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Mission: Impossible Language Models (ACL 2024 best paper)
Julie Kallini, Isabel Papadimitriou, Richard Futrell, Kyle Mahowald, Christopher Potts

Semisupervised Neural Proto-Language Reconstruction (ACL 2024 best paper)
Liang Lu, Peirong Xie, David R Mortensen

Visual Grounding Helps Learn Word Meanings in Low-Data Regimes (NAACL 2024 best paper)
Chengxu Zhuang, Evelina Fedorenko, Jacob Andreas

Between Circuits and Chomsky: Pre-pretraining on Formal Languages Imparts Linguistic Biases (ACL
2025 outstanding paper)
Michael Y. Hu, Jackson Petty, Chuan Shi, William Merrill, Tal Linzen

A New Formulation of Zipf's Meaning-Frequency Law through Contextual Diversity (ACL 2025
outstanding paper)
Ryo Nagata, Kumiko Tanaka-Ishii

Using Information Theory to Characterize Prosodic Typology: The Case of Tone, Pitch-Accent and
Stress-Accent (ACL 2025 SAC highlights)
Ethan Wilcox, Cui Ding, Giovanni Acampa, Tiago Pimentel, Alex Warstadt, Tamar I Regev
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« *A sketch of lights don’t--

« HARGESFHBDIRZR D TRADTRVOVG - smzEIB EBEROT. BIBRT EHEETD
« AR — )\ RICEDKHAREZE_EBMEBXOEREIEDODIT

(Ryohei Sasano and Manabu Okumura. A Corpus-Based Analysis of Canonical Word Order of

Japanese Double Object Constructions. ACL2016)
« BNXERTER C1O00EXZMAT L. HRAIMRERZE E=M (CHREE (BhFallCc K> CEARGEIREIERRD. alg
SNUC K UB(EEIEADIE < (C. Pass/showS 1T, Zig&ahBEmzXRIHBE )

« I )\ BB ZSEBET IV ETE I DMR(CESMRA TS EDESD?

/oA
(Tatsuki Kuribayashi, Takumi Ito, Jun Suzuki, Kentaro Inui. "Language Models as an Alternative
Evaluator of Word Order Hypotheses: A Case Study in Japanese.” ACL 2020)
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« 1—)\ZBEEZEZBETI/ILOENEXRTESTRX CEBIEDHTZ LU THE. BIF
DO R = HBI1R
« EEBTETIUIEBIEOFETZBHD TOELLIRAITLDS

« —BEFEFTI/ILZIMUTCUERIE, BXFEfSRREZEDXLDE,. HDIBHK
F(Z, OPOSMN O/ XHHEtEHR $BEE) (CF7ITEATED

o XIHEF(FChatGPTO XD ICHIWTEZXTVDINITTIFRL. XDOEXRZEFRTEL TS
o EDLDICAYEBIF ZBVWENDTED ELVNFERLZ DD D
« Prompting is not a substitute for probability measurements in large language models (Hu & Levy, EMNLP 2023)
« How to Make the Most of LLMs’ Grammatical Knowledge for Acceptability Judgments (Ide et al., NAACL 2025)
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 FEIBRIF(IO—/\RZTZ< SAZHEEEFTEDENDZLE?
R U EEDRIET(E, ) CROBEE I & > COXDEAS - L CHELTNS)

« EREE D EIFEAREMIRETTLD
« A sketch of lights {doesn’t/*don’t} appear
« "NP PP NP VP”@J:i@B'Z%‘:ZI—/ (AMSE2THELUT, SEBEFI/ILZIFELUTE. IE
LWLWEDO—RICEMERZEIDHTS
(Patil+,24. Filtered Corpus Training (FiCT) Shows that Language Models can Generalize
from Indirect Evidence)
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AFE?@EEE%;ML%Z(:T&_iéAFE?J;{%‘@'{E_UJ\ =SETEF)L) BN ANFER YO THF
EITBDDT. ENHEBRIZFICH U T ZRIETINEXR < IRD
e [AEREZUZVDE UMW EN, AR ZIROHRVBR(C(ERSR0)
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Futrell, Richard, and Kyle Mahowald, 2025. "How linguistics learned to stop worrying and love the
language models.”

« Alex Warstadt, and Samuel R Bowman, 2022. “What artificial neural networks can tell us about human
language acquisition”

« Marco Baroni, 2021. “On the proper role of linguistically-oriented deep net analysis in linguistic
theorizing”
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- HKIEE, BIRM. SEMRICHITIRENIBERESEES)L (NLP2025)
- IPHEE BERE. SETETILDIDFNESEER (NLP2025)
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AN S0 VAR
e FAIFICHIEINREZTEFNSNEE.
INDHER(IBEE=N. KED/\UT—-23>
(FZ<78D
« AABACADAE:--

» ENNOEDTEFRalse THNIS,
/:-E'fzkh\ F a | se (: Td: 5 Figure 6. The Multitask Scaling Hypothesis: Models trained

with an increasing number of tasks are subjected to pressure to

. 7>j_ . jj l/_:j_a)\;ﬁla\u rj/\l?@ﬁﬁf&?&}ﬁ(i learn a representation that can solve all the tasks.
BTO3, AERREL, TNTNRABEHCAETHD, | fun M, Oen 6. werg T, o, P

(2024). Position: The Platonic Representation
Hypothesis. ICML2024

« NEIDSEEZHOBIRNEUVGRETHDEITDIESE. TNae—
BIETE COWBAABIEEETEFTILELEZDS=ESRUODEBE LAWY (1?2 ?)

« Rosa Cao and Daniel Yamins, 2021. “Explanatory Models in Neuroscience: Part 2 --
Constraint-Based Intelligibility.”
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- Platonic Representation hypothesis:
%i»@ﬁﬁb%@U74ﬁEHDCMCb\?E DIEFIRIRRIESEE
T )LOREPRIRE (I TE=TND

o |§_| L\\/ :5 0) (E@ﬁ%@ %%O) |§_| H%ﬁﬁ ) %_: E 5 The Platonic Representation Hypothesis
20 —>ZBUCRTLWAR(GEEXT, Neural networks, trained with different objectives
WEAHNBURDENS, SEGEUTENL, Chaed satistical mocel of ety in thet epreseta
WHVRB RO =2 TEPOPRTEDESTILIC tion spaces.
INRTBEAD

« NHEEBETILDBEEFEDIRDOMN? ?

Huh, M., Cheung, B., Wang, T, Isola, P.. (2024).
Position: The Platonic Representation Hypothesis. ICML2024
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« HDIBRRNWBIRIT DTHDTRREFTZRD

« EDSVDEHFT, TOIRKRNEUDIN S ZalL—>3>zBEUTHEETD
« HIEK FTESY > THEMINFRLEUEH ? IS XN TRIBHIERDIRIE (7K, CO2, N2--)
ZHIBL, BLA R EZX T, BN RAE T DR EIED
(RIRGEFESDRIEEMENHDDT. BEFRHFICDVLWTIEERRL)
(&% : http://masa.o.007.jp/constructive approach.html)

- SEDHZE(E
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RIEICEF/BET I ZEDS

B BEDEY VT« (IEEERBICESHFSIBIN?
« TOESYUT 1 DEEUINOEAN IO 2283 DF EETEHREET DD(LFEFAFIEE

« Bl ETILASBORFEDEFIZIE LTS, SEBEENEEDRDN?
« NEZETDIIMEBR(CTZSD

o+ il : HDIMANTIER T DDIC. EDREDIHUNHEN ?

o Bl EAHENER (FEBESILVEE) T, EFEFEDO>TLIN?
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JXA TEEBMNICKIBIZIDON ?

JXA TEEBMICKIBIEIDON ?

JXA CEEBMICKIBIEIDON ?

JXACTEFBIICKETRON ?

JRA CTEBIIICKRFIRDON ?

(,( Add & Normalize 9
. 4 4
( Feed Forward ) ( Feed Forward ;
......... L S
1 [ z
A 4
<
i > LayerNorm( - )
: f t
2 - - - -
- ( Self-Attention j
: 3 )
N 0 . LT
"some @ &
x+ T x> [
Thinking Machines

https://jalammar.qgithub.io/illustrated-transformer/
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https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
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« W(CH]EEIRRD S 2 TIVIREHENSEZEZ THD

« Syntactic Learnability of Echo State Neural Language Models at Scale.
(Ryo Ueda, Tatsuki Kuribayashi, Shunsuke Kando, Kentaro Inui. 2025)

- UBOBHIZRNNZREDFEE THIME U, EHBOHDIIE TSR
ZEGTEDN?

 FERENBUSE AL ——

(Cf. AFE?@HM L—L—t—-(’j-?\yjj__ '\ﬁ o ip=l, fe=l; O=T, at?\

= X +
h
— ' Ctanh)
. :
fe Ly ét 0¢ )
o o tanh o
aol L1 1

(a) Simple RNN (b) LSTM

o

(c) GRU (d) Bidirectional LSTM
https://www.researchgate.net/publication/364893200_Comparative_Analysis_of Recurrent _Neural Network Architectures for_Arabic_Word_Sense_Disambiguation
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https://www.researchgate.net/publication/364893200_Comparative_Analysis_of_Recurrent_Neural_Network_Architectures_for_Arabic_Word_Sense_Disambiguation
https://www.researchgate.net/publication/364893200_Comparative_Analysis_of_Recurrent_Neural_Network_Architectures_for_Arabic_Word_Sense_Disambiguation
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(a) Simple RNN

« BRRIF)\A)\N—)\S A=HDE EEMHIESEE S & 5T

c BEDFEHRZE [BLDEXIL] REFCET DB AzomemEn, wrns . ATE
ansneTERens DBET. SBETIVNEZHIEEEFTED
« WA EB, EINSGA=FE - ZB—ITillEENIZTransformer & BE2E D4 EEERK
« DED. EERDIIBE LD ELKL (J5HA) FCIRDRFEFEE
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« SRETINDHD/INSGA-HFAZNUD L, SEBOERBNHN TSRO
o AlGAREICEBZBDRTEIFSNRODN ?

« Bl FEXRZI1000BICUCSSBEEGBHNTERLL - | FBX(ISEE
BOEEICREFR T DICIEL VALY

« TORETMHMESY U (B - TOJUSZJERE - Y2/ DBERA--) OFBET
ESRVDTHENL., BICENEZ2—3I)ILEFTILOSELDFE T ?

Z N5 E 5 ([CHERIFPRIZCRIT SN AN NDINE LR

8 R XA ITITRL] - KT DRENMESNIES. SBOFEMEICDLY
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« EEBETIL (ZTa— 7wZuh)@E$mL\ Bk - JOJSZ>2/JE:E -
F)\DEXRY - BREEEH T TEFETE D FAA >— izl
FEHETI

. [EBEFIL] B [SEOEFIL] BONIIEEA

« Raphaél Milliere. 2024. Language Models as Models of Language (The Oxford
Handbook of the Philosophy of Linguistics)

- BASHENEDTFNCXCFTEMIC. S/ —HYICHUTZ1—3ILETI
ZEA Y DITHITTERALTNZR DTS
+ RIPDROBRZ T T DL ICT1—SILETILZIIR
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« V—FFOFvAZERAUE., BE - J\SA—FKCO=EEET)L (FEH)
7@2 DIETHIEMEL. FEBT—YELBRNEARFOE L, &@Eb7)LT ) X
IAGZRHWT, HATYITZZL - ZFER. SEIEY(IEETE S,

Eg (c_ﬁﬂ.’, L7800\

AR

FETCTHB. RAAL>—%Y (domain-general) &

FBINAMFPADELT, SEABYZEFTED
- SBOEBENEFBI DEAHH - /A TR E MO RAA > DOFBTUERED

EZENDDRRLY (Cf.

ERNSEE ; fIRE. 26T ET— SRR E FSEREREENE UTEIRERON)

« Steven T Piantadosi. 2024. Modern language models refute Chomsky’s approach to

language.

« ([CX T BXREEE LT @ Jordan Kodner, Sarah Payne, Jeffrey Heinz. 2023. Why Linguistics Will Thrive
in the 21st Century: A Reply to Piantadosi (2023)
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« Can Language Models Learn Typologically Implausible Languages?
(Tianyang Xu, Tatsuki Kuribayashi, Yohei Oseki, Ryan Cotterell, Alex Warstadt. TACL2025)

« BRI SFEDFEIRE R A —AgRFEE (EEFEETI)L) [CEO>TD
FEUPI=THRAN DI ?

. 9&.:% HARSEDEIBZZEZEDEDICEEL. TN TEEBETILDOFE
NsdhziREa

Correlation Pair Example
- paliloyw, J”E
- sk 1 3R C HF@
g =U)amalliH e/ e
.l_\.ll _-]_-I DET NOUN AUX SCONJ DET NOUN ADP  NOU UX VERB ADP PROPN ADP PROPN
’ ’\ ’ ’\ ( & Original The  fact is that  the seaso of trawb erries ing from  July to  August.
@
W \ ,.\_\.L, _.l_.l il —@—
/ 2 \ O) DET NOUN AUX SCONJ DET NOUN ADP NOUN ADP PROPN ADP PROPN AUX VERB
The  fact is that  the season of strawberries (to  August](from  July] [(is  running.)
(NN : <V, O>
)t 200y ¢ BB 3 g e
A= a DET NOUN AUX SCONJ DET NOUN NOUN ADP AUX VERB PROPN ADP PROPN ADP
5$D}_1_E.Ab \ <Adp, NP> The  fact is that  the season (strawberries] [of) is  running
D DIEE 0]EEN , =2

DET NOUN SCONJ DET NOUN ADP NOUN AUX VERB ADP PROPN ADP PROPN AUX
The fact (that  the season of strawberries is ing from July to August

T — S Cop, Pred J
« ADNTHNIZAIBICHDIERES L S E \
DT (SIRDOSRIERHKE) & N A S T N A o Py o0 PO DD RO

<Aux, V>

22 BDFEF END

DET NOUN AUX SCONJ DET ADP NOUN NOUN VERB ADP PROPN ADP PROPN AUX
<Noun, Genitive> The  fact is that  the [of strawberries](season) running from  July to  August is
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 SEETIVEES - TOJSZIEE - 9>/ WWERY - SO R
SOOI TEFE CTETDIDT., SHEICOVTHIIBE SRV
(Noam Chomsky, lan Roberts, and Jeffrey Watumull. “Noam chomsky: The false promise
of chatgpt.” The New York Times 2023) (jzfZ0i25E)

- SRERICEIFFRRFEE/ AT AMBETH D EVND T ENFITEDIEH
- [CHEINIC, S5EBF (FICHEER) OFXBELRLE. FIERSE () EADRREE
(FFX) ZXBIY DA%

« THETHEEBETILIEEREEN SR UIEERZEEE WxE. SAGERD. &
PBERBZOEECRMRENZEN) B, KEIDEBELEEREECFETCTETDIN?
« HDRIRXNEEEBTIE. SEBEFTILOEZHIENOELIRD (EEBES/LIIIERIT]EE
« Julie Kallini, Isabel Papadimitriou, Richard Futrell, Kyle Mahowald, Christopher Potts.
"Mission: Impossible Language Models." ACL2024 best paper.
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o JI\SAYDEAHFENDE TREED
« EDOXDRRFERMT (558

Language model

Language modeling on

Word order

different word order configurations pp|_ frequency @

Word order: LLLLLLL

& tifer ob ciateda rel bullifs sub remiff
o
()
+ =
S  Word order: LRLRLRL
°
=
g bullifs rel ciateda tifer ob sub remiff
=
g
O  Word order: RRRRRRR

remiff sub bullifs rel ciateda ob tifer

—>
Tirkce
BA:E

L
|

Correlation?

g

€D

.?':,}é‘- MBZ

ZlsaE %=, KDSF<LBIRTEI3H?
EBE%E) (S ATSA X

SBIEDI—/) A ZVERR. ENAFEB LT LHERR
EF)LOBERE) T, HROEIESHZBHIRTEIH

R

. ° RRRRL @ Normalized frequency
& Catears Eats cat. 2 o.oe-LL'%RRL within attested langs.
&PP Cat mouse eats. Cat eats mouse. cT) LRRRRR Preference of LM A
- Cat table on eats. Cat on table eats. ‘© 0.08 'LLLL*'L
&NF Small cat eats. Cat small eats. D:. LLLRH" Preference of LM B
&% Likes milk that cat eats. Cat that likes milk eats. ? 0.04 1 ...

&% Cat-sub eats. Sub-cat eats. g LRRLRIe . .
8 "”] 'LLRRRL LLRLRR R||RRR
Table 1: Word-order parameters and example construc- L= 0.00 X RRRI

tions with different assignments, L or R (See Apps. A

and B and White and Cotterell (2021) for details). Word order configurations

SETETILOD—F>2TOAEIUDITE L,
@R 7)LTY X (left-corner)
ZRWEHREESETTILHAERL)

Tatsuki Kuribayashi, Ryo Ueda, Ryo Yoshida, Yohei Oseki, Ted Briscoe, Timothy Baldwin.
“‘Emergent Word Order Universals from Cognitively-Motivated Language Models.” ACL2024
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s THEZHBEEDOES [EEBTTIVNEDKDIREZZHFOM
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« FIZ(E. EDKDIRFEIEZIFOH
« Ryan Cotterell, Sabrina J. Mielke, Jason Eisner, Brian Roark. Are All Languages
Equally Hard to Language-Model? ACL2018

« T —ADfE]RE

BEOT 7L —% 3

BASEZHVTLEE OK SEETHEHOAImTE
IR TCUED)

ANTEEBEBZHUTLEE (et ;;Efckc‘:“iﬁfg(: OK

U J7)LCcliEn] g OK OK

AIEENE L/L\
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« Which Word Orders Facilitate Length Generalization in LMs? An Investigation with
GCG-Based Atrtificial Languages. (*Nadine El-Naggar, *Tatsuki Kuribayashi, Ted Briscoe. EMNLP 2025)

Param. Description

. CCG??T_’/ (SAFSAALT

0 (head-final)

1 (head-initial)

SBNE/ZIHED J—) A& &Rk

VI — S\NPsug;
VT — (S\NPSUB])|NPOBJ
VCOMP — (S\NPsyg;)|SCOMP

VI — S/NPsug;y
VT — (S/NPSUB])|NPOBJ
VCOMP — (S/NPsyg;)|SCOMP

VT — (S|NPsygs)\NPog;
VCOMP — (S|NPsyp)\SCOMP
REL — (NPsugs|NPsugy)|(S\NPog;)

VT — (S|NPsusy)/NPog;
VCOMP — (S|NPsus;)/SCOMP
REL — (NPsugs|NPsusy)|(S/NPogy)

Subject occurs before the object

Object occurs before the subject

COMP — SCOMP\S

COMP — SCOMP/S

PREP — (NP\NP)/NP

PREP — (NP/NP)\NP

ADJ — NP/NP

ADJ — NP\NP

S Order of subject and verb
=h 77— \EEJ
EKDD% L-(/\Td\l:ll:l ||/Es\ o VP Order of object and verb
REEHVVGEIE - (96/(5—>)
REEHTCUNIREE ”,E 96/\ e : :
Order of subject and object
COMP  Position of complementizer
PP Postposition or preposition
ADJ Order of adjective and noun
REL Position of relativizer

REL — (NPsug)/NPsugy)\(S|NPog;)

REL — (NPsug;\NPsug;)/(S|NPog;)

o BT HIBIE 95 AR T /A ST AL

300

(S350 —)\XICBAICAD (Cf. PCFG)

DDA TEDEEIEN

|5-\-‘| 29 $ Transformer ¥ LST™M ¢ RNN { I ; L oss
250 0
=5 UV IVNREE T I T
] ! { pralomg B oan, '} I I”'I i p s g
élso..ii [} ; |II!I -Ii !ii!iili}. i III ;- i . II I. i {' II i 'O'ZO‘EE
100 fo,u,2 % 3, oI.I.o IIL‘;L 7%, ’I‘II"I‘;"!"!" I,LL}(LL B NP S ‘!‘I‘Psn .;.I;I;§ (37 it ! * e ey _,I 98 g I : I I . {II ;I;I‘!! I;I;-oAls g %
ro0g 9

0000000
0000001

HHHHHHHHHHHHHHHHHHH

HHHHHHHHHHHHHHHHHHHHHHHHHHHHH

SVO
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HEINEQ : #25R5E ? DT
« V—FFOF ATV, BE - J\SA—FHCOEEET)L (EBH)

7@2 DIETHEAL L. FBF—FECBNAMFOE L, &EE7)LTUX
IAGZRAWT, HATYIZBUL - 7R, SEHFAY(FIES TE B,

AR

« BRIMRZVIAMER(CIFIERVW_ 1 -3 IRy RD—ITHE. IT<SAT
FART—5ZFBINUL. SERIABYZEESTED
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» BRIEZIIMEIRCITIERWVWZ 1 -3 IRy hO—0TEHE, IE<AT
FANT—HZ2FEBINE SHEIFYZERFS CTED

s iRl L —F T IOFrERERUCERT ([\@h \1/(528/E LERT)
J@iN) A 7 A (FBEOR) (IAD

o IFHN) A 7 ZANVIRTNUIEEZ (EATIEE (Tom M. Mitchell. 1980. The Need for Biases in
Learning Generalizations.)

- BEF)LHAEE. —SHIHSONALERN ) —FFTOF v C EICERD
o TDVFIN/\A 7 X EEBIEEBDOERECDODWNWTCTHRUDZEICTRD

train example train example QG —> bbbb
FPA 1 L, nats | -m
length [ count  mem count mem test example m: mem) test example
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 L . (mul)
10 0.00 0.00 88 97 48.67" Count-or-Memorization Add-or-Multiply
LSTM-s2s att. 40 0.99 0.00 7.84" 121.48 a—a
30 0.96 0.02 1.14* 83.48 train example M train example
20 0.70 0.16 5.73* 4933 T TTTTToo= I """"""""""""""""""""
10 0.00 020 9812 846" [b ] (b ]
o
CNN-s2s {10,20,30,40}  0.00 >0.90 >592.92 <131° test example IETan | test example LA mem
Transformer {10,20,30,40}  0.00 >0.97 >113.30 <11.14" @ w
(linear) (comp)
(a) Count-or-Memorization Hierarchical-or-Linear Composition-or-Memorization
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AS(CRERRICITD ?
- FR2 L SERETIILEEBLLHRTOBVNBRC EZRELTND

. HERXYID - h—0FAXTES (b—JFATFDEBIFZEZT?)
- NFERDH - BHTEB
« REDTFANT—I%FEDHD
« ROBEOFAEEZ FIFEDSELTUNS
F—ADHFNSEBHEETETINCEHITBEME. B=ETILRD,
O/Rw MDD TIHREELU TEULWERD
. EXEEDBEIEEEEOBEE




AR (CREBRICTD ?

L ~7 4= —"
o =PanlV)

[ }
LIy

STH

EETILZIFRUITIZE & S3RE

EEEJE%“»%EJH%%L/U% T. BEADIFONERINICESEE
« N—DUFAHYTIRESNTLVBIEEDIFEEI 0N ?

Table 3: The BabySLM benchmark. Lexical and syntactic accuracies obtained by different language models trained on developmen-
tally plausible corpora of speech, phonemes, or words. Numbers are computed on the test set, and performances on the development
set are reported using small font size. The starred cumulated duration and number of words are estimates based on the 1.2 M of words

present in the 128 hours of speech from Providence. Data plausibility indicates the extent to which the training set is close to the real
sensory signal available to infants.

‘:'1:’5"’- MBZ

ShT=] (L_$E%' Uiz &

2B LT L)

Cumulated = Number of Data Lexical Syntactic
System Input Training set duration (h) words (M) plausibility acc. (%) ace. (%)
Random baseline — — 0 0 — 49.252.5 49.3 50.0
STELA [27] speech SEEDLIingS 1024 9.6* +++ 495454  50.350.5
STELA [27] speech Providence 128 1.2 ++ 56.8 47.1  50.3 51.1
LSTM phonemes Providence 128 1.2 + 75.4752  55.155.9
LSTM words (BPE) Providence 128 1.2 + — 65.1 65.3
BabyBERTa [9] words (BPE) AO-CHILDES 533" 5 + — 70.4 70.4

Lavechin, Marvin, Yaya Sy, Hadrien Titeux, Maria Andrea Cruz Blandon, Okko Rasanen, Hervé Bredin, Emmanuel

Dupoux, and Alejandrina Cristia. "BabySLM: language-acquisition-friendly benchmark of self-supervised spoken language

models." In INTERSPEECH 2023.



EEUVVERTRABLD ? Fguezin

« EERTTILDEBRIBZ ABIDZNICIRBAINRADIFTCERULD
BabyLM Challenge (https://babylm.github.io/)

° 5-“ S D=MHIE (100M tokens) 2
« T—HDEBNEE (RFOXIET—4; CHILDES/E &) -

) |/9::E g)l/j-d\ljj (Round 2) <100 giflon  Billion
« MMOXRRETII EDI=Z21 -5 —>3>%HS (Round 3)

12 yo. BERT RoBERTa GPT-3 Llama 2
Human (2018) (2019) (2020) (2023)

- YIEMEBRTFE LA VREIOKRERSICDOWLWTC, BRILTY
THTH< %h&bm@gAc®v4Vt EHizEE < |

L1174
* Lucas Georges Gabriel Charpentier and David Samuel. 2023.
Not all layers are equally as important: Every layer counts BERT. L1173
o TNUI—R. EFENICEDVDOTTREBNHDDIDITA DN e ERE
(BEUNMULIESAEREICE®RMNDDINE LINIRLY) L172

o U—4—R— REVRHHEFH vs. BIFERIEEK

L1171


https://babylm.github.io/
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(B UBRHR) Jein) o 7 ADRFEICT S

e COFEHFINSZOIMEULTIEFUWNEWLDIFEIMN C1I7 X (prior) ZBRREY(C
SETETI)LICEDIAH. FiK/ 177 X EEBEBORFZROMRZITD
. HHHIRIBIN/ 1 7R (aabb->anbn) M. EHRASEOEEBICESEHEERIFITH ?
e CHOEXEEETILIIHBRBIBRDOISIMENDNS

b
AL T e N _ pmp(h)
« XAYFETEXKOJEE S Tesk 1
h = plus(concat(A, B
5> > 5> > — Task 2
- FBEOLBOFE QBSHMDERED) et [yt [ meta

plus(A), .
2, Task n
or(g, B))

° 49” . Bayesian model Training data Neural network

« Modeling rapid language learning by distilling Bayesian priors into artificial
neural networks (McCoy&Griffiths, 25)

« Human-like systematic generalization through a meta-learning neural network
(Lake&Baroni, 23)
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=] RIDOIEZFRNTWLDIN ? BEIORALXEFTILE B2 - ANEIDEETE
BB 1A (Rl ? LD EREINDNSIEf SN LTWBDT
DIRBDEL) =[ilz
7ZILTY ZOFREZEDLISRKRRIRE RIGEEYIS—/\5Y— RAREPXRIFIRS
AN YIJOTCXTEBLTWLWS  HhSHEAIIESN30IRR SO0
N7 EByoTJOteX
£ KIFPWT7ZI)IL TV XL ED  fMRIRETEHIESNDME  OIEEO4T -
KO (CYIER(CEIRESNT FF[OlE —a—0O>0f%
WLBH? FRIQE

Alexander Ku, Declan Campbell, Xuechunzi Bai, Jiayi Geng, Ryan Liu, Raja Marjieh, R. Thomas McCoy, et al.
2025. “Levels of Analysis for Large Language Models.”

SETETI/IUIMNEIRREETRIDOETIL
AEDEZBUIEDOSEFRACEDSAIEICDVWCTEHIED FIrone> ?
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- 31

DFEHH_C%ZDD‘ ?

HDRMKRYNEFEETILNSESNDIEXTHHATE DN ?

;nn:ET)l/%355$E@7JT_\/3 /\J )I/Cl:. L/t'fﬁﬁq

AEIDEFET EDFHAHH5E WIEE&R) OEND, BEEDOFALYPIS

. DJL%H%F'E%\b\b‘5$n (FH8f) < FH=ZEY)SEEE

« ==h

SaETIVEIRDEEZEDN EHECTFHT DL ICHIRSNTLDDT,
(O—/)CR#FETE LU TC) BB IEHEIREEEED TR U9 =& a i a]gE

time

Which LLM can England,

better simulate ‘é’ w

human reading r were journeylJ “of

behavior? Human
Predict next-word 2 Iﬁb Tatsuki Kuribayashi, Yohei Oseki, Timothy Baldwin.
with pure corpus statistics "

Psychometric Predictive Power of Large Language
Base |_|_|v| (§3.1) Models.” Findings of NAACL2024
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« AEIDOTFRICED <AUEER (AEDEEESIL) (. ENEEdI—/KX

J:O)/AE—DD

- J—)
« TRl

T RIS CAHRBS T DN ?
(R=ZEHECET VI TEBSEBETIVIRN THISH TIRIETAE

TN (=T LF2 71 DIEL) EEBETI/ILHMSESNDIHESRE

-_ Natural Stories SPR
= W \
(F&E. ANEDFHEFEZ DIRSFHIATEDIN? ey
600 /”WE?EJ'ZM et
« TOEBIRSIRON o | 147
o —— — — —— — j J,Bob/m il
—_— =zh =:zh <500 T
e 1—) \XJ:O)Enn:ET)l/?&*FEﬁ@EE@EPGDEHD:ET”/ R, I
Model 0 ,f’ﬁoo,: o GPT2
o ; O Trans-ig a0 | <2 Do
g 0.008 g e 0.0200 ! A Trans-sm o
o_ —-ﬁv A E] LSTM 23.2 23.4 23.5 23.5 PezrllpTeXli;Z 24.4 24.5 24.5
...02: ,’3:‘3L. IA‘F 00175 I':- !S *+ N-gram Dundee ET
2 0.007 ' A\_'. 0.0150 e 3 Number of = ]
g e 00125 .;+ updates 0 AT A"
0006 ' N @ 100000 - s
= o oo100 =@ a 10000
o ) ® . ® 000 = 300 gt
S 0005 . 0.0075 LA .: 100 3 i
> 0.0050 Data size 20  @7oom
0‘,3 2 3 4 5 O LG 200 {13000 gg Ogr(\u:gm : S:I:Eeo
10° 10° 10* 10° 10 10 10 10 O MDp «2iom o OPT
PPL PPL O SM T Jae 40 Dai D Dae 4 2ie 20w oia gtm
Perplexity
Tatsuki Kuribayashi, Y.O‘t‘lel Oseki, Takqml_lto, Ryo Yoshida, Masa_yuk,l, Byung-Doh Oh and William Schuler. 2023. “Why Does
ﬁsCaLt;%r; Kentaro Inui. “Lower Perplexity is Not Always Human-Like. Surprisal from Larger Transformer-Based Language Models

Provide a Poorer Fit to Human Reading Times?” TACL
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« S TIVIREEEE U TUIFUIEE TS AH)L —log, p(word|context)
MEDNDH. BEBATHICESIRV

» T2 h0O t—“\ L—_—TIT>thOE—., I>bOE—USFO g e, UFUIEER
%D :Eg_ I J \/g t“i% ﬁﬁ éné -~ Surprisal  — Paragraph-scaled sinusoid  — Sentence-scaled sinusoid— EDU-scaled sinusoid

Paragraph boundaries Sentence boundaries ==+ EDU boundaries

v e o oL oy
ll‘||l| "l [ . o :1” . ,ll‘ “a l"':l‘" =g i
i H I 3 " = .,\ I ' = y l A&, "\
W i v Ol 8 iy rre sm 72Vl [ ) AL
° ’|‘ﬁ E RN ' ﬁﬁ 0 5 50 75 100 125 150 175 200
Figure 1: Illustration of Harmonic Regression on Surprisal Contours. Surprisal contours, unit boundaries, and
/ = H — : Varas ﬁrst—or.der sinusoids for Fhe first '200 token§ from 'a Wall Str'eet Journal article (document ws J _1111in t'he English
[ ] 'S ( (& a 5 \ ,I:l I = H \ ( (&) ]— j 2 L \ 5 % RST Discourse Bank). Time scaling (§3.2) is applied according to the le?ngths of ele-mentary discourse units (EDUs),
sentences, and paragraphs. Here, we set the coefficients of the sinusoids to 1 for illustrative purposes. See Fig. 3
and App. H.1 for realistic decompositions.

Tsipidi+, 25. The Harmonic Structure of Information
Contours. ACL2025.
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MI(P;; W) = H(P;)—H (P, | W) Current prosodic featur ‘
A

Wolf+, 23. Quantifying the redundancy between prosody and text. EMNLP 2023.
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« EOXDREFBETILNSBSNDIETHREZE D3
JCIEDEEETILISESNDE

(=) H>ESNDEHERESR

F<ERBATCE DM ?

—DI:IEET VS. %anl:l*% %%FL/T :ET”/

o NEIOFRIR(F ENFESOEIC/ AT REZ(TTNDN?

<1> <t>

Yy
f

<t+1>

5
-
ki

NP

a<0> ‘_.

i
a<t> a<t+1>
—_— _—
: V.S

t

<1>

S
T

T

cat  hungry  The

2237

The hungry cat

Ryo Yoshida, Hiroshi Noji, and Yohei Oseki. 2021. “Modeling Human Sentence Processing with Left-Corner Recurrent

Neural Network Grammars.” EMNLP 2021.

Self-attentiont& (&
ORI (CFEHH ?

Transformer

Target predictions ’ ‘ . ‘

Hidden_
representations

V.

Input

W
S.

"o

Danny Merkx, and Stefan L. Frank. 2021. “Human Sentence Processing: Recurrence or Attention?” CMCL2021.
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» H=F2)\AX DK DIAFRENEBREDEE (CHN D (BfET) JX bz
SatTILOTFRIIZITTIEERATET/E0)
* Huang, Kuan-Jung, Suhas Arehalli, Mari Kugemoto, Christian Muxica, Grusha

Prasad, Brian Dillon, and Tal Linzen. 2024. “Large-Scale Benchmark Yields No

Evidence That Language Model Surprisal Explains Syntactic Disambiguation
Difficulty.” Journal of Memory and Language.

- BSETIIEEETILEEDS P O>TZBENDIM ?

» YITSAYILEWDEENRRRVWEZIFT. SEETI/ILORENIC(EIBENESE
TWLRWAYEZEIRVD ?
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HFRFENT

 Tatsuki Kuribayashi, Yohei Oseki, Souhaib Ben Taieb, Kentaro Inui, Timothy
Baldwin. 2025. "Large Language Models Are Human-Like Internally.” TACL.

EE:ETJ LD EDEFD D B/F SN DREETFAI T AB DG A EEN 2 DF R

. EEG signals
. EETSILFES RS ER > TNBEFIL ol
_= — _\_l___ 7 Az = Input: Self-_ ace_d LEAIRYORD) uman

« EBETILOEIF - BFEETAED - m I o

HIQDIRDE) - £HEHFT—F EMJMOH ENT N ey (T -

. &DPIF. First pass gaze durationdDL SEENSIE . DDD E o
BIEE. N40OD L SINEVRIG (14 E
SRR T — S DERER T — )L & |
[EREDEEI AT —)LHEHRD D ZD £
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« SEETILAEEARICEDLIDRFREEEZEDNH
o NEIDEBRTI(IEIRTETIRAVWEZZESE?., 220 — )\ R ZksbBDIZIFTIE
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« SEEBOYFIRIEZIASMNCLULEID ET D (BEIRyR) SEBZFOHAAH E(L. HDFETEH|
MNSIER(CIED>TULD

« BERABITEUT, HIBRRZHFATESTDRMAZHASHCL TN
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