCBKR1fWITizL8+T5onlVK2L22qldlXEUUL76BAdIwedoRq6QXXUQAQ9omf0it6MJ+PFeDc+pq0LRjGzh/7A+PwBSTCY9A==</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

(count)

(mem)

(linear)

(hierar)

aabaa ! b

<latexit sha1_base64="/YFAJknAn2U8M0GNie5D5uxl4Tw=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMEALgnmLDkQGl5CMO+27Fq3pz4FXi56SCcjT67ldvIEkaU2EIB627vpeYYALKMMLptNRLNU2AjGFIu5YKiKkOJvPjp/jUKgMcSWVLGDxXf09MINY6i0PbGYMZ6WVvJv7ndVMTXQYTJpLUUEEWi6KUYyPxLAk8YIoSwzNLgChmb8VkBAqIsXmVbAj+8surpHVe9WvVq7tapX6dx1FEx+gEnSEfXaA6ukUN1EQEZegZvaI358l5cd6dj0VrwclnyugPnM8fZqiUog==</latexit>

aba ! ?

<latexit sha1_base64="4YyIpL4gWY0aiFz+Nr1J+DsIshc=">AAACCXicbVC7SgNBFJ2Nrxhfq5Y2g0GwWnYlolYGbSwjmAckS7g7mSRDZmaXmVklLGlt/BUbC0Vs/QM7/8bJo9DEAxcO59zLvfdECWfa+P63k1taXlldy68XNja3tnfc3b2ajlNFaJXEPFaNCDTlTNKqYYbTRqIoiIjTejS4Hvv1e6o0i+WdGSY0FNCTrMsIGCu1XQwR4JZivb4BpeIH3OrrBAjNfO9UiBG+bLtF3/MnwIskmJEimqHSdr9anZikgkpDOGjdDPzEhBkowwino0Ir1dRuGECPNi2VIKgOs8knI3xklQ7uxsqWNHii/p7IQGg9FJHtFGD6et4bi/95zdR0z8OMySQ1VJLpom7KsYnxOBbcYYoSw4eWAFHM3opJHxQQY8Mr2BCC+ZcXSe3EC0rexW2pWL6axZFHB+gQHaMAnaEyukEVVEUEPaJn9IrenCfnxXl3PqatOWc2s4/+wPn8AX7kmZQ=</latexit>

a

<latexit sha1_base64="bihfQSgohUCaiZLH8E/K/puHk0I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmrRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fxz2M8Q==</latexit>

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

(comp)

(mem)

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

a ! a

<latexit sha1_base64="jnXbe6btQmwXgibKAN2VhSH1B5w=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qXMptk2NJssSVapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3dsvuweHLS1TRWiTSC5VJwRNORO0aZjhtJMoCnHIaTsc38z89gNVmklxbyYJDWIYChYxAsZKfbcMuKfYcGRAKfmIoe9WvKo3B14lfk4qKEej7371BpKkMRWGcNC663uJCTJQhhFOp6VeqmkCZAxD2rVUQEx1kM0Pn+JTqwxwJJUtYfBc/T2RQaz1JA5tZwxmpJe9mfif101NdBlkTCSpoYIsFkUpx0biWQp4wBQlhk8sAaKYvRWTESggxmZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBMRlKJn9IrenCfnxXl3PhatBSefOUJ/4Hz+AGnJkvQ=</latexit>

b ! b

<latexit sha1_base64="y/odGoA3GMubqSuaA2hvPYvW6gw=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qVk02wbmk2WZFapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyaCG/C8b6ewtr6xuVXcLu3s7u2X3YPDllGppqxJlVC6ExLDBJesCRwE6ySakTgUrB2Ob2Z++4Fpw5W8h0nCgpgMJY84JWClvlsOcU/z4QiI1uoRh3234lW9OfAq8XNSQTkafferN1A0jZkEKogxXd9LIMiIBk4Fm5Z6qWEJoWMyZF1LJYmZCbL54VN8apUBjpS2JQHP1d8TGYmNmcSh7YwJjMyyNxP/87opRJdBxmWSApN0sShKBQaFZyngAdeMgphYQqjm9lZMR0QTCjarkg3BX355lbTOq36tenVXq9Sv8ziK6BidoDPkowtUR7eogZqIohQ9o1f05jw5L86787FoLTj5zBH6A+fzB2zfkvY=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

Count-or-Memorization

<latexit sha1_base64="dl6D95tdDzd51TNAft5O5SVEngo=">AAACEXicbVC7SgNBFJ31GeMrammzGAQbw64E1C6YxkaIYB6QhDA7uUkG57HM3BXjkl+w8VdsLBSxtbPzb9xsUmjigWEO55zLzD1BKLhFz/t2FhaXlldWM2vZ9Y3Nre3czm7N6sgwqDIttGkE1ILgCqrIUUAjNEBlIKAe3JbHfv0OjOVa3eAwhLakfcV7nFFMpE7uqIVwj0bG6c0xLutI4bE2x1cgteEPaW40ynZyea/gpXDniT8leTJFpZP7anU1iyQoZIJa2/S9ENsxNciZgFG2FVkIKbulfWgmVFEJth2nG43cw0Tpuj1tkqPQTdXfEzGV1g5lkCQlxYGd9cbif14zwt5ZO+YqjBAUmzzUi4SL2h3X43a5AYZimBDKDE/+6rIBNZRhUuK4BH925XlSOyn4xcL5dTFfupjWkSH75IAcEZ+ckhK5JBVSJYw8kmfySt6cJ+fFeXc+JtEFZzqzR/7A+fwBMTKegQ==</latexit>

Composition-or-Memorization

<latexit sha1_base64="AU3h0Xycm3+2dblNcl19kE3syhg=">AAACF3icbVC7SgNBFJ31GeMrammzGASbhF0JqF0wjY0QwTwgCWF2cpMMmdlZZu6Kcclf2PgrNhaK2Grn37i7SaGJB4Y5nHMul3u8QHCDjvNtLS2vrK6tZzaym1vbO7u5vf26UaFmUGNKKN30qAHBfaghRwHNQAOVnoCGN6okfuMOtOHKv8VxAB1JBz7vc0Yxlrq5YhvhHrWM0p9jVFEyUIYnbkHpwjVIpflDmp5Mst1c3ik6KexF4s5InsxQ7ea+2j3FQgk+MkGNablOgJ2IauRMwCTbDg0ElI3oAFox9akE04nSuyb2caz07L7S8fPRTtXfExGVxoylFyclxaGZ9xLxP68VYv+8E3E/CBF8Nl3UD4WNyk5KsntcA0MxjgllOi6D2WxINWUYV5mU4M6fvEjqp0W3VLy4KeXLl7M6MuSQHJET4pIzUiZXpEpqhJFH8kxeyZv1ZL1Y79bHNLpkzWYOyB9Ynz9YnKFI</latexit>

Hierarchical-or-Linear

<latexit sha1_base64="z+j/XVE4K8yKa/1sdHAWANdl7aI=">AAACEnicbVC7TgJBFJ31ifhatbTZSEy0gOwaErUj2lBYYCKPBAiZHS4wYWZ3M3PXSDZ8g42/YmOhMbZWdv6Ns0Ch4Ekmc3LOvXfmHj8SXKPrfltLyyura+uZjezm1vbOrr23X9NhrBhUWShC1fCpBsEDqCJHAY1IAZW+gLo/vE79+j0ozcPgDkcRtCXtB7zHGUUjdezTFsIDKplMbo5JmYOiig1MhciHKn9jBlM1Hmc7ds4tuBM4i8SbkRyZodKxv1rdkMUSAmSCat303AjbCVXImYBxthVriCgb0j40DQ2oBN1OJiuNnWOjdJ1eqMwJ0JmovzsSKrUeSd9USooDPe+l4n9eM8beRTvhQRQjBGz6UC8WDoZOmo/T5QoYipEhlClu/uqwAVWUoUkxDcGbX3mR1M4KXrFweVvMla5mcWTIITkiJ8Qj56REyqRCqoSRR/JMXsmb9WS9WO/Wx7R0yZr1HJA/sD5/AILSnp4=</latexit>

Add-or-Multiply

<latexit sha1_base64="Qjee5BVEq+vKsWYHnWbnBQlIpYA=">AAACC3icbVDLSsNAFJ34rPUVdekmtAhuWhIpqLuqGzdCBfuANpTJZNIOnUnCzI0YQvdu/BU3LhRx6w+4829M0iy09cDlHs65l5l7nJAzBab5rS0tr6yurZc2yptb2zu7+t5+RwWRJLRNAh7InoMV5cynbWDAaS+UFAuH064zucr87j2VigX+HcQhtQUe+cxjBEMqDfXKAOgDSJHknUFy4bq1QNZuIg4s5PF0Wh7qVbNu5jAWiVWQKirQGupfAzcgkaA+EI6V6ltmCHaCJTDC6bQ8iBQNMZngEe2n1MeCKjvJb5kaR6niGl4g0/LByNXfGwkWSsXCSScFhrGa9zLxP68fgXdmJ8wPI6A+mT3kRdyAwMiCMVwmKQEepwQTydK/GmSMJSaQxpeFYM2fvEg6J3WrUT+/bVSbl0UcJXSIKugYWegUNdE1aqE2IugRPaNX9KY9aS/au/YxG13Sip0D9Afa5w/83pun</latexit>

(add)

(mem)

train exampletrain example

test example

train example

test example

train example

test example

aa ! bbbb

<latexit sha1_base64="a4iN37u8WAC9fwuLOaFSCqDHf/w=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMgHuKDUcGlJKPOLTouxWv6s2BV4mfkwrK0ei7X72BJGlMhSEctO76XmKCCSjDCKfTUi/VNAEyhiHtWiogpjqYzI+f4lOrDHAklS1h8Fz9PTGBWOssDm1nDGakl72Z+J/XTU10GUyYSFJDBVksilKOjcSzJPCAKUoMzywBopi9FZMRKCDG5lWyIfjLL6+S1nnVr1Wv7mqV+nUeRxEdoxN0hnx0geroFjVQExGUoWf0it6cJ+fFeXc+Fq0FJ58poz9wPn8AaY6UpA==</latexit>

a ! ?

<latexit sha1_base64="MdWGCyoEtQk4iPFMQu2DAITPSsU=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFchUQq6sqiG5cV7AOaUCbTSTN0ZhJmJkoJXbnxV9y4UMSt3+DOv3HaZqGtBy4czrmXe+8JU0aVdt1va2FxaXlltbRWXt/Y3Nq2d3abKskkJg2csES2Q6QIo4I0NNWMtFNJEA8ZaYWD67HfuidS0UTc6WFKAo76gkYUI22krn2AoC9pP9ZIyuQB+rFKESa5455iPrrs2hXXcSeA88QrSAUUqHftL7+X4IwToTFDSnU8N9VBjqSmmJFR2c8UMQsGqE86hgrEiQryyRsjeGSUHowSaUpoOFF/T+SIKzXkoenkSMdq1huL/3mdTEfnQU5Fmmki8HRRlDGoEzjOBPaoJFizoSEIS2puhThGEmFtkiubELzZl+dJ88Txqs7FbbVSuyriKIF9cAiOgQfOQA3cgDpoAAwewTN4BW/Wk/VivVsf09YFq5jZA39gff4AheWYiQ==</latexit>

(mul)

bbbb

<latexit sha1_base64="Skuwggtv7n9iurfu6b6dnycPw7E=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKoN6KXjxWsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqW19Y3NrfJ2ZWd3b/+genjUNnGqKWvRWMS6GxLDBFesZbkVrJtoRmQoWCec3OV+54lpw2P1aKcJCyQZKR5xSmwuhQ6Das2re3PgVeIXpAYFmoPqV38Y01QyZakgxvR8L7FBRrTlVLBZpZ8alhA6ISPWc1QRyUyQzW+d4TOnDHEUa1fK4rn6eyIj0pipDF2nJHZslr1c/M/rpTa6DjKuktQyRReLolRgG+P8cTzkmlErpo4Qqrm7FdMx0YRaF0/FheAvv7xK2hd1/7J+83BZa9wWcZThBE7hHHy4ggbcQxNaQGEMz/AKb0iiF/SOPhatJVTMHMMfoM8f93WONg==</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

thricea ! aaa

<latexit sha1_base64="qnFGHcCsleGiOXNIMFDZUtpqE2A=">AAACHnicbVDJSgNBEO1xN25Rj14ag+DFYcYF9SZ68ahgVEhCqOlUMo3dM0N3jRKGfIkXf8WLB0UET/o3dmIEt9c0vHpVRVW9KFPSUhC8eyOjY+MTk1PTpZnZufmF8uLSuU1zI7AqUpWaywgsKplglSQpvMwMgo4UXkRXR/38xTUaK9PkjLoZNjR0EtmWAshJzfIOxUYKrMc2A4FF4O9o3YOvcCPwt1xcN7ITExiT3nDov2a5EvjBAPwvCYekwoY4aZZf661U5BoTEgqsrYVBRo0CDEmhsFeq5xbdxCvoYM3RBDTaRjE4r8fXnNLi7dS4nxAfqN87CtDWdnXkKjVQbH/n+uJ/uVpO7b1GIZMsJ0zE56B2rjilvO8Vb0mDglTXERBGul25iMGAIOdoyZkQ/j75Lznf9MNtf/90u3JwOLRjiq2wVbbOQrbLDtgxO2FVJtgtu2eP7Mm78x68Z+/ls3TEG/Yssx/w3j4AA+KiZg==</latexit>

thrice b! ?

<latexit sha1_base64="gbmyyfTl9bxXUBY/8c/CKSNznlI=">AAACKXicbVBNS8NAEN34WetX1KOXxSJ4sSRSUU8WvXhUsCq0pWy202ZxNwm7E6WE/h0v/hUvCop69Y+4TSP49WDhzXszzM4LEikMet6bMzE5NT0zW5orzy8sLi27K6sXJk41hwaPZayvAmZAiggaKFDCVaKBqUDCZXB9PPIvb0AbEUfnOEigrVg/Ej3BGVqp49Yx1IJDKzQJ45B51V2lhsFXuT2uW1r0Q2Rax7f0y/Jzhx523IpX9XLQv8QvSIUUOO24T61uzFMFEXLJjGn6XoLtjGkUXMKw3EoN2A3XrA9NSyOmwLSz/NIh3bRKl/ZibV+ENFe/T2RMGTNQge1UDEPz2xuJ/3nNFHv77UxESYoQ8fGiXiopxnQUG+0KDRzlwBLGtbB/pTxkmnG04ZZtCP7vk/+Si52qX6senNUq9aMijhJZJxtki/hkj9TJCTklDcLJHXkgz+TFuXcenVfnfdw64RQza+QHnI9P8/inCQ==</latexit>

Figure 1: Illustration of the tasks. After training on the train examples (green blocks), learners
are tested on held-out examples (red blocks). In pink blocks are generalizations according to the
candidate rules.

By a
k we denote a sequence that contains token a repeated k times. For training, we represent

sequences in a standard way: the tokens are one-hot-encoded separately, and we append a special
end-of-sequence token to each sequence. Input and output vocabularies are disjoint.

Count-or-Memorization: In this task, we contrast learners’ preferences for counting vs. memoriza-
tion. We train models to fit a single training example with input a

l and output b
l (i.e., to perform the

mapping a
l ! b

l) and test it on a
m with m 2 [l�10, l+10]. If a learner learns the constant function,

outputting b
l independently of its inputs, then it follows the mem strategy. On the other hand, if it

generalizes to the a
m ! b

m mapping, then the learner is biased toward the count strategy.

Add-or-Multiply: This task is akin to the motivating example in Section 1. The single training
example represents a mapping of an input string a

l to an output string b
2l. As test inputs, we generate

a
m for m in the interval [l � 3, l + 3]. We consider the learned rule to be consistent with mul if for

all m, the input/output pairs are consistent with a
m ! b

2m. Similarly, if they are consistent with
a
m ! b

m+l, we say that the learner follows the addition rule, add. Finally, the learner can learn a
constant mapping a

m ! b
2l for any m. Again, we call this rule mem.

Hierarchical-or-Linear: For a fixed depth d, we train learners on four training examples x
d
yx

d ! y

where x, y 2 {a, b}.3 Each training example has a nested structure, where d defines its depth. A
learner with a hierarchical bias (hierar), would output the middle symbol. We also consider the
linear rule (linear) in which the learner outputs the (d+1)th symbol of its input.
To probe learners’ biases, we test them on inputs with different depths m 2 [d � 2, d + 2]. Note that
to examine the linear rule (i.e. if the learner outputs the (d+1)th symbol of any test input of depth
m), we need m � d

2 . Similar to the previous tasks, there is no vocabulary sharing between a model’s
inputs and outputs (input and output tokens a and b are different).

Composition-or-Memorization: We take inspiration from SCAN (Lake & Baroni, 2017), a bench-
mark used for studying systematic generalization of seq2seq learners.4 The input vocabulary has N

symbols ai that are one-to-one mapped into N output symbols bi (i.e., ai ! bi). In addition, there
is a modifier token thrice: when thrice precedes an input symbol ai, the corresponding output is
repeated three times: thrice ai ! bibibi.

We train a learner on all non-compositional examples (ai ! bi) and M (M < N ) compositional
examples (thrice ai ! bibibi). At test time, we feed the learner with the remaining compositional
examples (thrice ai, i > M ). If the learner generalizes to the mapping thrice ai ! bibibi for i > M ,
we consider it to be biased toward a compositional reasoning (comp). As an alternative generalization,

3This mapping consist then on four combinations adbad ! b; adaad ! a; bdabd ! a and bdbbd ! b.
4In Appendix, we report a study of inductive biases on the SCAN data.
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FPA " L, nats #
length l count mem count mem

LSTM-s2s no att. 40 1.00 0.00 0.01⇤ 97.51
30 0.97 0.00 0.01⇤ 72.67
20 0.07 0.00 2.49⇤ 55.67
10 0.00 0.00 88.27 48.67⇤

LSTM-s2s att. 40 0.99 0.00 7.84⇤ 121.48
30 0.96 0.02 1.14⇤ 83.48
20 0.70 0.16 5.73⇤ 49.33
10 0.00 0.20 98.12 8.46⇤

CNN-s2s {10, 20, 30, 40} 0.00 > 0.90 > 592.92 <1.31⇤

Transformer {10, 20, 30, 40} 0.00 > 0.97 > 113.30 <11.14⇤

(a) Count-or-Memorization

FPA " L, nats #
length l add mul mem add mul mem

LSTM-s2s no att. 20 0.00 0.94 0.00 25.42 0.31⇤ 57.32
15 0.07 0.65 0.00 19.24 4.67⇤ 43.65
10 0.95 0.01 0.00 0.68⇤ 26.58 25.15
5 0.04 0.00 0.00 17.12 50.83 18.60

LSTM-s2s att. 20 0.00 0.98 0.00 30.26 1.40⇤ 58.84
15 0.15 0.83 0.00 20.18 4.07⇤ 46.36
10 0.40 0.28 0.18 13.69 18.16 26.44
5 0.00 0.00 0.97 45.88 77.86 0.01⇤

CNN-s2s {5, 10, 15, 20} 0.00 0.00 1.0 > 318.12 > 346.19 0.00⇤

Transformer {5, 10, 15, 20} 0.00 0.00 1.0 > 38.77 > 50.64 <3.50⇤

(b) Add-or-Multiply

FPA " L, nats #
hierar linear hierar linear

LSTM-s2s no att. 0.05 0.00 31.04⇤ 61.84
LSTM-s2s att. 0.30 0.00 26.32⇤ 57.2
CNN-s2s 0.00 1.00 202.64 0.00⇤

Transformer 0.69 0.00 4.84⇤ 35.04

(c) Hierarchical-or-Linear with depth d = 4

FPA " L, nats #
M , examples comp mem comp mem

LSTM-s2s no att. 36 0.00 0.00 42.65 38.55
24 0.00 0.00 238.54 89.36⇤

6 0.00 0.00 656.93 157.55⇤

LSTM-s2s att. 36 0.00 0.00 62.34⇤ 70.92
24 0.00 0.00 263.33 157.82⇤
6 0.00 0.00 659.85 164.43⇤

CNN-s2s 36 0.75 0.00 1.44⇤ 49.92
24 0.13 0.00 13.75⇤ 84.55
6 0.00 0.00 131.63 29.66⇤

Transformer 36 0.00 0.82 147.83 6.36⇤

24 0.00 0.35 586.22 26.46⇤

6 0.00 0.00 1235.01 53.91⇤

(d) Composition-or-Memorization

Table 1: FPA measures the fraction of seeds that generalize according to a particular rule. Description
length L is averaged across examples and seeds. The lowest L are in bold and ⇤ denotes stat. sig.
difference in L (p < 10�3, paired t-test).

6

やっぱりTransformerが暗記する傾向
(Transformerがdata hungryであることに関連ある？)
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aaa ! bbb

<latexit sha1_base64="2aP1qHe7cCIfZJZf006ToyPFAlM=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimTNNuGZrNLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZRxLBtfG8b6ewtr6xuVXcLu3s7u0fuIdHLR2nirImjUWsOgQ0E1yypuFGsE6iGEREsDYZ38z89gNTmsfy3mQJCyIYSh5yCsZKfbcMALin+HBkQKn4ERNC+m7Fq3pz4FXi56SCcjT67ldvENM0YtJQAVp3fS8xwQSU4VSwaamXapYAHcOQdS2VEDEdTObHT/GpVQY4jJUtafBc/T0xgUjrLCK2MwIz0sveTPzP66YmvAwmXCapYZIuFoWpwCbGsyTwgCtGjcgsAaq4vRXTESigxuZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBNRlKFn9IrenCfnxXl3PhatBSefKaM/cD5/AGgPlKM=</latexit>

test example aa ! ?

<latexit sha1_base64="zC7LQM7YZYuoBe5SPPwHFlyMIso=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFchUQq6sqiG5cV7AOaUG6mk2bo5MHMRCmhOzf+ihsXirj1F9z5N07bLLT1wIXDOfdy7z1+yplUtv1tLCwuLa+sltbK6xubW9vmzm5TJpkgtEESnoi2D5JyFtOGYorTdiooRD6nLX9wPfZb91RIlsR3aphSL4J+zAJGQGmpax4AYFewfqhAiOQBu6FMgdDcsk9JNLrsmhXbsifA88QpSAUVqHfNL7eXkCyisSIcpOw4dqq8HIRihNNR2c0k1QsG0KcdTWOIqPTyyR8jfKSVHg4SoStWeKL+nsghknIY+bozAhXKWW8s/ud1MhWcezmL00zRmEwXBRnHKsHjUHCPCUoUH2oCRDB9KyYhCCBKR1fWITizL8+T5onlVK2L22qldlXEUUL76BAdIwedoRq6QXXUQAQ9omf0it6MJ+PFeDc+pq0LRjGzh/7A+PwBSTCY9A==</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

(count)

(mem)

(linear)

(hierar)

aabaa ! b

<latexit sha1_base64="/YFAJknAn2U8M0GNie5D5uxl4Tw=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMEALgnmLDkQGl5CMO+27Fq3pz4FXi56SCcjT67ldvIEkaU2EIB627vpeYYALKMMLptNRLNU2AjGFIu5YKiKkOJvPjp/jUKgMcSWVLGDxXf09MINY6i0PbGYMZ6WVvJv7ndVMTXQYTJpLUUEEWi6KUYyPxLAk8YIoSwzNLgChmb8VkBAqIsXmVbAj+8surpHVe9WvVq7tapX6dx1FEx+gEnSEfXaA6ukUN1EQEZegZvaI358l5cd6dj0VrwclnyugPnM8fZqiUog==</latexit>

aba ! ?

<latexit sha1_base64="4YyIpL4gWY0aiFz+Nr1J+DsIshc=">AAACCXicbVC7SgNBFJ2Nrxhfq5Y2g0GwWnYlolYGbSwjmAckS7g7mSRDZmaXmVklLGlt/BUbC0Vs/QM7/8bJo9DEAxcO59zLvfdECWfa+P63k1taXlldy68XNja3tnfc3b2ajlNFaJXEPFaNCDTlTNKqYYbTRqIoiIjTejS4Hvv1e6o0i+WdGSY0FNCTrMsIGCu1XQwR4JZivb4BpeIH3OrrBAjNfO9UiBG+bLtF3/MnwIskmJEimqHSdr9anZikgkpDOGjdDPzEhBkowwino0Ir1dRuGECPNi2VIKgOs8knI3xklQ7uxsqWNHii/p7IQGg9FJHtFGD6et4bi/95zdR0z8OMySQ1VJLpom7KsYnxOBbcYYoSw4eWAFHM3opJHxQQY8Mr2BCC+ZcXSe3EC0rexW2pWL6axZFHB+gQHaMAnaEyukEVVEUEPaJn9IrenCfnxXl3PqatOWc2s4/+wPn8AX7kmZQ=</latexit>

a

<latexit sha1_base64="bihfQSgohUCaiZLH8E/K/puHk0I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmrRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fxz2M8Q==</latexit>

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

(comp)

(mem)

b

<latexit sha1_base64="9Y1xYV9hakFu8xV0cEnjrRUGU9E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmkG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yMGM8g==</latexit>

a ! a

<latexit sha1_base64="jnXbe6btQmwXgibKAN2VhSH1B5w=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qXMptk2NJssSVapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3dsvuweHLS1TRWiTSC5VJwRNORO0aZjhtJMoCnHIaTsc38z89gNVmklxbyYJDWIYChYxAsZKfbcMuKfYcGRAKfmIoe9WvKo3B14lfk4qKEej7371BpKkMRWGcNC663uJCTJQhhFOp6VeqmkCZAxD2rVUQEx1kM0Pn+JTqwxwJJUtYfBc/T2RQaz1JA5tZwxmpJe9mfif101NdBlkTCSpoYIsFkUpx0biWQp4wBQlhk8sAaKYvRWTESggxmZVsiH4yy+vktZ51a9Vr+5qlfp1HkcRHaMTdIZ8dIHq6BY1UBMRlKJn9IrenCfnxXl3PhatBSefOUJ/4Hz+AGnJkvQ=</latexit>

b ! b

<latexit sha1_base64="y/odGoA3GMubqSuaA2hvPYvW6gw=">AAAB+HicbVBNSwMxEM3Wr1o/uurRS7AInsquFNRb0YvHCvYD2qVk02wbmk2WZFapS3+JFw+KePWnePPfmLZ70NYHA4/3ZpiZFyaCG/C8b6ewtr6xuVXcLu3s7u2X3YPDllGppqxJlVC6ExLDBJesCRwE6ySakTgUrB2Ob2Z++4Fpw5W8h0nCgpgMJY84JWClvlsOcU/z4QiI1uoRh3234lW9OfAq8XNSQTkafferN1A0jZkEKogxXd9LIMiIBk4Fm5Z6qWEJoWMyZF1LJYmZCbL54VN8apUBjpS2JQHP1d8TGYmNmcSh7YwJjMyyNxP/87opRJdBxmWSApN0sShKBQaFZyngAdeMgphYQqjm9lZMR0QTCjarkg3BX355lbTOq36tenVXq9Sv8ziK6BidoDPkowtUR7eogZqIohQ9o1f05jw5L86787FoLTj5zBH6A+fzB2zfkvY=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

Count-or-Memorization

<latexit sha1_base64="dl6D95tdDzd51TNAft5O5SVEngo=">AAACEXicbVC7SgNBFJ31GeMrammzGAQbw64E1C6YxkaIYB6QhDA7uUkG57HM3BXjkl+w8VdsLBSxtbPzb9xsUmjigWEO55zLzD1BKLhFz/t2FhaXlldWM2vZ9Y3Nre3czm7N6sgwqDIttGkE1ILgCqrIUUAjNEBlIKAe3JbHfv0OjOVa3eAwhLakfcV7nFFMpE7uqIVwj0bG6c0xLutI4bE2x1cgteEPaW40ynZyea/gpXDniT8leTJFpZP7anU1iyQoZIJa2/S9ENsxNciZgFG2FVkIKbulfWgmVFEJth2nG43cw0Tpuj1tkqPQTdXfEzGV1g5lkCQlxYGd9cbif14zwt5ZO+YqjBAUmzzUi4SL2h3X43a5AYZimBDKDE/+6rIBNZRhUuK4BH925XlSOyn4xcL5dTFfupjWkSH75IAcEZ+ckhK5JBVSJYw8kmfySt6cJ+fFeXc+JtEFZzqzR/7A+fwBMTKegQ==</latexit>

Composition-or-Memorization

<latexit sha1_base64="AU3h0Xycm3+2dblNcl19kE3syhg=">AAACF3icbVC7SgNBFJ31GeMrammzGASbhF0JqF0wjY0QwTwgCWF2cpMMmdlZZu6Kcclf2PgrNhaK2Grn37i7SaGJB4Y5nHMul3u8QHCDjvNtLS2vrK6tZzaym1vbO7u5vf26UaFmUGNKKN30qAHBfaghRwHNQAOVnoCGN6okfuMOtOHKv8VxAB1JBz7vc0Yxlrq5YhvhHrWM0p9jVFEyUIYnbkHpwjVIpflDmp5Mst1c3ik6KexF4s5InsxQ7ea+2j3FQgk+MkGNablOgJ2IauRMwCTbDg0ElI3oAFox9akE04nSuyb2caz07L7S8fPRTtXfExGVxoylFyclxaGZ9xLxP68VYv+8E3E/CBF8Nl3UD4WNyk5KsntcA0MxjgllOi6D2WxINWUYV5mU4M6fvEjqp0W3VLy4KeXLl7M6MuSQHJET4pIzUiZXpEpqhJFH8kxeyZv1ZL1Y79bHNLpkzWYOyB9Ynz9YnKFI</latexit>

Hierarchical-or-Linear

<latexit sha1_base64="z+j/XVE4K8yKa/1sdHAWANdl7aI=">AAACEnicbVC7TgJBFJ31ifhatbTZSEy0gOwaErUj2lBYYCKPBAiZHS4wYWZ3M3PXSDZ8g42/YmOhMbZWdv6Ns0Ch4Ekmc3LOvXfmHj8SXKPrfltLyyura+uZjezm1vbOrr23X9NhrBhUWShC1fCpBsEDqCJHAY1IAZW+gLo/vE79+j0ozcPgDkcRtCXtB7zHGUUjdezTFsIDKplMbo5JmYOiig1MhciHKn9jBlM1Hmc7ds4tuBM4i8SbkRyZodKxv1rdkMUSAmSCat303AjbCVXImYBxthVriCgb0j40DQ2oBN1OJiuNnWOjdJ1eqMwJ0JmovzsSKrUeSd9USooDPe+l4n9eM8beRTvhQRQjBGz6UC8WDoZOmo/T5QoYipEhlClu/uqwAVWUoUkxDcGbX3mR1M4KXrFweVvMla5mcWTIITkiJ8Qj56REyqRCqoSRR/JMXsmb9WS9WO/Wx7R0yZr1HJA/sD5/AILSnp4=</latexit>

Add-or-Multiply

<latexit sha1_base64="Qjee5BVEq+vKsWYHnWbnBQlIpYA=">AAACC3icbVDLSsNAFJ34rPUVdekmtAhuWhIpqLuqGzdCBfuANpTJZNIOnUnCzI0YQvdu/BU3LhRx6w+4829M0iy09cDlHs65l5l7nJAzBab5rS0tr6yurZc2yptb2zu7+t5+RwWRJLRNAh7InoMV5cynbWDAaS+UFAuH064zucr87j2VigX+HcQhtQUe+cxjBEMqDfXKAOgDSJHknUFy4bq1QNZuIg4s5PF0Wh7qVbNu5jAWiVWQKirQGupfAzcgkaA+EI6V6ltmCHaCJTDC6bQ8iBQNMZngEe2n1MeCKjvJb5kaR6niGl4g0/LByNXfGwkWSsXCSScFhrGa9zLxP68fgXdmJ8wPI6A+mT3kRdyAwMiCMVwmKQEepwQTydK/GmSMJSaQxpeFYM2fvEg6J3WrUT+/bVSbl0UcJXSIKugYWegUNdE1aqE2IugRPaNX9KY9aS/au/YxG13Sip0D9Afa5w/83pun</latexit>

(add)

(mem)

train exampletrain example

test example

train example

test example

train example

test example

aa ! bbbb

<latexit sha1_base64="a4iN37u8WAC9fwuLOaFSCqDHf/w=">AAAB/HicbVBNSwMxEM3Wr1q/Vnv0EiyCp7IrBfVW9OKxgv2AdimzabYNzSZLklWWUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZFyacaeN5305hbX1jc6u4XdrZ3ds/cA+PWlqmitAmkVyqTgiaciZo0zDDaSdRFOKQ03Y4vpn57QeqNJPi3mQJDWIYChYxAsZKfbcMgHuKDUcGlJKPOLTouxWv6s2BV4mfkwrK0ei7X72BJGlMhSEctO76XmKCCSjDCKfTUi/VNAEyhiHtWiogpjqYzI+f4lOrDHAklS1h8Fz9PTGBWOssDm1nDGakl72Z+J/XTU10GUyYSFJDBVksilKOjcSzJPCAKUoMzywBopi9FZMRKCDG5lWyIfjLL6+S1nnVr1Wv7mqV+nUeRxEdoxN0hnx0geroFjVQExGUoWf0it6cJ+fFeXc+Fq0FJ58poz9wPn8AaY6UpA==</latexit>

a ! ?

<latexit sha1_base64="MdWGCyoEtQk4iPFMQu2DAITPSsU=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFchUQq6sqiG5cV7AOaUCbTSTN0ZhJmJkoJXbnxV9y4UMSt3+DOv3HaZqGtBy4czrmXe+8JU0aVdt1va2FxaXlltbRWXt/Y3Nq2d3abKskkJg2csES2Q6QIo4I0NNWMtFNJEA8ZaYWD67HfuidS0UTc6WFKAo76gkYUI22krn2AoC9pP9ZIyuQB+rFKESa5455iPrrs2hXXcSeA88QrSAUUqHftL7+X4IwToTFDSnU8N9VBjqSmmJFR2c8UMQsGqE86hgrEiQryyRsjeGSUHowSaUpoOFF/T+SIKzXkoenkSMdq1huL/3mdTEfnQU5Fmmki8HRRlDGoEzjOBPaoJFizoSEIS2puhThGEmFtkiubELzZl+dJ88Txqs7FbbVSuyriKIF9cAiOgQfOQA3cgDpoAAwewTN4BW/Wk/VivVsf09YFq5jZA39gff4AheWYiQ==</latexit>

(mul)

bbbb

<latexit sha1_base64="Skuwggtv7n9iurfu6b6dnycPw7E=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKoN6KXjxWsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqW19Y3NrfJ2ZWd3b/+genjUNnGqKWvRWMS6GxLDBFesZbkVrJtoRmQoWCec3OV+54lpw2P1aKcJCyQZKR5xSmwuhQ6Das2re3PgVeIXpAYFmoPqV38Y01QyZakgxvR8L7FBRrTlVLBZpZ8alhA6ISPWc1QRyUyQzW+d4TOnDHEUa1fK4rn6eyIj0pipDF2nJHZslr1c/M/rpTa6DjKuktQyRReLolRgG+P8cTzkmlErpo4Qqrm7FdMx0YRaF0/FheAvv7xK2hd1/7J+83BZa9wWcZThBE7hHHy4ggbcQxNaQGEMz/AKb0iiF/SOPhatJVTMHMMfoM8f93WONg==</latexit>

bb

<latexit sha1_base64="fz5x21CLleIxoxCf0rdZAKFE5ls=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWsR/QhrLZTtqlm03Y3Qgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSQxD0yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhlZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVr1+r5Wqd/kcRThBE7hHDy4hDrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD4KejV4=</latexit>

bbb

<latexit sha1_base64="OTSroX6SlAdC/21642o1h79Iv24=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorevFY0X5Au5Qkzbah2WRJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8w8kghurO9/e4W19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3CDZMcMmallvBOolmOCaCtcn4dua3n5g2XMlHO0lYGOOh5BGn2DrpgRDSL1f8qj8HWiVBTiqQo9Evf/UGiqYxk5YKbEw38BMbZlhbTgWblnqpYQmmYzxkXUcljpkJs/mpU3TmlAGKlHYlLZqrvycyHBsziYnrjLEdmWVvJv7ndVMbXYUZl0lqmaSLRVEqkFVo9jcacM2oFRNHMNXc3YroCGtMrUun5EIIll9eJa2LalCrXt/XKvWbPI4inMApnEMAl1CHO2hAEygM4Rle4c0T3ov37n0sWgtePnMMf+B9/gA8343K</latexit>

thricea ! aaa

<latexit sha1_base64="qnFGHcCsleGiOXNIMFDZUtpqE2A=">AAACHnicbVDJSgNBEO1xN25Rj14ag+DFYcYF9SZ68ahgVEhCqOlUMo3dM0N3jRKGfIkXf8WLB0UET/o3dmIEt9c0vHpVRVW9KFPSUhC8eyOjY+MTk1PTpZnZufmF8uLSuU1zI7AqUpWaywgsKplglSQpvMwMgo4UXkRXR/38xTUaK9PkjLoZNjR0EtmWAshJzfIOxUYKrMc2A4FF4O9o3YOvcCPwt1xcN7ITExiT3nDov2a5EvjBAPwvCYekwoY4aZZf661U5BoTEgqsrYVBRo0CDEmhsFeq5xbdxCvoYM3RBDTaRjE4r8fXnNLi7dS4nxAfqN87CtDWdnXkKjVQbH/n+uJ/uVpO7b1GIZMsJ0zE56B2rjilvO8Vb0mDglTXERBGul25iMGAIOdoyZkQ/j75Lznf9MNtf/90u3JwOLRjiq2wVbbOQrbLDtgxO2FVJtgtu2eP7Mm78x68Z+/ls3TEG/Yssx/w3j4AA+KiZg==</latexit>

thrice b! ?

<latexit sha1_base64="gbmyyfTl9bxXUBY/8c/CKSNznlI=">AAACKXicbVBNS8NAEN34WetX1KOXxSJ4sSRSUU8WvXhUsCq0pWy202ZxNwm7E6WE/h0v/hUvCop69Y+4TSP49WDhzXszzM4LEikMet6bMzE5NT0zW5orzy8sLi27K6sXJk41hwaPZayvAmZAiggaKFDCVaKBqUDCZXB9PPIvb0AbEUfnOEigrVg/Ej3BGVqp49Yx1IJDKzQJ45B51V2lhsFXuT2uW1r0Q2Rax7f0y/Jzhx523IpX9XLQv8QvSIUUOO24T61uzFMFEXLJjGn6XoLtjGkUXMKw3EoN2A3XrA9NSyOmwLSz/NIh3bRKl/ZibV+ENFe/T2RMGTNQge1UDEPz2xuJ/3nNFHv77UxESYoQ8fGiXiopxnQUG+0KDRzlwBLGtbB/pTxkmnG04ZZtCP7vk/+Si52qX6senNUq9aMijhJZJxtki/hkj9TJCTklDcLJHXkgz+TFuXcenVfnfdw64RQza+QHnI9P8/inCQ==</latexit>

Figure 1: Illustration of the tasks. After training on the train examples (green blocks), learners
are tested on held-out examples (red blocks). In pink blocks are generalizations according to the
candidate rules.

By a
k we denote a sequence that contains token a repeated k times. For training, we represent

sequences in a standard way: the tokens are one-hot-encoded separately, and we append a special
end-of-sequence token to each sequence. Input and output vocabularies are disjoint.

Count-or-Memorization: In this task, we contrast learners’ preferences for counting vs. memoriza-
tion. We train models to fit a single training example with input a

l and output b
l (i.e., to perform the

mapping a
l ! b

l) and test it on a
m with m 2 [l�10, l+10]. If a learner learns the constant function,

outputting b
l independently of its inputs, then it follows the mem strategy. On the other hand, if it

generalizes to the a
m ! b

m mapping, then the learner is biased toward the count strategy.

Add-or-Multiply: This task is akin to the motivating example in Section 1. The single training
example represents a mapping of an input string a

l to an output string b
2l. As test inputs, we generate

a
m for m in the interval [l � 3, l + 3]. We consider the learned rule to be consistent with mul if for

all m, the input/output pairs are consistent with a
m ! b

2m. Similarly, if they are consistent with
a
m ! b

m+l, we say that the learner follows the addition rule, add. Finally, the learner can learn a
constant mapping a

m ! b
2l for any m. Again, we call this rule mem.

Hierarchical-or-Linear: For a fixed depth d, we train learners on four training examples x
d
yx

d ! y

where x, y 2 {a, b}.3 Each training example has a nested structure, where d defines its depth. A
learner with a hierarchical bias (hierar), would output the middle symbol. We also consider the
linear rule (linear) in which the learner outputs the (d+1)th symbol of its input.
To probe learners’ biases, we test them on inputs with different depths m 2 [d � 2, d + 2]. Note that
to examine the linear rule (i.e. if the learner outputs the (d+1)th symbol of any test input of depth
m), we need m � d

2 . Similar to the previous tasks, there is no vocabulary sharing between a model’s
inputs and outputs (input and output tokens a and b are different).

Composition-or-Memorization: We take inspiration from SCAN (Lake & Baroni, 2017), a bench-
mark used for studying systematic generalization of seq2seq learners.4 The input vocabulary has N

symbols ai that are one-to-one mapped into N output symbols bi (i.e., ai ! bi). In addition, there
is a modifier token thrice: when thrice precedes an input symbol ai, the corresponding output is
repeated three times: thrice ai ! bibibi.

We train a learner on all non-compositional examples (ai ! bi) and M (M < N ) compositional
examples (thrice ai ! bibibi). At test time, we feed the learner with the remaining compositional
examples (thrice ai, i > M ). If the learner generalizes to the mapping thrice ai ! bibibi for i > M ,
we consider it to be biased toward a compositional reasoning (comp). As an alternative generalization,

3This mapping consist then on four combinations adbad ! b; adaad ! a; bdabd ! a and bdbbd ! b.
4In Appendix, we report a study of inductive biases on the SCAN data.
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FPA " L, nats #
length l count mem count mem

LSTM-s2s no att. 40 1.00 0.00 0.01⇤ 97.51
30 0.97 0.00 0.01⇤ 72.67
20 0.07 0.00 2.49⇤ 55.67
10 0.00 0.00 88.27 48.67⇤

LSTM-s2s att. 40 0.99 0.00 7.84⇤ 121.48
30 0.96 0.02 1.14⇤ 83.48
20 0.70 0.16 5.73⇤ 49.33
10 0.00 0.20 98.12 8.46⇤

CNN-s2s {10, 20, 30, 40} 0.00 > 0.90 > 592.92 <1.31⇤

Transformer {10, 20, 30, 40} 0.00 > 0.97 > 113.30 <11.14⇤

(a) Count-or-Memorization

FPA " L, nats #
length l add mul mem add mul mem

LSTM-s2s no att. 20 0.00 0.94 0.00 25.42 0.31⇤ 57.32
15 0.07 0.65 0.00 19.24 4.67⇤ 43.65
10 0.95 0.01 0.00 0.68⇤ 26.58 25.15
5 0.04 0.00 0.00 17.12 50.83 18.60

LSTM-s2s att. 20 0.00 0.98 0.00 30.26 1.40⇤ 58.84
15 0.15 0.83 0.00 20.18 4.07⇤ 46.36
10 0.40 0.28 0.18 13.69 18.16 26.44
5 0.00 0.00 0.97 45.88 77.86 0.01⇤

CNN-s2s {5, 10, 15, 20} 0.00 0.00 1.0 > 318.12 > 346.19 0.00⇤

Transformer {5, 10, 15, 20} 0.00 0.00 1.0 > 38.77 > 50.64 <3.50⇤

(b) Add-or-Multiply

FPA " L, nats #
hierar linear hierar linear

LSTM-s2s no att. 0.05 0.00 31.04⇤ 61.84
LSTM-s2s att. 0.30 0.00 26.32⇤ 57.2
CNN-s2s 0.00 1.00 202.64 0.00⇤

Transformer 0.69 0.00 4.84⇤ 35.04

(c) Hierarchical-or-Linear with depth d = 4

FPA " L, nats #
M , examples comp mem comp mem

LSTM-s2s no att. 36 0.00 0.00 42.65 38.55
24 0.00 0.00 238.54 89.36⇤

6 0.00 0.00 656.93 157.55⇤

LSTM-s2s att. 36 0.00 0.00 62.34⇤ 70.92
24 0.00 0.00 263.33 157.82⇤
6 0.00 0.00 659.85 164.43⇤

CNN-s2s 36 0.75 0.00 1.44⇤ 49.92
24 0.13 0.00 13.75⇤ 84.55
6 0.00 0.00 131.63 29.66⇤

Transformer 36 0.00 0.82 147.83 6.36⇤

24 0.00 0.35 586.22 26.46⇤

6 0.00 0.00 1235.01 53.91⇤

(d) Composition-or-Memorization

Table 1: FPA measures the fraction of seeds that generalize according to a particular rule. Description
length L is averaged across examples and seeds. The lowest L are in bold and ⇤ denotes stat. sig.
difference in L (p < 10�3, paired t-test).
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CNNやTransformerは出力を暗記する傾向
(dropout率を上げるとmemの傾向は下がる．直感的．Appendix)

LSTMの数える能力は理論的な後付けあり [Weiss+, 2018]など


