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—,ﬂ&“«[hj’%{lﬁﬁ:ﬂ Shape bias [Landau et al., 1988]
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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]
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[Perfors+, 2001]
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hierarchicaliftS U UL\ [Kharitonov&Chaabouni, 2021]
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class MyModel:
def __init_ (self):

self.memory = dict() .
e o K
def train(self, data): o ° o
for x, y in data: A >

self.memory[x] =y ’ 0o %e
o ©
X

def infer(self, x):

try:
return self.memory [x] f
except:

raise UnseenError("I've never seen data like this before, \

. . https:// .mInar.com /inductive -bias.html
so why could I make a prediction?") SRR nauctive bt
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def infer(self, x):

try:
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so why could I make a prediction?")
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We do not learn, and that what we call
learning is only a process of recollection.

No manOs knowledge here can go beyond his experience.
| think; therefore | am -- John Locke

-- Rene Descartes

-- 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
All men are created equal otherwise?
-- Thomas Jefferson -- Noam Chomsky 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 pAVY"Qi~Dig§"«{V teh®i(wt[~ | "#$
R Z[CHE % nature-nurture debate
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We do not learn, and that what we call
learning is only a process of recollection.

No manOs knowledge here can go beyond his experience.
| think; therefore | am -- John Locke

-- Rene Descartes

-- 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
All men are created equal otherwise?
-- Thomas Jefferson -- Noam Chomsky 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 uAY"Qi~Di§"«{V teh®i(wt[~ | "H#$
Artificial neural networks learn some kinds of linguistic structure only from data !!1???
-- 21st natural |anguage processing Emergent linguistic structure in artificial neural

networks trained by self-supervision
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FPA! L, nats"
hierar linear hierar linear
LSTM-s2s no att.  0.05 000 31.04 6184
LSTM-s2s att. 0.30 0.00 26.32 57.2
CNN-s2s 0.00 100 20264 0.0d
Transformer 0.69 000 4.84 35.04

(c) Hierarchical-or-Linear with deptti = 4

LSTM¥ TransformerHh’NLP TLELEHY S FE < B <
DI, FBENRIEW/NA 77X E2F>TVNENE?

| TransformerUSU$srg> 1TgqpV’T x"eK"®
[Hahn, 2020][Weiss+, 2021]}
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lengthl add mul mem add mul mem
LSTM-s2s no att. 20 000 094 000 2542 0.31 57.32

15 007 065 000 1924 4.67 4365

10 095 001 000 0.68 26.58 2515

5 004 000 000 17.12 50.83 1860
LSTM-s2s att. 20 000 098 000 3026 1.4d 58.84

15 015 083 000 2018 4.07 46.36

10 040 028 018 13.69 18.16 2644

5 000 000 097 4588 7786 0.0t
CNN-s2s {5,10,15,200 0.00 000 10 > 31812 > 34619 0.00
Transformer {5,10,1520, 0.00 000 10 > 3877 > 5064 <3.50
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- "Our results also contribute to the longrinning nature-nurtuke debate in language acquisition: whether the
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success of neural models implies that'Unbiased learners can learmypatural languages with enough data, or
whether human abilities to acquife language given sparse stim-ulus tmaplies a strong innate human learning bias”
[Papadimitriou & Jurafsy, 2020]
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e |dentity Crisis: Memorization and Generalization under Extreme
Overparameterization [zhang+, 2020]
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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]
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Figure 1. Example images from the Cognitive Psychology
Dataset (see section 5). The data consists of image triples (rows), Original Shape ' ‘ ‘
each containing a colour match image (left column), a shape
match image (middle column) and a probe image (right column). ‘
‘We use these triples to calculate the shape bias by reporting the
proportion of times that a model assigns the shape match image Color ‘ ‘

class to the probe image. This dataset was supplied by cognitive
psychologist Linda Smith, and was designed to control for object

size and background. (c) Distance along stimulus dimensions
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e What they do when in doubt: a study of inductive biases in seg2seq

learners [Kharitonov & Chaabouni, 2021]

FPA! L, nats"
M, examples comp mem comp mem
LSTM-s2s no att. 36 000 000 4265 38.55
24 Q00 Q00 23854 89.36
6 000 000 65693 157.55
LSTM-s2s att. 36 Q00 Q00 62.34 70.92
24 000 Q00 26333 157.82
6 0.00 Q00 65985 164.43
CNN-s2s 36 Q75 000 1.44 49,92
24 013 000 13.75 84.55
6 0.00 Q00 13163 29.66
ar a Transformer 36 000 082 14783 6.36
_ bl b 24 000 035 58622 26.46
train example thricea | aaa 6 000 000 123501 53.91

(d) Composition-or-Memorization

bbi | Y 5 [ED Transformerh \iEEC 9 &R
(comp) (Transformerh¥data hungry T % Z & ICEEH S ?)

Composition-or-Memaorization
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e What they do when in doubt: a study of inductive biases in seg2seq
learners [Kharitonov & Chaabouni, 2021]

' FPA! L, nats"
train example |@aa! bbl lengthl count mem  count  mem

LSTM-s2s no att. 40 100 Q.00 0.01 97.51

30 097 000 0.01 72.67

20 Q07 Q.00 2.49 55.67

test example m (mem) 10 000 000 8827 48.67
LSTM-s2s att. 40 099 000 7.84 12148

30 096 002  1.14 8348

(count) 20 Q70 016 5.73 49.%3

- 10 Q00 020 9812 8.46
Count-or-Memorization :
CNN-s2s {10,20,30,40 0.00 > 0.90 > 59292 <1.31

Transformer {10, 20, 30, 40} 0.00 > 097 > 11330 <11.14

(a) Count-or-Memorization

CNN*Transformerld 71 %= BEEC 9 S {E[A]

(dropoutp>i[”"q memw 2x<U”}U0$} Appendix)

LSTMwW:Q"6—xgae$s™CZK" [Weiss+, 2018] sr
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