What they do when in doubt:
a study of inductive bias in seg2seq learners

Eugene Kharitonov, Rhama Chaabouni

MmN A BEMEE (RIEKR)

X DMMEDFEFHE WS LDIE, EDFEFCEHRE - BEICDWT

2021/9/18 B ICimNLP



MERFSEHFICEELT UL

LA’ vie aver

Brocante-

VIMAGES . 12,
Cesszp24

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

2021/9/18 BRICHENLP -




MERFSEHFICEELT UL

LA’ vie aver

Brocante-

VIMAGES . 12,
Cesszp24

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

NIFRI > TWSAL
2021/9/18 " o BRITIRNLP -




ENMNRIANTIMN?

LA vie avec’ Brocante.

www.amazon.co.jp/dp/B0
OIKSURXM

2021/9/18 BRICHENLP -




ENMNRIANTIMN?

INHARIONMR?

www.amazon.co.jp/dp/B0
OIKSURXM

AUHEZUIcHDICAUARMEIDHETOSNTWS &
—,ﬂ&“«[hj’%{lﬁﬁ:ﬂ Shape bias [Landau et al., 1988]
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LA vie avec’ Brocante.
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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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Hierarchical learner:

XARDFZHALTLW

aabaa — b

b bbabb - a

Fik, SEIFEICH W ThierarchicalZ— iR {E = IF
[Perfors+, 2001]

5713 HICCNNIZELineariik, Transformer, LSTMI&
hierarchicaliftS U UL\ [Kharitonov&Chaabouni, 2021]
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On the proper role of linguistically-oriented deep net analysis in WBZEICBZD
linguistic theorizing [Baroni, 2021] HM{F Mm? (D—F)
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e 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]

class MyModel:
def __init_ (self):

self.memory = dict() .
e o N
def train(self, data): o ° o
for x, y in data: J >
self.memory[x] =y 0o %e
o ©
def infer(self, x): X

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

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

o https:// .minar. /inductive-bias.html
so why could I make a prediction?") PR A S S IR
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e 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]

class MyModel:
def __init_ (self):
self.memory = dict()

.. .
def train(self, data): P ///‘}//‘/
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, \
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 man’s 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 25 4—2J> -Evh— 1 Z=2ArFEnk "ZTHOAK - TED

R = ICE % nature-nurture debate
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We do not learn, and that what we call
learning is only a process of recollection.

No man’s 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 27 4—J> - Eyvh— 1 EZAFEnhi "ZHADEARR - TED

Artificial neural networks learn some kinds of linguistic structure only from data !11???
- 21st natural language prOCGSSing Emergent linguistic structure in artificial neural

networks trained by self-supervision
g E.,E ‘i ﬁﬁﬂg ‘: E?%: —6\ g % t \'\ 5 Z t ? ? . Cere\riastoapzlhe;:ar\:ar:iiniga, :):\:n Clark, (2 John Hewitt, Urvashi Khandelwal, and Omer Levy
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- "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, 20211& D 5|, Z D& 5735w EZblank slate argument & IF A TS,
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- "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, 20211& D 5|, Z D& 5735w EZblank slate argument & IF A TS, ZoOWo 2 t 7& = 2 WD 75\ ’?

%E%E@T\Li ’? [Baroni, 2021]
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o —a1—TJI)IETIDNSKDPHEB)DAVRAIVANSED L ST LE
HOOZEBUT, TEFILDIRI/INA 7 R (initDks S TEE L E 25D Z O

train example |aaa — bbb train example aa — bbbb

(count)
Count-or-Memorization

(inear)

Hierarchical-or-Linear Composition-or-Memorization

o ASUWERH/INA 7 RAZF > TWLWEWEWSIREIZERT DD T,

blank slate argument|$ £ #&HY
- BETINICE > T, BEERMGONMEZFOREANS LWRMR/\1 7R Z2BICBELTWS
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T ZHIVGHE: Eik R ICED L= 5

aa —» bbbb — ak - b%k = HJIH\Z bbbb

o HBHIETILMD, BET—F T={x,y} D5, RAA BEESDMLZFEHNZHRD fz\L)

e XJFL: ) B {E DT 8
EFIMEZBEFTTCENIBEL %, BEIBNCHST—IDTEMEBTS. Slcves
validation lossDINERHNE WS ZFDHRAZF O I|IN/NA P RAE2HFIT S S

%Ebb\ﬁm “
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aa —» bbbb — ak - b%k = HJIH\Z bbbb

o HBHIETILMD, BET—F T={x,y} D5, RAA BEESDMLZFEHNZHRD fz\L)

o SiE. 07,
EFIMESZTEFATCENIGEL 2%, HIBAICRST—IDTEMEET S, Sociis
validation loss DRI R W Z DRI ZFLIFMN/INA P X ZHT S B

L Ww

SHMEGRE DEEFE EAVT CET rusc R B EEc s> T\ o5& S8 3)

Mt—l

k
Z logpam,_ (yt \xt) + c. Moo ssun ek
= /0.

Zstep tic TAdamT300epochEF T TEBULETIL. M & T—F{, v} i CEBULEETIL (x,, ye} —log p(y¢|xe) nats fxs)
optimizer(dreset U 7& L L DDBTF—IEIDBDET SEDT—F D-logp(ylx) EFHET B Y & M5 780
—SEFET—FICMATM ZET S (from scratch) Z#E DR

BEAHMICEHELTVWRDDIEREN Y v F— LM(D) —

o BEF STHBLLEFIICEST, E55DBAICHES F—4D, Dpht
"R ZEND
- ORI ELT, BREROEETCETINET —YOEMEIEIX N GRRR) Z2E 25
(prequential codes) [pawid, 1984] [Blier&Olliver, 2018]
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e TREEI1: Hierarchical or Linear

INE LN Z DA = 1FES

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

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

_train example lagbpa, — ¢ b LSTM*TransformerHh NLP TLLERHY S & < &<
b D, BEEMARRMNA 7 AZHF>TWVWEN5?
test example ‘a,l;g 9 (hierar)

\@ X TransformerHD' BEBRIRNIBEZEIR T= SN EERHD D
(inean [Hahn, 2020][Weiss+, 2021].

Hierarchical-or-Linear ¥ Z DEIEEEBENICED LS BERAZFOH FEENEENSCEIDIRS NS DY)
ZIRANTEHED, EHTEDNILRIERE
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o 1REEA2: Add, Multiply, or Memorize

INE LN Z DA = 1FES

FPA 1 L, nats |
train example A —> bbbb length [ add mul mem add mul mem

bbb 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
7 (mem) 10 0.95 0.01 0.00  0.68 26.58  25.15
Cg 5 0.04 0.00 0.00 17.12 50.83  18.60
test example ‘ a bbb -
. @dd LSTM-s2s att. 20 0.00 0.98 0.00  30.26 140" 58.84
15 0.15 0.83 0.00 20.18 4.07 46.36
bb 10 0.40 0.28 0.18  13.69 18.16  26.44
. “muly 5 0.00 0.00 0.97  45.88 77.86  0.01
Add-or-Multiply 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

If

CNN*¥Transformerld ¥ (& D BEEC H 157

C

N\
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A H nature-nurture debatelc 5% B 22 £
:1_5}11*“/ I\‘j: FEEE@EH&J -Z“‘j:ic-;\'\ [Baroni, 2021]

o —a1—JIIETIL EBHENZE I TVEVWE > I SHRRELRE) D,

T—IDHNEXZERTT D15 1F, XERENICERFTESD  zy?

- "Our results also contribute to the longrinning nature-nurtuke debate in language acquisition: whether the
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]

SEMRICHNT
o deep netsid TEARIFN/NA 7R Eroe71) HDIRNENLSHBERICHD<
D ITDODWTHI T 212D —)LiIciand & RWD Tl [saroni, 2021]

- ZOERHLS, deep nets (FEEBERICEET B algorithmic theory& U TIRZ 51 TH R LD TIE [Baroni, 2021]
- ETFILOMEE/INA 7 R % (BH17R<) probingd 22 EHEHUWERSIFTE, AEFARDHEGELD T IRDOHIE...

ALEICFSHBNDZONMNEIEWVWTEWT, T5WVWSEENHDIEVNSZ EIE
HM>TWTHRWLWD Tl
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o “a1—JIETINEEICT—FT I F v DEET, NLOEF (FHN/N1 7
A)DBRELLERLS

o 'HBIWMRXEZZ1—FJIETILDNT—IDNSEETEIDT, XITBENIC
ESCE2HFATH D1 & WD EmISTEHED
- Za—FIILRY NEANITERNA T ADEENE 1< BV EZRET S EICHED

o EERERDIUIGNS, Za—JIIEBNETT I Z
"ED & SRIFIN/NA 7 ADNERNREFER LMD ERHNDY =)L)
EEZNIFR VD TIE [Baroni, 2021]
(EVWSZENBRINTVDSIEFBEDABICEVWTEWVWTHLWLWDTIE)
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T ZHIVGHE: Eik R ICED L= 5

° é:“@ot’)fci—ﬂxflﬁ%ﬁ%%ﬁﬁﬁ’ "FOH ZFNTWD

- (R BB ETIVI ZADKED/NY — Y ZFRHT RN ZHONESH BIZIE, LSTMIZa"b" & XET
=51, TransformeridDych-nE8BZET ) VI TESH) D& SIS HIER-E

k

o FEDELES ODHiZFHMHICEXD A TWS LM(D):—Zlogpmt_l(yt|33t)+c

validation setZEE U T, iterationZ &
Dvalidation CEEMTIXIESHE>Teh ?

LD2OWEHETHNIL, IR (&prequential codes) DEEZFHE BT AMEIFBWVWER S,
EIRERE DEFEFEIIN > ZVWWDEED, ZESICHRICEDESENT

NABICEMOERFEZ(CH > TLWABHISR. &tont, NyFEEIBLTEFLEIDSIIRLET
$FE T & DtargetXFFIORT DEVREB LR TLLD ? EH
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e |dentity Crisis: Memorization and Generalization under Extreme

Overparameterization [zhang+, 2020]
- ANEZOFREHASEZ L WSFEBEE—FH] (W/SGD) TIT-> 1k, ESEREFHET 2,
ZTOHAZRATHI I EZFETSH. FCN, (NN THE @RoLclWThoEFILESERESBT 32 AT

- Linear, Non-Linear FCNsIZE—E4IN S5 EFZRZ FE U R WEFR

= E A unseen

o I l I ﬂ l IJ ﬂ H||
Z OEE)FSFAEE A Llayer b o
lincar IR

Qe
1Y e
e Qe el e e

s EELT L ] e
linear ] - i . N (o s SALERAI T D B

2-layer 7 e el (backprop® AN ZE 10 2 1= 8))
ReLU |

6-layer |

linear 7 | {

6-layer

RelLU

B 7cimNLP
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e |dentity Crisis: Memorization and Generalization under Extreme

Overparameterization [zhang+, 2020]

- ANMZEFOFFHEASEDEWVWSIREEZ —FEHTToIRFIC

- RUVCNNsIZFE—FfHh S EETHE 2 E T SEM

FEEP

Input .|
t-tayer [
3-layer :
s-tayer [

CNNs 9-layer
11-layer
12-layer
14-layer
15-layer
16-layer
18-layer
19-layer
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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]

colour match shape match probe
‘ 1.0 I..s:...l.......-.o.. 1.0 owawmeppen, o o0, s = o . e
> ‘e, > . °
208 ‘e, T 08 .
K] te., 8 J
= *ee = .
g 0.6 “ g 0.6 LI *
'E AL( ° - . Q.
204 Loa ket
< o o. * . .
Z02 e Color 02 e Color « "
e Shape e Shape
0.0 0.0
0 5 10 15 20 0.0 0.2 0.4 0.6 0.8 1.0
Attribute bits flipped Attribute distance
(a) MLP (b) CNN
Increasing attribute distance
0.71
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 1 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"
_ b—b 24 0.00 0.35 586.22 26.46"
train example t4rice q — aaa 6 0.00 0.00 1235.01 53.91"
@ (d) Composition-or-Memorization
test example M (mem)
o Nl 1 kwa =
bbb | P 5 XD TransformerHh iEie 9 S 1EA
(comp) (Transformerh¥data hungry T % Z & ICEEH S ?)

Composition-or-Memorization

2021/9/18
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e What they do when in doubt: a study of inductive biases in seg2seq
learners [Kharitonov & Chaabouni, 2021]

. FPA 1 L, nats |
train example |aaa — bbb length [ count  mem count mem

------ LSTM-s2s no att. 40 1.00 000 001" 9751

30 0.97 0.00 0.01% 72.67
20 0.07 0.00 2.49* 55.67
test example m (mem) 10 0.00 0.00 88.27 48.67"

LSTM-s2s att. 40 0.99 000  7.84" 12148
30 0.96  0.02 114"  83.48

(count) 20 0.70 0.16 5.73 49.33
. 10 0.00 0.20 98.12 8.46*
Count-or-Memorization
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

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

(dropoutE%Z E1F% EmemDIERIETH S, BEREHN. Appendix)

LSTMOD#Z % BEN IS IBFRAVR AT (T 35 D [Weiss+, 2018]78 &
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