
言語モデルは言語学に
何のエビデンスも与えないのでしょうか？

MBZUAI 栗林樹生

Evidence-based Linguistics Workshop 2025（招待講演）@国語研



⾃⼰紹介

• 栗林 樹⽣（くりばやし たつき）
• Mohamed bin Zayed University 

of Artificial Intelligence (MBZUAI)
• 2年強ポスドクをしていました
• ⼈⼯知能領域で強い、若い⼤学

• 情報科学（博⼠）@東北⼤学⼤学院情報科学研究科

• 今年8⽉よりAssistant professor (PI) 
• MsC/PhD（来年夏⼊学）募集中

• AI特化型の⼤学で、研究だけでなく講義の充実度もすごいので、
（ML securityなど詳細な話題で1クラスずつ、私もCogsci×NLPの講義予定）
修⼠で基礎固めに来るというのもアリだと思います

• 講義演習->トップ会議論⽂化などのケースも⾒ます
• 学部プログラムもできました（https://mbzuai.ac.ae/study/undergraduate-program/）

• ビジター（1ヶ⽉程度から）も募集中
• ポスドク（1名）も探し中
• 今⽇の話も含め、⾔語科学的な話と

異常に進展の速いNLPをうまく
繋いでいければと思っています

CSRanking (AI/CV/NLP トップ会議論⽂数)



⾃⼰紹介

• 出⾝は⼯学（情報科学）
• 今思い返せば、⼈⼯「知能」の⽅に関⼼があって、認知科学みたいな分野を期待していた

かもしれない
• 今思い返せば、⼤学⼊試では⼈間⼯学分野も視野に⼊れていた（⼈間にとって負荷の少な

い⽂ではなく、腰に負担の少ない椅⼦とか開発してたかもしれない）

• 研究はしばしば計算（⼼理）⾔語学領域
• ⾔語系であれば、例えば東⼤の⼤関先⽣としばしば協働
• 基本的にNLPの学会に論⽂を出しており、NLP研究者として⾔語に接近を試みる⽅向

（NLP -輸出-> ⾔語学）
• NLP国際会議は、共著含め、かれこれ40本ぐらい出してきたので、⼟地勘だけはある

• Cognitive Modeling and Computational Linguistics (CMCL) 国際ワークショップ運営
（2024-）

• 国語研にスポンサーとして⽀えていただいており、改めて感謝申し上げます



主な話題

• ⼈類の歴史の中で、⼈間の⾔語を流暢に話す⼈間以外のもの（⾔語モデル）
を初めて⽬にしている

• ⼈間の⾔語に何を⽰唆していると思えば良い︖

スコープ外（⽬的感はある程度⾃明なため）
• NLPモデルに⾔語的な特徴量・性質を与え、特定タスクの性能向上を狙う
• 古典的な基礎タスク（構⽂・意味解析など）を解くことを⽬的にする
• ⾔語研究⽤に便利⾃動化ツールを作る
• ⾔語学的な視点から⾔語モデル評価データを作成する
• 何か新しい⾔語学的な概念を持ってきて、それを⾔語モデルが知っているか

単に分析する（プロービング）



⾃然⾔語処理分野について



⾃然⾔語処理分野

• ⾃然⾔語処理（NLP）︓
計算機に⼈間の⾔葉を処理させる分野

• 機械翻訳、対話、要約…

• 計算⾔語学（CL）︓「⾃然⾔語処理」のセクシーな⾔い⽅
⾔語的な問いに対して計算・数理的モデリングで迫る分野

⾔語学 ⼯学・計算機科学

⾃然⾔語処理（NLP）

計算⾔語学（CL）



⾃然⾔語処理分野の動向

サブ領域別論文数@ACL 2025
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サブ領域別論文数@ACL 2020
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ここ5年で、少なくとも、
形態論・統語論・意味論のような
⾔語学に根ざした分野の括りがほぼ消滅



⼀⽅、分野全体としては⾔語科学を楽しんでいる

• 受賞論⽂ in NLPトップ国際会議
• !"##"$%&'()*$##"+,-'./%01/0-'!$2-,#' (ACL 2024 best paper)

!"#$%&'(##$)$*&+,(-%#&.(/(0$1$23$4"*&5$67(30&8"23%##*&'9#%&:(74;(#0*&<73$,24/7%3&.422,
• 3-)"#1*-45"#-2 ' 6-14/,'74$8$ 9./%01/0-':-;$%#841;8"$%' (ACL 2024 best paper)

=$()>&="*&.%$34)>&?$%*&@(A$0&5&:432%),%)
• <"#1/,'=4$1%2"%0'>-,*#'.-/4%'?$42'!-/%"%0#'"%'.$@ 9A/8/':-0")-#' (NAACL 2024 best paper)

Chengxu Zhuang, Evelina Fedorenko, Jacob Andreas
• B-8@--%'C"4;1"8#'/%2'CD$)#EF&'74- 9*4-84/"%"%0'$%'G$4)/,'./%01/0-#'()*/48#'."%01"#8";'B"/#-#' (ACL 

2025 outstanding paper)
:$67(%#&BC&D"*&!(6E,4)&.%229*&<7"()&F7$*&G$##$(1&:%33$##*&H(#&=$)I%)

• H'6-@'G$4)1,/8"$%'$I'J"*IK#'!-/%"%0 9G4-L1-%;F'./@'8D4$10D'C$%8-M81/,'A"5-4#"8F' (ACL 2025 
outstanding paper)
594&J(>(2(*&'"1$E4&H()(E( K+,7$$

• N#"%0'(%I$4)/8"$%'OD-$4F'8$'CD/4/;8-4"P-'74$#$2";'OF*$,$0F&'OD-'C/#-'$I'O$%-Q'7"8;D 9H;;-%8'/%2'
384-## 9H;;-%8' (ACL 2025 SAC highlights)
L27()&G$#64M*&<"$&@$)>*&N$4A())$&O6(1/( *&H$(>4&.$1%)2%#*&O#%M&G(3,2(02 *&H(1(3&+&5%>%A

⾔語の話題が相対的に減っているのは、この⼤規模⾔語モデル時代にそういう論⽂を
書く⼈が相対的に少ないためだと思われる（聴衆が減ったわけではない）



⾃然⾔語処理分野の課題︖

• ⾔語学・⼈⽂学系の⼈も、更に⾃然⾔語処理分野をかき回してくれると嬉し
いなあ（願望）

• !"#$%& ' ( ' #$ ' ) *+,-././ 00
• おそらく研究のネタはたくさん眠っている
• 分野⾃体は学際的な話題に寛容

• なぜか⽇本のNLP研究者（特に⼀部の若⼿）は異様に⾔語愛がある
• ⾔語学系の研究者（特に若⼿）がNLP学会で寂しくならないはず…︕
• ⽇本︓NLPから計算⾔語学へシフトする⼈がいる
• ⽇本外︓⾔語学・認知科学から計算⾔語学へシフトする場合が多い︖

Cf. ⼈⼯知能分野全体のNLP (LLM）化 → NLP分野のアイデンティティは︖



• コーパス上で次の単語をうまく当てられるようにニューラルネットを学習
• そういう⽅法で⾔語データで訓練されたニューラルネットワークを、ニューラル⾔語モ

デル（⾔語モデル）と呼ぶ
• ニューラルネットワーク⾃体は画像でも⾳声でも汎⽤に使われる道具⽴て

• 簡単なイメージ
• コーパスをぶつ切りにして最後の単語を消し、次の単語何でしょう問題を作りまくる
• ⾔語モデルは消された単語を当てるように訓練される（先読みのモデル）
• コーパス全体を通して次の単語の分布（1単語全賭けではなく）を考えることになる

準備︓⼤規模⾔語モデル

あけまして

おめでとう

あけまして おめでとう

ございます

⾔語モデル ⾔語モデル

あけまして おめでとう

︕

⾔語モデル



⾃然⾔語処理分野における⾔語学との接点



⾃分のきっかけ

• 英語⾔語において、⾔語モデルの⽂法能⼒の分析が盛んに⾏われる（2018--）
• ⽂法的にありえない単語に低い確率を付与するか︖
• *A 123456  of lights 789:4 …

• ⽇本語特有の現象ってなんかないかな… ⽐較的語順が⾃由なので、語順選好とか⾯⽩そう

• ⼤規模コーパスに基づく⽇本語⼆重⽬的語構⽂の基本語順の分析
(Ryohei Sasano and Manabu Okumura. A Corpus-Based Analysis of Canonical Word Order of 
Japanese Double Object Constructions. ACL2016）

• 構⽂解析器で100億⽂を解析し、様々な仮説を定量的に検証（動詞によって基本語順は異なる、省略
されにくい格は動詞の近くに、Pass/showタイプ、ニ格名詞が着点を表す場合…）

• コーパス頻度を⾔語モデルが計算する確率に置き換えたらどうだろう︖
(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)



⾔語モデルで計算してみる

• ⾔語モデルは⽂の確率を計算できる

• コーパス頻度を⾔語モデルの出⼒確率で置き換えて語順分析をしても、既存
の知⾒を再現

• ⾔語モデルは語順の統計を極めてうまく捉えている
• ⼀旦⾔語モデルを訓練してしまえば、構⽂解析器などを使うよりも、ある意味
楽に、かつやわらかくコーパス統計情報（頻度）にアクセスできる

• ※当時はChatGPTのように聞いて答えているわけではなく、⽂の確率を直接計算している
! !"#$%&'()*+,-./0123#.456789:;
• Prompting is not a substitute for probability measurements in large language models (Hu & Levy, EMNLP 2023)
• How to Make the Most of LLMsʼ Grammatical Knowledge for Acceptability Judgments (Ide et al., NAACL 2025)

⾔語モデル
彼を⿃に例えた

?⿃に彼を例えた

確率(”彼を⿃に例えた”)=0.0001

確率(”⿃に彼を例えた”)=0.00000001

< =5>?



⾔語モデルで計算してみる

• ⾔語モデルが⼈間の語順選好を捉えている -> それすなわち︖
• 語順選好はコーパスをたくさん読めば獲得できるということ︖
• （ただし先ほどの検証では、コーパスの頻度と⼈間にとっての⽂の⾃然さを同⼀視して議論している）

• 実際はもっと⾮⾃明な事が起きている
• A 123456  of lights {78319:4 /*donʼt} appear
• ”NP PP NP VP”のような⽂をコーパスから全て消去して、⾔語モデルを訓練しても、正

しい数の⼀致に⾼い確率を割り当てる
（Patil+,24. Filtered Corpus Training (FiCT) Shows that Language Models can Generalize 
from Indirect Evidence）

• ⾔語モデル（群）が何らかの⾔語現象Yを再現できる
• ;<=>?@#$ABCDEFGHCDIJKL0MNOK.PQR



考えたいこと

• ⾔語学的な学術的問いに対して、⾔語モデルを通して、どんなエビデンスを
提供できるか

• 特に「⾔語モデルが⾔語のYYYを知っている」 「⾔語モデル集団が何らかの現象（⽂法化と
か）を再現」と⾔ったときに、⾔語に対して何を⾔っていることになるのか︖

! @!$ABCD()EFGH I ,*BJ.2KLMNJ.23OPQR245STUVWX

• ⼈間の⾔語を流暢に扱える⼈間以外の何か（⾔語モデル）が、⼈類史上初めて存
在するので、それが⾔語科学に対して何を⽰唆するか考えたくなる

• 何も⽰唆しないかもしれないことが、研究を始めない理由にはならない

• この問い⾃体がホットトピック
• 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”



⾔語モデルは⼈間と異なるので、⼈間の⾔語処理と関係ない︖

• !  ⾔語モデルと⼈間は違う︕
• そのとおり。⾔語モデルがこういう現象を⽰した->つまり⼈間では︖

• 複雑な対象のうち、関⼼のない部分を捨象して、⽬的に合わせた単純化をする
のが数理モデル

• 気象予報モデルが実際にコンピュータ内でその気温を再現していないことは、そのモデルが
役に⽴たないことを意味しない

• ⾼校物理は空気抵抗を無視しているので、なんの意味もない︕︖

• ⾔語モデルを⼈間・⾔語のモデルだとしたときに、なにを削ぎ落としている︖
• 削ぎ落ちていない部分については、適切なモデルとして活⽤できるかもしれない

• 鈴⽊陽登, 菅原朔. ⾔語研究における科学的理解と⾔語モデル (NLP2025)
• 坪井祥吾, 菅原朔. ⾔語モデルのふるまいと多重実現 (NLP2025)



ちなみに︓楽観的な⾒⽅の⼀例

• 解こうとしている問題が難しいほど、その解法のバリエーションは少ない
かもしれない 

• 同時に満たすべき要件が多いほど、
成功の仕⽅は限定され、失敗のバリエーション
は多くなる

• A∧B∧C∧D∧E…
• どれかひとつでもFalseであれば、
全体がFalseになる

• アンナ・カレーニナの法則「すべての幸せな家庭は
似ている。不幸な家庭は、それぞれ異なる理由で不幸である。」

• ⼈間の⾔語活動の再現が難しい課題であるとするならば、それを唯⼀
再現できている⼈間と⾔語モデル同⼠はそう遠くないかもしれない（︕︖︖）

• Rosa Cao and Daniel Yamins, 2021. “Explanatory Models in Neuroscience: Part 2 -- 
Constraint-Based Intelligibility.”

The Platonic Representation Hypothesis

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

Solves task 1
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<latexit sha1_base64="vHe9mN3flA+xmkcJNFXcKeX8kHA=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix68VjRfkAayma7aZdusmF3UiihP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUykMuu63s7G5tb2zW9or7x8cHh1XTk7bRmWa8RZTUuluSA2XIuEtFCh5N9WcxqHknXB8N/c7E66NUMkTTlMexHSYiEgwilbyH5WccEOQmnG/UnVr7gJknXgFqUKBZr/y1RsolsU8QSapMb7nphjkVKNgks/KvczwlLIxHXLf0oTG3AT54uQZubTKgERK20qQLNTfEzmNjZnGoe2MKY7MqjcX//P8DKObIBdJmiFP2HJRlEmCisz/JwOhOUM5tYQyLeythI2opgxtSmUbgrf68jpp12ueW/Me6tXGbRFHCc7hAq7Ag2towD00oQUMFDzDK7w56Lw4787HsnXDKWbO4A+czx8+nJE1</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit><latexit sha1_base64="oLuSoEdJx+dHxGxHzsUUdyqXKSE=">AAACF3icjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCqaB2yWMDuZTYbM7iwzdwMh5DMsbPwVGxFb7fwbJ8kWmlh4YOBwzrncuSdMpTDoul9OYW19Y3OruF3a2d3bPygfHjWNyjTjDaak0u2QGi5FwhsoUPJ2qjmNQ8lb4fB65rdGXBuhkgccpzyIaT8RkWAUreTfKznihiA1w2654lbdOcgq8XJSgRz/i3fLn52eYlnME2SSGuN7borBhGoUTPJpqZMZnlI2pH3uW5rQmJtgMr9rSs6s0iOR0vYlSObqz4kJjY0Zx6FNxhQHZtmbiX95fobRZTARSZohT9hiUZRJgorMSiI9oTlDObaEMi3sXwkbUE0Z2ipL9nRv+dBV0qxVPbfq3dUq9au8syKcwCmcgwcXUIcbuIUGMFDwCM/w6jw5L86b876IFpx85hh+wfn4BjTtmK4=</latexit>

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

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

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

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

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

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

The Multitask Scaling Hypothesis

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

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

cal structures of the true data generating process (reality).

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

In addition to data-scaling, many modern representation
learning objectivesL (f, x ) directly optimize for multi-
task solving. Contrastive learning Þnds a distance structure
over data samples that optimizes many classiÞcation tasks
(Arora et al., 2019b; Wang & Isola, 2020; Tian et al., 2020b).
Masked Autoencoders (He et al., 2021) optimize randomly
sampled reconstruction tasks. In fact, autoregressive lan-
guage modeling can also be seen as optimizing a diverse set
of tasks (Radford et al., 2019). Such multi-task objectives
may be more effective than single-task ones (e.g., ImageNet
classiÞcation) due to the fact that they impose more task
constraints on the representation, leading to a smaller and
higher-quality solution space (Chen et al., 2020; He et al.,
2020; Radford et al., 2017; 2019).

3.2. Convergence viaModel Capacity

Suppose there is a globally optimal representation for stan-
dard learning objectives. Then, under sufÞcient data,scaling
a model (i.e., using larger function classesF ), as well as
improved optimization, should be more effective at Þnd-
ing better approximations to this optimum, as illustrated in
Figure5. With the same training objective, larger models,
even of different architectures, will thus tend to converge
toward this optimum. When different training objectives
share similar minimizers, larger models are better at Þnding
these minimizers, and will train to similar solutions over the
training tasks. We summarize this hypothesis as follows:
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ちなみに︓楽観的な⾒⽅の⼀例

• Platonic Representation hypothesis: 
モデルの種類やモダリティが異なっていても、最近の優秀な⼤規模⾔語
モデルの内部表現同⼠は似てきている

• 同じもの（真の世界の事象の同時分布）を違う
スクリーンを通して⾒ているに過ぎず、
被写体が同じなのだから、うまく近似できれば、
いかなるスクリーンでもやがて真のモデルに
収束するだろう

• ⼈間と⾔語モデルの場合はどうなのか︖︖

The Platonic Representation Hypothesis

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

Abstract

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

Code: github.com/minyoungg/platonic-rep

1. Introduction

AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks
using a single set of weights (Srivastava et al., 2022). Uni-
Þed systems are also being built across data modalities:
instead of using a different architecture for processing im-
ages versus text, recent models, such as GPT4-V (Ope-
nAI, 2023), Gemini (Google, 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks, including robotics (Driess et al., 2023; Brohan

* Equal contribution1MIT. Correspondence to: Minyoung Huh
< minhuh@mit.edu> .

Proceedings of the41st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, are converging to a
shared statistical model of reality in their representa-
tion spaces.

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

et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

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

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

Our central hypothesis, stated above in Figure1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
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⾔語獲得・創発編



基本⽅針︓構成論的なアプローチ

• ある現象が再現するための⼗分条件を考える
• どういう条件で、その現象が⽣じるかシミュレーションを通して理解する

• 地球上でどうやって有機物が発⽣したか︖フラスコ内で原始地球の環境（⽔, CO2, N2…）
を再現し、⾊々と条件を変えて、有機物が発⽣する条件を探る

• （実現⽅法は複数ある可能性があるので、必要条件については⾔えない）
• （参考︓http://masa.o.oo7.jp/constructive_approach.html）

• ⾔語の場合は︓
• 学習モデルが⺟語を獲得できる条件は何か︖（⽣成⽂法・認知科学的な問い）

• なんで猫に話し続けても話し出さないのに、⾔語モデルの場合話し出すのか︖
• その現象はなんらかの必然性をもって⽣じているのか︖
• ⾔語横断的に⾒られる普遍性はどのように再現されるか︖

http://masa.o.oo7.jp/constructive_approach.html


基本⽅針︓構成論的なアプローチ

• （何らかの調査を経て）「⾔語モデルはYを獲得できていた」とする

• アーキテクチャAを⽤いた、B層・パラメータ数Cの⾔語モデル（学習者）
を、D法で初期化し、学習データEと⽬的関数Fのもと、最適化アルゴリズ
ムGを⽤いて、Hステップ学習し…のもとで、学習モデルはYを獲得できる。

• これは真

• 問題点︓条件が冗⻑・Yについてなにが分かったのかよくわからない
• ただ⼀例を⾒たに過ぎない

• 問い︓いかにして条件を簡潔に⼀般化できるか、⼈間と対応付けられるか、
何らかの⽅法で解釈するか。

すなわち
⾔語モデルの学習設定



⽅向性①︓⾊々試す（成功例からのトップダウン探索）

• アーキテクチャAを⽤いた、B層・パラメータ数Cの⾔語モデル（学習者）
を、D法で初期化し、学習データEと⽬的関数Fのもと、最適化アルゴリズ
ムGを⽤いて、Hステップ学習し…その結果、⾔語知識Yは獲得できる。

• B層・パラメータ数Cの⾔語モデル（学習者）を、D法で初期化し、学習
データEと⽬的関数Fのもと、最適化アルゴリズムGを⽤いて、Hステップ
学習し…その結果、⾔語知識Yは獲得できる。

アーキテクチャAʼでもAʼʼでもAʼʼʼ…でもYの獲得は可能。

層の数はどうだろう︖

もっとゆるい条件



⽅向性①︓⾊々試す（成功例からのトップダウン探索）

• アーキテクチャAを⽤いた、B層・パラメータ数Cの⾔語モデル（学習者）
を、D法で初期化し、学習データEと⽬的関数Fのもと、最適化アルゴリズ
ムGを⽤いて、Hステップ学習し…その結果、⾔語知識Yは獲得できる。

• B層・パラメータ数Cの⾔語モデル（学習者）を、D法で初期化し、学習
データEと⽬的関数Fのもと、最適化アルゴリズムGを⽤いて、Hステップ
学習し…その結果、⾔語知識Yは獲得できる。

アーキテクチャAʼでもAʼʼでもAʼʼʼ…でもYの獲得は可能。

層の数はどうだろう︖ ⼤規模⾔語モデルの訓練が
線形回帰モデルの学習ぐらい
軽くなっている未来ならでき
るかも（現状、網羅的探索は
厳しい）もっとゆるい条件



⽅向性①︓⾊々試す（成功例からのトップダウン探索）

• 厳密に統制したA/Bテスト（アブレーション）ができること⾃体、⼈間の実
験と⽐較したときの強み

• 特にAとBの差分に直観が働く場合
• SKTU=VWFXIYZ[\=]^_A`a\bJYc@defghijCDkl

ZUA#$m,nFop

• 例︓特定のモダリティは⾔語獲得にどう寄与するか︖
• そのモダリティの有無以外の条件が揃った2群の⼦どもで実験するのはほぼ不可能

• 例︓モデル内部の特定の箇所を壊したら、⾔語能⼒はどうなるか︖
• ⼈間を壊すのは倫理的にだめ

• 例︓ある規則を獲得するのに、どの程度の証拠が必要か︖

• 例︓どんな社会的要因（⾔語モデル集団）で、⾔語は変わっていくか︖
…



⽅向性①︓⾊々試す（成功例からのトップダウン探索）

• 限界︓特定の要因は直感的な解釈が困難@3.$4Y"Z[G"\]H^_4`abX

なんで⾔語的に⼤事なのか︖

https://jalammar.github.io/illustrated-transformer/ 

なんで⾔語的に⼤事なのか︖

なんで⾔語的に⼤事なのか︖

なんで⾔語的に⼤事なのか︖
なんで⾔語的に⼤事なのか︖

https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/


⽅向性①︓⾊々試す（単純な設定からのボトムアップ探索）

• 逆に可能な限りシンプルな条件から考えてみる
• Syntactic Learnability of Echo State Neural Language Models at Scale. 

(Ryo Ueda, Tatsuki Kuribayashi, Shunsuke Kando, Kentaro Inui. 2025)
• 1層の単純なRNNを特定の⼿法で初期化し、出⼒層のみの訓練で⽂法知識

を獲得できるか︖
• 学習誤差が時間⽅向に伝播しない

（cf. ⼈間の脳） ここだけアップデート

!""#$%&&'''()*$*+),!-+"*(.*"&#/012,+"23.&4567849::;<3=#+)+"2>*;?.+1@$2$;3A;B*,/))*.";C*/)+1;C*"'3)D;?),!2"*,"/)*$;A3);?)+02,; E3) F;G*.$*;H2$+=02-/+"23. I

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
https://www.researchgate.net/publication/364893200_Comparative_Analysis_of_Recurrent_Neural_Network_Architectures_for_Arabic_Word_Sense_Disambiguation


⽅向性①︓⾊々試す（単純な設定からのボトムアップ探索）

• 回帰⾏列の初期値︓漏れ率とスペクトル半径という
２つのハイパーパラメータでRNNの初期値を制御・固定

• ⼩さすぎると、前の⽂脈をすぐ忘却
• ⼤きすぎると、前の⽂脈が増幅（ハウリング）してしまい混沌

• 様々なハイパーパラメータのもと⽂法性獲得能⼒を評価

• 過去の情報を「ちょうどよく」保持できる記憶⼒@cdS"e3fghijklmnKopq

r8st!Quvwh2X のもとで、⾔語モデルが⽂法をある程度獲得できる
• 少なくとも、同パラメータ数・学習データで訓練されたTransformerと同程度の性能達成
• つまり、重要なのはちょうどよい（短期）記憶の保持能⼒

ここだけアップデート



問わねばいけない︓成功・失敗条件がどれだけ⾔語特有か

• ⾔語モデルのあるパラメータAをいじると、⾔語の獲得ができなくなった
• Aは本当に⾔語を語る際に避けられないのか︖

• 例︓学習率を1000倍にしたら⾔語獲得ができなくなった︕学習率は⾔語獲
得の理論に関係するに違いない

• その設定で他モダリティ（画像・プログラミング⾔語・タンパク質系列…）の学習もで
きないのであれば、単にそれはニューラルモデルの最適化の話では︖
ここからさらに神経科学や脳科学に繋げられる⽅がいるかもしれないが… 

• ⾔語ドメインだけで成功・失敗する知⾒が得られたら、⾔語の特有性につい
て何か⾔えるかもしれない

• ⾔語に閉じて⾔語の研究をする限界かもしれない



⽅向性②︓⾔語モデル as ドメイン⼀般的な学習者

• ⾔語モデル（ニューラルネット）は基本的に、画像・プログラミング⾔語・
タンパク質系列・⾳声も含めて何でも学習できるドメイン⼀般的な
学習モデル

• 「⾔語モデル」が「⾔語のモデル」なのかは⾮⾃明
• Raphaël Millière. 2024. Language Models as Models of Language (The Oxford 

Handbook of the Philosophy of Linguistics)

• ⾃然⾔語処理分野がたまたま最初に、⾔語データに対してニューラルモデル
を適⽤するために活⽤していたやり⽅

• 系列中の次の要素を予測するようにニューラルモデルを訓練



⽅向性②︓⾔語モデル as ドメイン⼀般的な学習者

• アーキテクチャAを⽤いた、B層・パラメータ数Cの⾔語モデル（学習者）
を、D法で初期化し、学習データEと⽬的関数Fのもと、最適化アルゴリズ
ムGを⽤いて、Hステップ学習し…その結果、⾔語知識Yは獲得できる。

• ⾔語に特化しない⼿法でも、ドメイン⼀般的（domain-general）な
学習バイアスのもとで、⾔語知識Yを獲得できる

• ⾔語の獲得等が要請する事前知識・バイアスは、他のドメインの学習で必要なもの
と変わりない（Cf. ⽣成⽂法︔例えば、そもそもマージ操作などは⾔語特有な能⼒として語るべきなのか）

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

! %xy2zv3NJ{ "#$%&'()#%'*$+(,&$&-(.&/'*+("*00$*/(1*2'34(56574(8-/(92':;2<=2><(82??(@-$2A*(
2'(=-*(5B<=(C*'=;$/D(E(F*G?/(=#(.2&'=&%#<2(H5657I

解釈



研究紹介

• Can Language Models Learn Typologically Implausible Languages?
(Tianyang Xu, Tatsuki Kuribayashi, Yohei Oseki, Ryan Cotterell, Alex Warstadt. TACL2025)

• 個別⾔語の語順はドメイン⼀般的な学習者（⾔語モデル）にとっての
学習しやすさで説明がつくか︖

• 英語・⽇本語の語順を架空のものに変更し、それで⾔語モデルの学習
が滞るかを調査

• 結果︓架空の語順では
         学習が（わずかに）滞る

• ドメイン⼀般的な学習者の
バイアスのみでも語順の説明は
ある程度可能か

! |}Q~hC•€%:2_•!$N
"‚ƒ@yt0„…†~‚ƒX,
‡ˆ2"5‰Š34

Correlation Pair Example

Original
DET NOUN AUX SCONJ DET NOUN ADP NOUN AUX VERB ADP PROPN ADP PROPN
The fact is that the season of strawberries is running from July to August.

root

det nsubj

cop*
mark

det

nsubj
nmod

case aux
obl

obl

case case

<V, 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.

obl
obl

<Adp, NP>
DET NOUN AUX SCONJ DET NOUN NOUN ADP AUX VERB PROPN ADP PROPN ADP
The fact is that the season strawberries of is running July from August to.

casecasecase

<Cop, Pred>
DET NOUN SCONJ DET NOUN ADP NOUN AUX VERB ADP PROPN ADP PROPN AUX
The fact that the season of strawberries is running from July to August is.

cop*

<Aux, V>
DET NOUN AUX SCONJ DET NOUN ADP NOUN VERB ADP PROPN ADP PROPN AUX
The fact is that the season of strawberriesrunning from July to August is.

aux

<Noun, Genitive>
DET NOUN AUX SCONJ DET ADP NOUN NOUN VERB ADP PROPN ADP PROPN AUX
The fact is that the of strawberries season running from July to August is.

nmod

Table 1: Illustrative examples of each of our counterfactual variants of English. Head phrases are colored
red, and dependent phrases are colored blue. In the<V, O> example, we do not swap the copula and
predicate due to readability, but these elements would be swapped in the actual dataset. The<V, O>
example demonstrates the reßective swapping (H D1 D2 „ D2 D1 H) explained in ¤4.1.

subject-object-verb (SOV) languages tend to have
postpositions. While previous work cited above has
tested learnability of artiÞcial languages with LMs,
our approach to constructing counterfactual cor-
pora has a unique combination of properties: We
aim to maximize naturalness by manipulating pre-
existing natural language corpora and by iteratively
annotating the counterfactual data and identifying
and correcting corner cases. We also target the de-
cision boundary between typologicallyplausible
andimplausiblelanguages by individually manip-
ulating one speciÞc grammatical property in each
counterfactual corpus. Finally, we balance biases
due to the source language by symmetrically ap-
plying this procedure to a head-initial language
(English) and a head-Þnal language (Japanese).

In our experiments, we test the learnability of
two types of LMs (autoregressive and masked)
from scratch on each of our counterfactual lan-
guages. We evaluate learnability from multiple
perspectives: (i) perplexity per token on the entire
corpus, (ii) preferences on minimal pairs targeting
the manipulated feature; and (iii) broad syntactic
tests (BLiMP,Warstadt et al., 2020; and JBLiMP,
Someya and Oseki, 2023). Our experimental re-
sults show that LMs often struggle to learn counter-
factual, typologically implausible languages rela-
tive to minimally different natural languages. Thus
we extend the Þndings ofKallini et al. (2024) on

possiblevs. impossiblelanguages even closer to
the boundary betweenplausiblevs. implausible
languages. While we cannot entirely rule out con-
founds due to errors introduced in the creation of
counterfactual corpora, these Þndings have impor-
tant implications if they prove to be robust. We
also argue, contraChomsky et al.(2023) and in-
spired by other recent arguments (Linzen, 2019;
Warstadt and Bowman, 2022; Wilcox et al., 2023;
Constantinescu et al., 2024) that learnability results
from LMs can have important implications for our
understanding of human language: If Transformers,
which lack language-speciÞc learning biases, show
a preference for typologically plausible languages,
it is likely that humans have a similar learning pref-
erence as a result of domain-general learning biases.
Our results tentatively support this conclusion Ñ
language-speciÞc bias is not necessary, at least as
a minimum requirement, to distinguish between ty-
pologically plausible and implausible word orders,
pointing to a potential new line of evidence on a
long-standing debate about the origins of linguistic
typological patterns.

2 Background

2.1 Typological Tendencies

What are all the conceivable grammars that human
language could have? While this might seem like
an unanswerable question, linguistic theory gives



関連する批判

• ⾔語モデルは画像・プログラミング⾔語・タンパク質系列・ありえない
⾔語も含めて何でも学習できるので、⾔語について何も語らない
（Noam Chomsky, Ian Roberts, and Jeffrey Watumull. “Noam chomsky: The false promise 
of chatgpt.” !"#$%#&$'()*$!+,#-$./.0 ）HC‹"Œ• I

• ⾔語獲得には特別な学習バイアスが必要であるということが前提の批判
• 伝統的に、⾔語学（特に統語論）の主要な関⼼は、可能な⾔語（⽂）と不可能な⾔語

（⾮⽂）を区別する⽅法

• そもそも⾔語モデルは⾃然⾔語から逸脱した架空⾔語（例えば、動詞の活⽤が、必
ず2単語後ろの単語に反映されるとか）も、実在する⾔語と同程度に学習できるか︖

• ありえない⾔語では、⾔語モデルの学習が確かに遅くなる（⾔語モデルは峻別可能）
• Julie Kallini, Isabel Papadimitriou, Richard Futrell, Kyle Mahowald, Christopher Potts. 

"Mission: Impossible Language Models." ACL2024 best paper.



せっかくなので最近の研究紹介

• どんな⾔語モデルで、類型論的な語順頻度を、よりうまく再現できるか︖
• ⽂脈⾃由⽂法上で、語順をパラメタライズ
• パラメタの組み合わせで異なる語順のコーパスを作成。どれが学習しやすいか実験
• どのような学習条件（⾔語モデルの構造など）で、世界の語順分布を再現できるか

Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 14522Ð14543
August 11-16, 2024 ©2024 Association for Computational Linguistics
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Abstract

The worldÕs languages exhibit certain so-called
typological or implicational universals; for
example, Subject-Object-Verb (SOV) lan-
guages typically use postpositions. Explaining
the source of such biases is a key goal of
linguistics. We study word-order universals
through a computational simulation with
language models (LMs). Our experiments
show that typologically-typical word orders
tend to have lower perplexity estimated
by LMs with cognitively plausible biases:
syntactic biases, speciÞc parsing strategies,
and memory limitations. This suggests that the
interplay of cognitive biases and predictability
(perplexity) can explain many aspects of
word-order universals. It also showcases the
advantage of cognitively-motivated LMs,
typically employed in cognitive modeling, in
the simulation of language universals.

https://github.com/kuribayashi4/
word-order-universals-cogLM

1 Introduction

There are thousands of attested languages, but they
exhibit certain universal tendencies in their design.
For example, Subject-Object-Verb (SOV) word or-
der often combines with postpositions, while SVO
order typically employs prepositions (Greenberg
et al., 1963). Researchers have argued that such im-
plicational universals are not arbitrary but shaped
by their advantage for humans (Hawkins, 2004;
Culbertson et al., 2012, 2020).

Such language universals have been recently
studied through neural-based computational sim-
ulation to elucidate the mechanisms behind the
universals (Lian et al., 2023). The languages which
emerge, however, have typically not been human-
like (Chaabouni et al., 2019a,b; Rita et al., 2022;
Ueda et al., 2022). Such mismatch arguably stems
from the lack of human-like cognitive biases in
neural agents (Galke et al., 2022), but injecting
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Figure 1: We compare the word orders that are challeng-
ing for LMs to those that are infrequent in attested lan-
guages (¤3). We examine the advantage of cognitively-
motivated LMs (¤5) in simulating the word-order uni-
versals (the worldÕs word-order distribution) with their
inductive biases (¤6).

cognitive biases into systems and showing their
beneÞts has proved challenging (Lian et al., 2021).

In this study, expanding on a study of word-
order biases in language models (LMs:White and
Cotterell(2021)), we demonstrate the advantage
of cognitively-motivatedLMs, which can simu-
late human cognitive load during sentence process-
ing well (Hale et al., 2018b; Futrell et al., 2020a;
Yoshida et al., 2021; Kuribayashi et al., 2022), and
thus predict many implicational word-order univer-
sals in terms of their inductive biases (Figure1).
SpeciÞcally, we train various types of LMs inartiÞ-
cial languageswith different word-order conÞgura-
tions (¤3). Our experiments show that perplexities
estimated by cognitively-motivated LMs (¤5) corre-
late better with frequent word-order conÞgurations
in attested languages than standard LMs (¤6). This
conÞrms that such biases are a potential source of
the word-order universals as well as demonstrate
the plausibility of cognitively-motivated LMs as
models of human language processing.
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Param. L R
S

Cateats. Eatscat.
VP

Catmouseeats. Cateatsmouse.
PP

Cattableoneats. Caton tableeats.
NP

Smallcateats. Catsmalleats.
Rel

Likes milk thatcateats.Catthatlikes milk eats.
Case

Cat-sub eats. Sub-cateats.

Table 1: Word-order parameters and example construc-
tions with different assignments,L or R(See Apps.A
andB andWhite and Cotterell(2021) for details).

[freq(LLLLLL), freq(LLLLLR), ..., freq(RRRRRR)].
Notably, particular conÞgurations, typically with
harmonic (consistent) branching-directionality,
e.g., LLLLLL, LRRRRR, are common; such a
skewed distribution (typological markednessor
word-order universals) has been studied from
multiple perspectives typically tied with human
cognitive biases (Vennemann, 1974; Gibson et al.,
2000; Briscoe, 2000; Levy, 2005; Christiansen and
Chater, 2008; Culbertson et al., 2012; Temperley
and Gildea, 2018; Futrell and Levy, 2019; Futrell
et al., 2020b).

4.3 Processing costs of word order

ArtiÞcial languages: We quantify which word
orders are harder for a particular LM. Here,
we adopt3 the set of artiÞcial languages created
by White and Cotterell(2021) as a lens to quantify
the LMsÕ biases. These languages share the same
default probabilistic context-free grammar (PCFG)
and differ from each other only in their word-order
conÞgurationo ! O (¤4.1) overriding the word
order rules in the default grammar, resulting in
26 = 64 corpora with different word ordero. Note
that the 64 corpora generated have the same prob-
abilities under the respective grammar and gold
parser; thus, differences in language-modeling dif-
Þculties can only stem from the modelÕs biases.
See App.A for the detailed conÞgurations of artiÞ-
cial languages.

is distributed between its compatible word orderings, e.g.,
LLLLLR, LLLLRR, LRLLLR, andLRLLRReach gets a 1/4 count
for LXLLXR. See App.B for the details of the WALS.

3We introduce theCase parameter determining the posi-
tion of case marker, whileWhite and Cotterell(2021) Þxed it
to beL. We omitted theComp switch controlling the com-
plementizer position, e.g., Òthat,Ó due to the lack of large-scale
statistics on its order. We experimented with prepositional
and postpositional complementizer settings in each of the 64
settings and used the average perplexities of the two settings.

Figure 2: The frequency distribution of26 = 64 word-
order conÞgurations within attested languages (blue
points) sorted in descending order. Suppose particu-
lar LMs A/Bprefer word order as green/red points. The
LM A(green points) is considered to have typologically
more aligned inductive bias than the LMB(red points).

Quantifying perplexities: We train an LM on
each corpus with word orderoand measure the PPL
of tokensx o in the respective held-out set. Repeat-
edly conducting the training/evaluation across the
64 corpora produces a PPL score vector,PPL ! =
[PPL! (x LLLLLL), PPL! (x LLLLLR), PPL! (x LLLLRL),
..., PPL! (x RRRRRR)], which indicates theword-
order preferencesof an LM.

4.4 FrequencyÐperplexity correlations

Global correlation: We measure the Pearson
correlation coefÞcientr (á, á) between word order
frequenciesf (¤4.2) and theirnegativePPL !

(¤4.3), consideringlower PPL is better. We call
r (f , " PPL ! ) global correlation. A high global
correlation indicates that the LMsÕ word-order pref-
erences reßect typological markedness.

Local correlation: White and Cotterell(2021)
reported that simulating the word-order dis-
tribution among subject, object, and verb
(SOV# SVO# VOS# OVS), which is determined
by the Þrst two parameters of

S
and

VP
, is chal-

lenging. Therefore, we assess how easy it is to sim-
ulate the markedness of the other parametersÕ as-
signments. SpeciÞcally, we measure a relaxed ver-
sion of the correlation ignoring the subject, object,
and verb order (local correlation), which is deÞned
by the averaged correlation within each base word-
order group: SOV (

S
= L,

VP
= L), SVO

(
S

= R,
VP

= L), OVS (
S

= L,
VP

= R),
and VOS (

S
= R,

VP
= R).

1
4

(r (f SOV, ! PPL SOV
! ) + r (f SVO, ! PPL SVO

! )

+ r (f OVS, ! PPL OVS
! ) + r (f VOS, ! PPL VOS

! )) .
(4)
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Table 1: Word-order parameters and example construc-
tions with different assignments,L or R(See Apps.A
andB andWhite and Cotterell(2021) for details).
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2000; Briscoe, 2000; Levy, 2005; Christiansen and
Chater, 2008; Culbertson et al., 2012; Temperley
and Gildea, 2018; Futrell and Levy, 2019; Futrell
et al., 2020b).

4.3 Processing costs of word order

ArtiÞcial languages: We quantify which word
orders are harder for a particular LM. Here,
we adopt3 the set of artiÞcial languages created
by White and Cotterell(2021) as a lens to quantify
the LMsÕ biases. These languages share the same
default probabilistic context-free grammar (PCFG)
and differ from each other only in their word-order
conÞgurationo ! O (¤4.1) overriding the word
order rules in the default grammar, resulting in
26 = 64 corpora with different word ordero. Note
that the 64 corpora generated have the same prob-
abilities under the respective grammar and gold
parser; thus, differences in language-modeling dif-
Þculties can only stem from the modelÕs biases.
See App.A for the detailed conÞgurations of artiÞ-
cial languages.

is distributed between its compatible word orderings, e.g.,
LLLLLR, LLLLRR, LRLLLR, andLRLLRReach gets a 1/4 count
for LXLLXR. See App.B for the details of the WALS.

3We introduce theCase parameter determining the posi-
tion of case marker, whileWhite and Cotterell(2021) Þxed it
to beL. We omitted theComp switch controlling the com-
plementizer position, e.g., Òthat,Ó due to the lack of large-scale
statistics on its order. We experimented with prepositional
and postpositional complementizer settings in each of the 64
settings and used the average perplexities of the two settings.
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Figure 2: The frequency distribution of26 = 64 word-
order conÞgurations within attested languages (blue
points) sorted in descending order. Suppose particu-
lar LMs A/Bprefer word order as green/red points. The
LM A(green points) is considered to have typologically
more aligned inductive bias than the LMB(red points).

Quantifying perplexities: We train an LM on
each corpus with word orderoand measure the PPL
of tokensx o in the respective held-out set. Repeat-
edly conducting the training/evaluation across the
64 corpora produces a PPL score vector,PPL ! =
[PPL! (x LLLLLL), PPL! (x LLLLLR), PPL! (x LLLLRL),
..., PPL! (x RRRRRR)], which indicates theword-
order preferencesof an LM.
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correlation coefÞcientr (á, á) between word order
frequenciesf (¤4.2) and theirnegativePPL !
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r (f , " PPL ! ) global correlation. A high global
correlation indicates that the LMsÕ word-order pref-
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⾔語モデルのワーキングメモリの弱さと、
適切なアルゴリズム（left-corner）
を⽤いた統語⾔語モデルが良い

Tatsuki Kuribayashi, Ryo Ueda, Ryo Yoshida, Yohei Oseki, Ted Briscoe, Timothy Baldwin. 
“Emergent Word Order Universals from Cognitively-Motivated Language Models.” ACL2024



せっかくなので最近の研究紹介

• そもそもどうやったら「⾔語モデルがどのような⾔語を好むか」
という問いによりうまく答えられるか︖

• 例えば、どのような語順を好むか
• Ryan Cotterell, Sabrina J. Mielke, Jason Eisner, Brian Roark. Are All Languages 

Equally Hard to Language-Model? ACL2018

• データの問題

!" #$% &'()*+,-./

⾃然⾔語を⽤いて⽐較 OK （⾔語同⼠が複数の側⾯で異
なってしまう）

⼈⼯⾔語を⽤いて⽐較 （形式⾔語など過度に
シンプルになりがち）

OK

リアルで制御可能な
⼈⼯⾔語がほしい

OK OK



せっかくなので最近の研究紹介

• Which Word Orders Facilitate Length Generalization in LMs? An Investigation with 
GCG-Based Artificial Languages. HJK&%2'*(L?MK&::&$+ J@&=<;N2();$2O&/&<-2+(@*%(P$2<>#*4(LQK9.(565RI

• CCGをパラメタライズして
語順だけ違うコーパスを⽣成

• ⽇本語みたいな語順、
英語みたいな語順…（96パターン）

• 複雑な並列構造や弱⽂脈依存な構⽂が⼈⼯⾔語コーパスに⾃然に⼊る（Cf. PCFG）
• そのうえでどの語順が

学習しやすいか調査

Param. Description 0 (head-Þnal) 1 (head-initial)

S Order of subject and verb
VI ! S\NPSUBJ

VT ! (S\NPSUBJ)|NPOBJ

VCOMP! (S\NPSUBJ)|SCOMP

VI ! S/NPSUBJ

VT ! (S/NPSUBJ)|NPOBJ

VCOMP! (S/NPSUBJ)|SCOMP

VP Order of object and verb
VT ! (S|NPSUBJ)\NPOBJ

VCOMP! (S|NPSUBJ)\SCOMP
REL ! (NPSUBJ|NPSUBJ)|(S\NPOBJ)

VT ! (S|NPSUBJ)/NPOBJ

VCOMP! (S|NPSUBJ)/SCOMP
REL ! (NPSUBJ|NPSUBJ)|(S/NPOBJ)

O Order of subject and object Subject occurs before the object Object occurs before the subject

COMP Position of complementizer COMP! SCOMP\S COMP! SCOMP/S

PP Postposition or preposition PREP! (NP\NP)/NP PREP! (NP/NP)\NP

ADJ Order of adjective and noun ADJ! NP/NP ADJ! NP\NP

REL Position of relativizer REL! (NPSUBJ/NPSUBJ)\(S|NPOBJ) REL ! (NPSUBJ\NPSUBJ)/(S|NPOBJ)

Table 1: Binary word order parameters and their corresponding GCG categories. Ò! ! " Ó indicates! is expanded
to " in the GCG derivation. Some expansion rules interact with multiple word order parameters, e.g., VT!
(S/NPSUBJ)|NPOBJ, and non-target directionalities are denoted as Ò|Ó representing either forward or backward
slashes.

GCG Lexical Syntactic Category Example

Noun Phrase (NP)ÐNP Kim ga kissedSandy o
Subject Marker ÐNPSUBJ\ NP Kim ga kissed Sandy o
Object Marker ÐNPOBJ\ NP Kim ga kissed Sandyo
Adjective (ADJ) ÐNP|NP red car ga ran
Transitive Verb (VT) Ð(S|NPSUBJ)|NPOBJ Kim ga kissed Sandy o
Intransitive Verb (VI) ÐS|NPSUBJ red car garan
Verb with Complement (VCOMP) Ð(S|NPSUBJ)|SCOMP Kim ga believed that Sandy lied
Complementizer (COMP)ÐSCOMP|S Kim ga believed that Sandy lied
Preposition (PREP)Ð(NP|NP)|NP elf on shelf ga laughed
Relativizer (REL) Ð(NPSUBJ|NPSUBJ)|(S|NPOBJ) man ga whom I ga met laughed
Conjunction ÐVar\ Var/ Var Kim and Sandy ga ate

Table 2: Lexical syntactic categories, their derivations, and their examples (colored) supplemented with an English
sentence as a context. The vertical bars Ò|Ó in the GCG lexical syntactic categories represent either forward or
backward slashes, determined by word order parameters listed in Table1.

modeled by our LMs.

3.3 Generating the Datasets

To test the length generalization of LMs, we create
three variations of the AL corpus: (i)SHORT with
a length of 3Ð8 words, (ii)MEDIUM with a length
of 9Ð10 words, and (iii)LONG with a length of
11Ð20 words. Only theSHORT part is used for
LM training, and the models are tested in held-out
SHORT, MEDIUM, and LONG test sets.

The datasets are generated over several steps:

1. Set word order parameters. We generate
the AL corpus for each combination of the
seven parameters. Each AL is deÞned by a
unique combination of parameter values, such
as 0101101 for ÒEnglishÓ which corresponds
to settings S=0, VP=1, O=0, COMP=1, PP=1,
ADJ=0, and REL=1 (see Table1).

2. Generate templates.Once word order pa-
rameters are Þxed, to ensure coverage of all
valid sentences in each AL, we generate all
possible sequences of word categories up to a
length of 10 (forSHORT andMEDIUM sets).
These category sequences are then parsed us-
ing a GCG parser conÞgured according to the
respective grammar with the lexical syntactic
categories as terminal symbols.3 A sequence
of word categories is treated as grammatical
if the parser produces at least one derivation
with Sas a root.

3. Sample lexicons. Once grammatical tem-
plates with word categories are generated, we

3We modify the NLTK CCGChartParser (Bird et al., 2009)
by disabling type raising and incorporating the permutation
operation described inBriscoe(1997, 2000), which we use to
parse our sentence templates.

(a) SHORT test (length 3Ð8).

(b) MEDIUM test (length 9Ð10).

!"# "!# !#" "#! #!" #"!

(c) LONG test (length 11Ð20).

Figure 2: Distributions of perplexities and typological plausibility across languages. The error bars indicate max
and min PPLs within three runs.

training set, and all the vocabulary in the test sets
is used at least once in the training set.

Results. Figure2 illustrates the PPL and typo-
logical distributions, and Table3 summarizes the
results. First,the PPLs in longer test sets have
larger variance (Figure2), and thus are more in-
formative about which word order is easier to learn
and generalize for a particular LM. The ßat PPL
distribution inSHORT set, particularly for LSTMs,
was also reported inWhite and Cotterell(2021).
Second, Table3 shows thatthe TA score and
PPLs for each word order group substantially
change between in-domain (SHORT) and out-of-
domain (M EDIUM and L ONG) evaluation. In
particular, the TA scores in the out-of-domain eval-
uation are consistently negative, while not in the

in-domain evaluation.6 These suggest that typolog-
ically plausible word orders tend to be easier for
LMs to productively generalize, in contrast to just
Þtting to the in-domain data. Third, we also have
some architecture-dependent differences between
in-domain and out-of-domain PPLs; speciÞcally,
the TA scores for LSTM and RNN drastically
improved in the out-of-domain evaluation, and
RNN with L ONG test set achieved the best (low-
est) correlation in all settings. In contrast, Trans-
former yielded a good correlation only with the
in-domain test, which diminished in out-of-domain

6This negative result in in-domain data seems to contra-
dict Kuribayashi et al.(2024), where length generalization is
not considered, but the advantage of working memory limi-
tation is reported. This might be due to the difference in the
length distribution of the training data (i.e., our study uses
much shorter sentences than them), and we clarify that their
results do not always hold if the training/evaluation domain is
limited.



⽅向性③︓経験論︖の⽀持

• アーキテクチャAを⽤いた、B層・パラメータ数Cの⾔語モデル（学習者）
を、D法で初期化し、学習データEと⽬的関数Fのもと、最適化アルゴリズ
ムGを⽤いて、Hステップ学習し…その結果、⾔語知識Yは獲得できる。

• 事前知識を初期化時に持たないニューラルネットワークでも、たくさんテ
キストデータを学習すれば、⾔語知識Yを獲得できる

解釈



本当に経験だけか︖

• 事前知識を初期化時に持たないニューラルネットワークでも、たくさんテ
キストデータを学習すれば、⾔語知識Yを獲得できる

• 論点1︓アーキテクチャを定義した時点で（何かハイパラを設定した時点で）
帰納バイアス（学習者の癖）は⼊る

• 帰納バイアスがなければ学習は不可能（Tom M. Mitchell. 1980. The Need for Biases in 
Learning Generalizations.）

• モデル初期化後、⼀事例からの汎化傾向がアーキテクチャごとに異なる
• その帰納バイアスと⾔語獲得の関係性について論じることになる

Published as a conference paper at ICLR 2021
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<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>

thrice a ! 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 ak we denote a sequence that contains tokena repeatedk 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 learnersÕ preferences for counting vs. memoriza-
tion. We train models to Þt a single training example with inputal and outputbl (i.e., to perform the
mappingal ! bl ) and test it onam with m " [l # 10, l +10]. If a learner learns the constant function,
outputtingbl independently of its inputs, then it follows thememstrategy. On the other hand, if it
generalizes to theam ! bm mapping, then the learner is biased toward thecount 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 stringal to an output stringb2l . As test inputs, we generate
am for m in the interval[l # 3, l + 3] . We consider the learned rule to be consistent withmul if for
all m, the input/output pairs are consistent witham ! b2m . Similarly, if they are consistent with
am ! bm + l , we say that the learner follows the addition rule,add . Finally, the learner can learn a
constant mappingam ! b2l for anym. Again, we call this rulemem.

Hierarchical-or-Linear : For a Þxed depthd, we train learners on four training examplesxdyxd ! y
wherex, y " { a, b} .3 Each training example has a nested structure, whered deÞnes 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 learnersÕ biases, we test them on inputs with different depthsm " [d # 2, d + 2] . Note that
to examine thelinear rule (i.e. if the learner outputs the(d+1)th symbol of any test input of depth
m), we needm $ d

2 . Similar to the previous tasks, there is no vocabulary sharing between a modelÕs
inputs and outputs (input and output tokensa andbare 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 hasN
symbolsai that are one-to-one mapped intoN output symbolsbi (i.e.,ai ! bi ). In addition, there
is a modiÞer tokenthrice : whenthrice precedes an input symbolai , the corresponding output is
repeated three times:thrice a i ! bi bi bi .

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

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

4
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FPA! L , nats"
lengthl 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"
lengthl 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 depthd = 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
lengthL is averaged across examples and seeds. The lowestL are in bold and# denotes stat. sig.
difference inL (p < 10" 3, paired t-test).
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本当に経験だけか︖

• 論点2︓⾔語モデルを定義した時点でいろいろなことを仮定している
• 単語区切り・トークナイズできる（トークナイザの学習はどこで︖）
• ⽂字を認識・出⼒できる
• ⼤量のテキストデータを読める
• 次の単語の予測精度を上げようとしている

• データのみから⾔語を獲得できるかに関する議論は、⾳声モデルなり、
ロボットなりで検証してもいいと思う

• 書き⾔葉の習得は⾔語獲得の後半戦



本当に経験だけか︖

• ⽣⾳声データで⾳声モデルを訓練した場合と、⾳素や単語に転写したあと
⾔語モデルを訓練した場合で、後者のほうが圧倒的に⾔語を学習しやすい

• トークナイザで仮定されている能⼒が結構すごい︖
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 the1.2 M of words
present in the128 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.

Cumulated Number of Data Lexical Syntactic
System Input Training set duration (h) words (M ) plausibility acc. (%) acc. (%)

Random baseline Ñ Ñ 0 0 Ñ 49.2 52.5 49.3 50.0

STELA [27] speech SEEDLingS 1024 9.6! +++ 49.545.4 50.3 50.5

STELA [27] speech Providence 128 1.2 ++ 56.8 47.1 50.3 51.1

LSTM phonemes Providence 128 1.2 + 75.4 75.2 55.1 55.9

LSTM words (BPE) Providence 128 1.2 + Ñ 65.1 65.3

BabyBERTa [9] words (BPE) AO-CHILDES 533! 5 + Ñ 70.4 70.4

model trained on top of the learned discrete representations.
The acoustic model is built from a Contrastive Predictive Cod-
ing (CPC) model followed by a K-means clustering algorithm.
The language model consists of LSTM layers. We used the
same architecture and hyper-parameters as the low-budget base-
line proposed in [2]. Contrary to [2] who trained CPC by sam-
pling the positive and negative examples from the same speaker,
we applied a second constraint: negative examples were drawn
from temporally close speech sequences to reduce mismatch be-
tween the positive and negative examples in terms of their local
environment as this was found to be helpful when training on
long-forms [14].
LSTM (text-based). We include LSTM LMs trained on words
Ð using byte-pair encoding Ð or on phonemes, using the same
architecture and hyper-parameters than [2].
BabyBERTa (text-based). BabyBERTa [9] is a transformer-
based LM trained on a5 M word corpus of American English
child-directed input built from the CHILDES database [21].

3. Results and discussion
3.1. The BabySLM benchmark

Results obtained on ourBabySLM benchmark are reported
in Table 3. Rows are sorted according to the plausibil-
ity of the training data. Child-centered long-form record-
ings (SEEDLingS) have the highest plausibility score as these
recordings faithfully capture childrenÕs everyday language ex-
periences. In particular, long-forms collect audio data over a
whole day Ð or several Ð and therefore sample the full range of
language experiences across all possible contexts: the child may
be in or out of the house, the speech may be directed to the child
or others, etc. The audio extracted from in-home recordings of
spontaneous infant-parent interactions (Providence) is slightly
less plausible as it fails to capture the full range of language ex-
periences: fewer speakers than in a real-life setting, most of the
speech is directed to the child, etc. Finally, words and phonemes
extracted from AO-CHILDES or Providence have the lowest
plausibility score since infants do not learn language from or-
thographic or phonetic transcriptions but from the continuous
signal that is speech.

Results indicate no evidence of lexical and syntactic knowl-
edge for STELA trained on1, 024 hours of speech from
SEEDLingS. This contrasts, in appearance, with what has been
found in the ZeroSpeech challenge [2], but this is due to the
large variability of speech found in long-forms as we will see in
Section 3.3. Results are no different for STELA trained on128

hours of speech extracted from Providence whose lexical and
syntactic accuracies remain close to chance level. However, we
hypothesize that the lexical accuracy obtained by STELA might
increase with more audio data from semi-controlled recordings
of infant-parent interactions as these contain cleaner speech
than what is typically found in long-forms. Contrary to speech-
based LMs, text-based LMs perform largely above chance level.
As expected, the LSTM model trained on words reaches higher
syntactic accuracy than the LSTM trained on phonemes. The
highest syntactic accuracy is obtained by BabyBERTa, which is
a transformer-based LM and has been trained on a larger quan-
tity of data than our LSTM LMs.

Performances onBabySLMshow a clear gap between text-
based and speech-based LMs. Another important Þnding is
that, as of now, spoken language modeling from childrenÕs
real language experiences seems out of reach, as evidenced by
the chance-level lexical and syntactic accuracies obtained by
STELA trained on SEEDLingS. We dedicate the remaining sec-
tions to illustrating these two challenges: bridging the gap be-
tween text and speech and between clean speech and in-the-wild
speech.

3.2. Language modeling: from text to speech

Figure 1 shows lexical and syntactic accuracies obtained by
text-based (words or phonemes) or speech-based LMs as a func-
tion of quantity of data. The LSTM trained on phones requires
at least16 hours of speech, equivalent to150, 000 words, to
start performing above chance level. Once lexical knowledge
has emerged, the model follows a logarithmic trend (note the
log-scale x-axis), initially improving rapidly and then slowing
down. In other words, we need to double the amount of data to
obtain the same gain in lexical accuracy. The same patterns hold
for the syntactic accuracy obtained by the LSTM model trained
on words1. For STELA, the lexical accuracy remains close to
chance level, although the curve seems to increase between32
and128hours of speech, and there is no evidence for syntactic
knowledge.

All in all, the lexical and syntactic accuracy slopes show
very different patterns when training from raw speech or
phonemes or words. This is despite receiving the same data

1Note, however, that the syntactic accuracy obtained by the LSTM
model trained on words decreases to45 %(below chance level) between
0 and8 hours (= 75 , 000 words). This effect was found to be driven by
co-occurrence statistics in the noun-verb order task. The same pattern
was found with a3-gram model, with a slight decrease between0 and
8 hours and an increase between8 and128 hours.

9&A*>-2'+(Q&$A2'+(S&/&(,/+(1&%$2*'(@2=*;T+(Q&$U&(E'%$*&(C$;3(P?&'%V'+(WNN#(FX<X'*'+(1*$AY(P$*%2'+(LZZ&';*?(
[;G#;T+(&'%(E?*\&'%$2'&(C$2<=2&4(]P&O/,9Q D(?&':;&:* M&>^;2<2=2#'M0$2*'%?/(O*'>-Z&$N(#0(<*?0M<;G*$A2<*%(<G#N*'(?&':;&:*(
Z#%*?<4](_'_K@LF,.LLC1(56574



凄まじい経験ではないか︖

• ⾔語モデルの学習環境を⼈間のそれになるべく近づけて議論しよう
• BabyLM Challenge（https://babylm.github.io/）

• データの量的制限（100M tokens）
• データの質的変更（親⼦の対話データ; CHILDESなど）
• マルチモーダルな⼊⼒ (Round 2)
• 他の⼤規模モデルとのコミュニケーションを許容（Round 3）

• 初回優勝⼿法︓レイヤ間の残差結合について、直前レイヤ
だけでなく、それより前のすべてのレイヤと直接繋ぐ︕

• Lucas Georges Gabriel Charpentier and David Samuel. 2023. 
Not all layers are equally as important: Every layer counts BERT.

• それは⼀体、⾔語的にどういった⽰唆があるのだろうか
（もしかしたら本当に意味があるかもしれない）

• リーダーボード的な枠組み vs. 科学的探求

Findings of the BabyLM Challenge:
Sample-EfÞcient Pretraining on Developmentally Plausible Corpora

Alex Warstadt1! Aaron Mueller 2,3! Leshem Choshen4,5 Ethan Wilcox1 Chengxu Zhuang4

Juan Ciro6 Rafael Mosquera6 Bhargavi Paranjape8

Adina Williams 6,7 Tal Linzen9 Ryan Cotterell1
1ETH ZŸrich 2Northeastern University 3Technion 4MIT

5IBM Research 6MLCommons 7Meta AI (FAIR)
8University of Washington 9New York University

warstadt@inf.ethz.ch aa.mueller@northeastern.edu

Abstract

Children can acquire language from less than
100 million words of input. Large language
models are far less data-efÞcient: they typically
require 3 or 4 orders of magnitude more data
and still do not perform as well as humans on
many evaluations. These intensive resource
demands limit the ability of researchers to
train new models and use existing models as
developmentally plausible cognitive models.
The BabyLM Challenge is a communal
effort in which participants compete to
optimize language model training on a Þxed
data budget. Submissions are compared on
various evaluation tasks targeting grammatical
ability, downstream task performance, and
generalization. Participants can submit to up
to three tracks with progressively looser data
restrictions. From over 30 submissions, we
extract concrete recommendations on how best
to train data-efÞcient language models, and
on where future efforts should (and perhaps
should not) focus. The winning submissions
using the LTG-BERT architecture (Samuel
et al., 2023) outperformed models trained on
trillions of words. Other submissions achieved
strong results through training on shorter
input sequences or training a student model
on a pretrained teacher. Curriculum learning
attempts, which accounted for a large number
of submissions, were largely unsuccessful,
though some showed modest improvements.

1 Introduction

Although there have massive improvements in
the effectiveness of neural language models in the
last decade, humans are still the state of the art in
language learning. To achieve impressive results,
language models need to be trained on hundreds
of times more language input than a typical human
will be exposed to in an entire lifetime. The
BabyLM Challenge is a shared task that invites

* Equal contribution.

Figure 1:Data Scale:Modern Language Models are
trained multiple orders of magnitude more word tokens
than the amount available to a typical child. This image
is based on Fig. 1 fromWarstadt and Bowman(2022).

members of the natural language processing,
linguistics, and cognitive science communities
to train language models in low-resource data
settings, where the amount of linguistic input
resembles the amount received by human language
learners. In doing so, our motivations (Section2)
are to improve the relevance of language models as
cognitive models of human language acquisition,
Þnd more effective and data-efÞcient training
algorithms for language models, and democratize
research on language model training by emphasiz-
ing research questions that can be addressed on a
smaller training budget.

Participants in the shared task could submit to
theStrict, Strict-Small, or Loosetrack, which, re-
spectively, required models to be trained on cor-
pora that constituted either 10 million words, 100
million words, or 100 million words plus an un-
limited amount of additional non-linguistic data
(Section3). These corpora were constructed from
a mixture of sources including developmentally
plausible domains such as child-directed speech,
transcribed dialogue, and childrenÕs literature (Sec-
tion 4). To enable standardized evaluation and
easy comparison of the resulting models, we create
a leaderboard and release an evaluation pipeline
(Section5) targeting zero-shot grammatical perfor-
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（少し脱線）帰納バイアスの研究にする

• この事例からこう汎化してほしいという帰納バイアス（prior）を明⽰的に
⾔語モデルに取り込み、帰納バイアスと⾔語獲得の関係の研究を⾏う

• 単純な帰納バイアス（aabb->a! b! ）が、複雑な⾔語の獲得にどう影響を及ぼすか︖
• このとき⾔語モデルは単なる容器のような使われ⽅

• メタ学習で実装可能
• 学習の仕⽅の学習（2階微分を伴う）

• 例︓
• 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)



⾔語・⼈間を測る編



⾔語モデルはなんのモデルか︖

qrn st uvwx #$m,n

計算 何の問題を解いているか︖
理想的な解法は何か︖

認知のベイズモデルと
いった原則から理解され
る振る舞い

⽬的関数

アルゴリ
ズム

その解法をどのような表現
やプロセスで近似している
か︖

反応時間やエラーパター
ンから推測される⼼的表
層やプロセス

内部表現や振る
舞いの分析

実装 表現やアルゴリズムがどの
ように物理的に実現されて
いるか︖

fMRIなどで観測される神
経回路

回路分析・
ニューロンの解
釈など

⼈間が設定
しているので
⾃明

⾔語モデルは紛れもなく次単語予測のモデル
⼈間の⾔語処理のうち予測に基づく側⾯については掘り下げられそう︖

E?*T&'%*$();+([*>?&'(C&ZGO*??+(`;*>-;'32 (P&2+("2&/2(a*':+(F/&'(92;+(F&\&(Q&$\2*-+(F4(@-#Z&<(Q>C#/+(*=(&?4(
565R4(b9*A*?<(#0(E'&?/<2<(0#$(9&$:*(9&':;&:*(Q#%*?<4c



⾔語モデルを使って初めて測れる値で分析する

• ある現象Yが⾔語モデルから得られる値Xで説明できるか︖
• ⾔語モデルをある種のアノテーションツールとして使⽤

• 例︓⼈間の単語ごとの読み時間（処理負荷）の違いが、単語の予測しやすさ
で説明できるか︖

• ⼈間は無意識に先読みをしているのか︖
• 読み時間がかかる単語（⾼負荷）∝ 予測を裏切る単語
• ⾔語モデルは次の単語をなるべく正確に予測するように訓練されているので、

（コーパス統計として）⽐較的正確な単語の予測しやすさを近似可能

Psychometric Predictive Power of Large Language Models

Tatsuki Kuribayashi 1 Yohei Oseki2 Timothy Baldwin 1,3

1MBZUAI 2The University of Tokyo 3The University of Melbourne
{tatsuki.kuribayashi,timothy.baldwin}@mbzuai.ac.ae

oseki@g.ecc.u-tokyo.ac.jp

Abstract

Instruction tuning aligns the response of large
language models (LLMs) with human prefer-
ences. Despite such efforts in humanÐLLM
alignment, we Þnd that instruction tuning
does not always make LLMs human-like
from a cognitive modeling perspective. More
speciÞcally, next-word probabilities estimated
by instruction-tuned LLMs are often worse
at simulating human reading behavior than
those estimated by base LLMs. In addition,
we explore prompting methodologies for
simulating human reading behavior with LLMs.
Our results show that prompts reßecting a
particular linguistic hypothesis improve
psychometric predictive power, but are still
inferior to small base models. These Þndings
highlight that recent advancements in LLMs,
i.e., instruction tuning and prompting, do not
offer better estimates than direct probability
measurements from base LLMs in cognitive
modeling. In other words, pure next-word
probability remains a strong predictor for hu-
man reading behavior, even in the age of LLMs.

https://github.com/kuribayashi4/
llm-cognitive-modeling

1 Introduction

Aligning computational models with human per-
ception/cognition has historically been a pivotal ap-
proach to understanding humans (Shapiro, 2003).
With this in mind, computational psycholinguis-
tics has investigated the model of human sentence
processing (Crocker, 2007) and recently found an
intriguing correlation between next-word proba-
bilities from language models (LMs) and human
reading behaviorÑthe less predictable a word is,
the greater the cognitive load (e.g., longer reading
time) humans exhibitÑsuggesting the expectation-
based account of human sentence processing (Levy,
2008; Smith and Levy, 2013). Based on this Þnd-
ing, the Þeld has further investigated which types
of models/algorithms can compute probabilities
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Figure 1: Comparing the Òreading behaviorÓ of hu-
mans and LLMs, i.e., reading time from humans is
compared with surprisal from LLMs (¤2.1). We in-
vestigate which surprisal values estimated by: (i) base
LLMs, (ii) instruction-tuned (IT) LLMs, (iii) IT-LLMs
with prompting, or (iv) IT-LLMs with metalinguistic
prompting can better simulate human reading time.

better aligned with human reading behavior (Fig-
ure1; Hale(2001); Goodkind and Bicknell(2018);
Wilcox et al.(2020); Oh et al.(2021); Kuribayashi
et al.(2022); inter alia).

In the Þeld of natural language processing (NLP),
in contrast, large language models (LLMs) tuned
to human-preferred responses (e.g., GPT-3.5) im-
prove in performance across a wide range of appli-
cations (Ouyang et al., 2022). Given the increas-
ing prevalence of such human-aligned,instruction-
tunedLLMs (IT-LLMs), the following computa-
tional psycholinguistic question naturally arises:
do IT-LLMs successfully simulate human reading
behavior in terms of predicted surprisal?The
answer to this question is not immediately ob-
vious. On the one hand, the answer might be
yessince these are tuned to human-preferred re-
sponses (Zhang et al., 2023), which will be, broadly
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⾔語モデルを使って初めて測れる値で分析する

• ⼈間の予測に基づく処理負荷（⼈間の⾔語モデル）は、どれほどコーパス
上の次単語予測確率と相関するか︖

• コーパスを正確にモデリングできる⾔語モデルが現れて初めて検証可能
• 予測の正確な（パープレキシティの低い）⾔語モデルから得られる確率値
ほど、⼈間の読み時間をうまく説明できるか︖

• そうとも限らない
• コーパス上の⾔語モデル≠⼈間の頭の中の⾔語モデル
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Figure 2: Relationship between PPL (X-axis) and psychometric predictive power, i.e.,! LogLik (Y-axis) in the
English and Japanese languages. Each point corresponds to each LM. A low score on the X-axis indicates the
high linguistic accuracy of the model. The PPL was calculated on the eye movement data, and the LMs with PPL
more than 106 were excluded from the Þgure. A high score on the Y-axis indicates that the model has a high
psychometric predictive power. Note that the X-axis is on a log scale.

GD! surprisal + surprisal prev 1
+ surprisal prev 2 + freq " length
+ freq prev 1 " length prev 1
+ screenN + lineN + segmentN
+ (1|article) + (1|subj) .

(3)

The regression model includes baseline factors
(e.g., frequency of a segment) that are of no in-
terest in the comparison of LMs. A collection of
factors used in the existing studies (Asahara et al.,
2016; Wilcox et al., 2020) were initially examined
and the factors that were not signiÞcant (p > 0.05)
for gaze duration modeling both in the Dundee
Corpus and BCCWJ-EyeTrack were excluded. The
frequency of a segment (freq ) was calculated us-
ing the entire training data for LMs. AppendixB
shows the details of each factor in Eq.3.

In English experiments, surprisals of pre-
ceding words (surprisal prev 1 and
surprisal prev 2) were included in order to
handle the spillover effect (the processing cost
of a certain segment is affected by its preceding
segments) (Rayner and Well, 1996; Smith and
Levy, 2013). In Japanese experiments, the
surprisals of preceding words were not included
because our preliminary experiment showed that
these factors were not signiÞcantly effective for
modeling gaze duration in the BCCWJ-EyeTrack.5

5The reason is probably that a Japanese phrasal unit (i.e.,
bunsetsu) could be a larger unit than an English word.

All the regression models used in our experiments
were converged.

To isolate the effect of surprisal for gaze du-
ration modeling, a baseline regression model
was trained without surprisal information (exclud-
ing thesurprisal , surprisal prev 1, and
surprisal prev 2 terms from Eq.3). Follow-
ing Wilcox et al.(2020), the mean by-segment dif-
ference of log-likelihood between the model using
surprisal values (Eq.3) and the baseline model
was calculated. Henceforth, this metric is called
! LogLik. When surprisal from a LM is not ef-
fective for gaze duration modeling, the! LogLik
score becomes zero. A high! LogLik means that
the surprisal values obtained by the LM are effec-
tive for modeling gaze duration (i.e., the LM has a
high psychometric predictive power).

4 Experiments

The relationship between PPL and psychometric
predictive power is investigated. Furthermore, the
relationship is analyzed with respect to the training
conÞgures of LMs (e.g., the number of parameter
updates). Then, we discuss the results from the per-
spective of the uniformity of information density.

4.1 Psychometric predictive power and PPL

Figure2 shows the relationship between PPL and
psychometric predictive power (i.e.,! LogLik) of
LMs in each of the languages. Each point cor-
responds to each LM, and a score on the Y-axis
indicates the psychometric predictive power of a

each story or article did not fit into a single
context window for the LMs, the second half
of the previous context window served as the
first half of a new context window to calculate
surprisal estimates for the remaining tokens. In
practice, most stories and articles fit completely
within two context windows for the GPT-2 mod-
els that have a context size of 1,024 tokens, and
within one context window for the GPT-Neo and
OPT models that have a context size of 2,048
tokens. Additionally, when a single wordwt was
tokenized into multiple subword tokens, nega-
tive log probabilities of subword tokens corre-
sponding towt were added together to calculate
S(wt ) = ! logP(wt | w1..t ! 1).

3.3 Regression Modeling

Subsequently, following the methods of Oh et al.
(2022), a ÔbaselineÕ LME model that contains
baseline predictors capturing low-level cognitive
processing and seventeen ÔfullÕ LME models that
contain the baseline predictors and each LM sur-
prisal predictor were fit to the exploratory set of
self-paced reading times and go-past durations
usinglme4 (Bates et al., 2015). The baseline pre-
dictors include word length measured in characters
and index of word position within each sentence
(both self-paced reading and eye-tracking), as well
as saccade length and whether or not the previous
word was fixated (eye-tracking only).

All predictors were centered and scaled prior
to model fitting, and the LME models included
by-subject random slopes for all fixed effects as
well as random intercepts for each subject and
each word type. Additionally, for self-paced read-
ing times collected from 181 subjects, a random
intercept for each subject-sentence interaction was
included. For eye-gaze durations collected from
a much smaller number of 10 subjects, a random
intercept for each sentence was included.

After the regression models were fit, the! LL
values were first calculated for each regression
model by subtracting the log-likelihood of the
baseline model from that of a full regression
model. Moreover, to examine the trend between
LM perplexity and predictive power of surprisal
estimates, the perplexity of each LM variant was
calcuated on the two corpora.

3.4 Results

The results in Figure 1 show that surprisal from
the smallest variant (i.e., GPT-2 Small, GPT-Neo

Figure 1: Perplexity measures from each LM variant,
and improvements in regression model log-likelihood
from including each surprisal estimate on the ex-
ploratory set of Natural Stories (top) and Dundee data
(bottom). Dotted lines indicate the least-squares re-
gression line for each LM family.

125M, and OPT 125M) made the biggest contri-
bution to regression model fit on both self-paced
reading times and eye-gaze durations for the
three LM families. More notably, surprisal esti-
mates from larger LM variants within each family
yielded strictly poorer fits to reading times, ro-
bustly replicating the trend observed by Oh et al.
(2022). Interestingly, the three LM families also
seem to demonstrate a strong log-linear relation-
ship between perplexity and! LL, as can be seen
by the least-squares regression lines. All regres-
sion lines had a slope significantly greater than 0
at p < 0.05 level according to a one-tailedt-test,
with the exception of the regression line for GPT-2
on Natural Stories (p = 0 .07). This trend is highly
significant overall by a binomial test (five results
with p < 0.05 out of six trials), and directly con-
tradicts the findings of recent studies that report a
negative correlation between LM perplexity and
predictive power of surprisal estimates.
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⾔語モデルを使って初めて測れる値で分析する

• シンプルな指標としてしばしばサプライザル ! "#$! %&'#() *+#,-./- 0 
が使われるが、もちろんそれに限らない

• エントロピー、レニーエントロピー、エントロピーリダクションなど、しばしば認
知モデリングで活⽤される

• 情報密度の分布
• ⼀様に分布する、周期的に波打っている等

• テキストコーパスのもつ情報と他モダリティ
（⾳韻など）の関係

• どれほど相補的か︖

• 情報理論的アプローチはとりわけCogSciで盛んか

Figure 1:Illustration of Harmonic Regression on Surprisal Contours. Surprisal contours, unit boundaries, and
Þrst-order sinusoids for the Þrst200tokens from a Wall Street Journal article (documentwsj_1111in the English
RST Discourse Bank). Time scaling (¤3.2) is applied according to the lengths of elementary discourse units (EDUs),
sentences, and paragraphs. Here, we set the coefÞcients of the sinusoids to1 for illustrative purposes. See Fig.3
and App.H.1 for realistic decompositions.

contextual units, its explanatory power weakens.
At a global level, the UID hypothesis has been

taken to imply that each linguistic unit contributes
a constant amount of information throughout a dis-
course, which corresponds to a fully rational use of
the communication channel (Genzel and Charniak,
2002). Empirical Þndings, however, show that
surprisal curves over discourse are rarely static (Xu
and Reitter, 2016; Giulianelli and Fern‡ndez, 2021;
Verma et al., 2023); instead, surprisal ßuctuates
within a bounded range; see also Fig.1. This
suggests the pressure for uniformity is counter-
balanced by competing functional constraints on
communication beyond grammaticality, which
become increasingly inßuential in longer stretches
of text and dialogue. Modulating surprisal within
discourse can indeed serve various functions, such
as adhering to aesthetic or stylistic conventions
(Lewis, 1894), maintaining listener engagement
and supporting comprehension (Cervantes and
Gainer, 1992) reducing the cognitive demands
of real-time production (Bergey and DeDeo,
2024), and enhancing task success in cooperative
interactions (Yee et al., 2024). The way in which
these global pressures shape the harmonic structure
of information contours is not yet well understood.

To Þll this gap, this paper introduces thehar-
monic surprisal (HS) hypothesis. We hypothesize
that surprisal contours can be globally described as
a mixture of periodic trends, and that the lengths of
the different periods align with structural units of
varying granularity. The HS hypothesis is a reÞne-
ment of the recently introducedstructured con-
text (SC) hypothesis (Tsipidi et al., 2024). Both
hypotheses posit that a unitÕs surprisal can be pre-
dicted from the unitÕs position within the contex-
tual structure. However, the HS hypothesis estab-
lishes a speciÞc relationship between position and

surprisal rateÑone that is governed by a periodic
function. To operationalize the HS hypothesis, we
propose a simple modiÞcation of harmonic regres-
sion. Harmonic regression is a variant of linear
regression that models dependent variables as a
combination of sinusoidal components; it offers
a convenient way of examining whether surprisal
contours exhibit periodic trends. Our modiÞcation
allows us to embed hypotheses about relevant con-
textual structures directly into the statistical model-
ing procedure. SpeciÞcally, scaling the sinusoidal
predictors by the length of a given structural unit,
we are able to test whether the periodic trends of
surprisal contours align with the boundaries of that
unit. In doing so, this approach enables us to un-
cover interpretable harmonic structures that reßect
the underlying contextual organization.

Building on Tsipidi et al.Õs (2024) Þndings,
we focus our analysis on sentences, paragraphs,
and elementary units of the rhetorical discourse
structure (Mann and Thompson, 1988). However,
the ßexibility of the proposed harmonic regression
approach also allows us to observe the role
of smaller units, whose inßuence on surprisal
ßuctuations is modeled by sinusoidal components
with higher frequencies. Our analyses on English,
Spanish, German, Dutch, Basque, and Brazilian
Portuguese texts provide consistent evidence for
periodicity in surprisal contours. This evidence
for periodicity is particularly pronounced when we
time-scale predictors to align with the boundaries
of elementary discourse units (EDUs), with
Þrst-order sinusoidsÑthose exactly corresponding
to the EDU spansÑhaving the highest amplitude.
Overall, our Þndings indicate that discourse struc-
ture inßuences surprisal dynamics in text, with
periodic patterns in surprisal contours emerging
in alignment with discourse structure constituents.

31637

!"#$%&'%()*
!"#$%

& &#' &#( &#) &#* + +#' +#(
,-./0!1/23451%

+,(*-*
!1/2%

.(),'/%&
!1/261788"98/%

0&-)12
!"#$%

34,' *4,55 6 7% 8/'4%(' 2%(9

:;/
<

$/
42

70
!=

>
%

&

+&?

@?

+)%:/&-&$-
!"#$%

;-5,'/<-
=)%:/&-&$-
!"#$%

A
B

C
;"

2C
/5

0D
;3

13
5-

20
E

/"
C

$;
/1

>())-&'#8%)7+,*'#$%&'-?' !('()-#$%&'-?'

@
%

&
A

$%
&

'-?
'(,

5#
8%

)7
#-

:B
-7

7/
&

1*
#

!/#
F

#G
0:

"1
C

,/B
C

%

C
/7

/)
-$

'/%
&

,5
#D

D
E

#!/#
F

#G
0H

A
I,%

>())-&'#=)%*%7/$#F-,'()-

G
('%

)-
1)

-*
*/

<
-#

D
D

E
#!

/#
F

#G
0J

K
,L

'%

C/7/)-$'/%&,5#$%&'-?'

M$C$"80
-4E3;."C-34N

,7D/103E08-4F$-1C-20
234C/BC000000000N

Figure 1: Illustration of our pipeline for estimating the mutual information between prosody and text. The pipeline
begins with the extraction of word-level prosodic features. For each type of linguistic contextW , we use a
corresponding language model to estimatep(P t | W ) by learning a mapping from model embeddings to the
prosodic feature. We further estimate the probability distribution of the prosodic featurep(P t ). We use these
probabilities to estimate the entropy and conditional entropy of the prosodic feature. Finally, employing the standard
decomposition of mutual information, we arrive at an estimate by utilizing the two computed entropies. See Sections
2-4 for further detail. a.u stands for arbitrary units when prosodic features arez-scored.

2019; Meylan and GrifÞths, 2021; Levshina, 2022;
Pimentel et al., 2023). Yet there is relatively little
work speciÞcally characterizing the high-level
statistical relationships between prosody and text.

In this study, we employ large language models
(LLMs) to estimate the uncertainty about prosody
given text, and further compute the mutual
information between prosody and text. We work
with a corpus of English audiobooks, align the
transcript to the speech signal, and extract for each
individual word a set of prosody-relevant acoustic
features, namely intensity, duration, pitch curves,
prominence (a composite measure of the intensity,
duration and pitchSuni et al.2017; Talman et al.
2019) as well as any pausal information that may
occur between words. We then Þnetune a variety
of powerful, openly available LLMs to predict
the prosodic cues aligned to each word (Figure8).
By relying on different LLMs to make these pre-
dictions Ñeither non-contextual,3 autoregressive,
or bidirectionalÑwe measure the redundancy

3As we explain later, these non-contextual models use
multi-layer perceptrons on top of non-contextualized word
embeddings.

between prosody, and either the current word,
its preceding context, or both its preceding and
following context, respectively. As an additional
contribution, we publicly release the code we de-
veloped to implement our data-processing pipeline.
This codeand the estimation tools we introduce
here are general enough to be applied to other
studies on prosody and text, as well as interactions
of other communication channels with text.

2 Redundancy as mutual information

Our objective is to estimate the redundancy be-
tween a text and its accompanying prosodic fea-
tures. As a Þrst step, we deÞne the notation we
will use in this section. Let! be an alphabet, a
Þnite, non-empty set of symbols. We will con-
sider atext to be a string, i.e., an element of! ! ,
and we will denote it asw. With W , we denote
a text-valued random variable. In the experimen-
tal section of this work, we will encounter text
that is either one word or several sentences total-
ing no more than 100 words. We further consider
prosody to be a real-valued vectorpt ! Rd, and
we denote a prosody-valued random variable asP t .

Tsipidi+, 25. The Harmonic Structure of Information 
Contours. ACL2025.

Wolf+, 23. Quantifying the redundancy between prosody and text. EMNLP 2023.
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Figure 5: Neural architecture for deÞning a distribution overat given representations of the stack (St ), output buffer (Tt ) and

history of actions (a<t ). Details of the composition architecture of the NP, the action history LSTM, and the other elements of the

stack are not shown. This architecture corresponds to the generator state at line 7 of Figure 4.

The Þrst vector read by the LSTM in both the for-
ward and reverse directions is an embedding of the
label on the constituent being constructed (in the Þg-
ure, NP). This is followed by the embeddings of the
child subtrees (or tokens) in forward or reverse or-
der. Intuitively, this order serves to ÒnotifyÓ each
LSTM what sort of head it should be looking for as it
processes the child node embeddings. The Þnal state
of the forward and reverse LSTMs are concatenated,
passed through an afÞne transformation and atanh
nonlinearity to become the subtree embedding.5 Be-
cause each of the child node embeddings (u, v , w in
Fig. 6) is computed similarly (if it corresponds to an
internal node), this composition function is a kind of
recursive neural network.

4.2 Word Generation

To reduce the size ofA G(S, T, n), word genera-
tion is broken into two parts. First, the decision to
generate is made (by predictingGEN as an action),
and then choosing the word, conditional on the cur-
rent parser state. To further reduce the computa-
tional complexity of modeling the generation of a
word, we use a class-factored softmax (Baltescu and
Blunsom, 2015; Goodman, 2001). By using

!
|! |

classes for a vocabulary of size|! |, this prediction

5We found the many previously proposed syntactic compo-
sition functions inadequate for our purposes. First, we must
contend with an unbounded number of children, and many
previously proposed functions are limited to binary branching
nodes (Socher et al., 2013b; Dyer et al., 2015). Second, those
that could deal withn-ary nodes made poor use of nonterminal
information (Tai et al., 2015), which is crucial for our task.

step runs in timeO(
!

|! |) rather than theO(|! |) of
the full-vocabulary softmax. To obtain clusters, we
use the greedy agglomerative clustering algorithm
of Brown et al. (1992).

4.3 Training

The parameters in the model are learned to maxi-
mize the likelihood of a corpus of trees.

4.4 Discriminative Parsing Model

A discriminative parsing model can be obtained by
replacing the embedding ofTt at each time step with
an embedding of the input bufferBt . To train this
model, the conditional likelihood of each sequence
of actions given the input string is maximized.6

5 Inference via Importance Sampling

Our generative modelp(x , y ) deÞnes a joint dis-
tribution on trees (y ) and sequences of words (x ).
To evaluate this as a language model, it is neces-
sary to compute the marginal probabilityp(x ) ="

y ! !Y (x ) p(x , y "). And, to evaluate the model as
a parser, we need to be able to Þnd the MAP parse
tree, i.e., the treey ! Y (x ) that maximizesp(x , y ).
However, because of the unbounded dependencies
across the sequence of parsing actions in our model,
exactly solving either of these inference problems
is intractable. To obtain estimates of these, we use

6For the discriminative parser, the POS tags are processed
similarly as in (Dyer et al., 2015); they are predicted for English
with the Stanford Tagger (Toutanova et al., 2003) and Chinese
with Marmot (Mueller et al., 2013).

v.s.

⾔語分析×A/Bテスト

• どのような⾔語モデルから得られる値で対象をうまく説明できるか︖
• ただの⾔語モデルから得られる単語確率 vs. 統語構造を考慮したモデル

（パーザ）から得られる単語確率
• ⼈間の予測処理はどれほど⽂法にバイアスを受けているか︖

• Self-attention機構は
認知的に妥当か︖
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lar comparison because the differences between
Transformers and RNNs are more fundamental
than among RNN types. All code used for the
training of the neural networks and the anal-
ysis is available athttps://github.com/
DannyMerkx/next_word_prediction

2 Background

2.1 Human Sentence Processing

Why are some words more difÞcult to process than
others? It has long been known that more pre-
dictable words are generally read faster and are
more likely to be skipped than less predictable
words (Ehrlich and Rayner, 1981). Predictabil-
ity has been formalised as surprisal, which can
be derived from LMs. Neural network LMs are
trained to predict the next word given all previous
words in the sequence. After training, the LM can
assign a probability to a word: it has an expecta-
tion of a wordw at positiont given the preced-
ing wordsw1, ..., wt! 1. The wordÕs surprisal then
equals! logP(wt |w1, ..., wt! 1).

Hale (2001) andLevy (2008) related surprisal
to human word processing effort in sentence com-
prehension. In psycholinguistics, reading times are
commonly taken as a measure of word process-
ing difÞculty, and the positive correlation between
reading time and surprisal has been Þrmly estab-
lished (Mitchell et al., 2010; Monsalve et al., 2012;
Smith and Levy, 2013). The N400, a brain poten-
tial peaking around 400 ms after stimulus onset
and associated with semantic incongruity (Kutas
and Hillyard, 1980), has been shown to correlate
with word surprisal in both EEG and MEG studies
(Frank et al., 2015; Wehbe et al., 2014).

In this paper, we compare RNN and Transformer-
based LMs on their ability to predict reading time
and N400 amplitude. Likewise,Aurnhammer and
Frank(2019) compared SRNs, LSTMs and GRUs
on human reading data from three psycholinguistic
experiments. Despite the GRU and LSTM gener-
ally outperforming the SRN on NLP tasks, they
found no difference in how well the modelsÕ sur-
prisal predicted self-paced reading, eye-tracking
and EEG data.

2.2 Comparing RNN and Transformer

According to (Levy, 2008), surprisal acts as a
Ôcausal bottleneckÕ in the comprehension process,
which implies that predictions of human processing
difÞculty only depend on the model architecture

Figure 1: Comparison of sequential information ßow
through the Transformer and RNN, trained on next-
word prediction.

through the estimated word probabilities. Here we
brießy highlight the difference in how RNNs and
Transformers process sequential information. The
activation ßow through the networks is represented
in Figure1.1

In an RNN, incoming information is immedi-
ately processed and represented as a hidden state.
The next token in the sequence is again immedi-
ately processed and combined with the previous
hidden state to form a new hidden state. Across
layers, each time-step only sees the corresponding
hidden state from the previous layer in addition
to the hidden state of the previous time-step, so
processing is immediate and incremental. Infor-
mation from previous time-steps is encoded in the
hidden state, which is limited in how much it can
encode so decay of previous time-steps is implicit
and difÞcult to avoid. In contrast, the TransformerÕs
attention layer allows each input to directly receive
information from all previous time-steps.2 This ba-
sically unlimited memory is a major conceptual dif-
ference with RNNs. Processing is not incremental
over time: Processing of wordwt is not dependent
on hidden statesH1 throughHt! 1 but on the unpro-
cessed inputsw1 throughwt! 1. Consequently, the
Transformer cannot use implicit order information,
rather, explicit order information is added to the
input.

However, a uni-directional Transformer can also
use implicit order information as long as it has
multiple layers. ConsiderH1,3 in the Þrst layer
which is based onw1, w2 andw3. Hidden state

1Note that the Þgure only shows how activation is propa-
gated through time and across layers, not how speciÞc architec-
tures compute the hidden states (seeElman(1990); Hochreiter
and Schmidhuber(1997); Cho et al.(2014); Vaswani et al.
(2017) for speciÞcs on the SRN, LSTM, GRU and Trans-
former, respectively).

2Language modelling is trivial if the model also receives
information from future time-steps, as is commonly allowed in
Transformers. Our Transformer is thus uni-directional, which
is achieved by applying a simple mask to the input.
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is achieved by applying a simple mask to the input.

v.s.

Danny Merkx, and Stefan L. Frank. 2021. “Human Sentence Processing: Recurrence or Attention?” CMCL2021.
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次なるモデルは︖

• ガーデンパス⽂のような統語的曖昧性の解消にかかる（再解析）コストを
⾔語モデルの予測だけでは説明できない

• 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.” 1(2)345$(6$7#,()8$439$:43;24;# .

• ⾃ら再解析する⾔語モデルはどうやったら作れるか︖
• サプライザルという指標が良くないだけで、⾔語モデルの内部的には再解析が起き

ていないか/起こせないか︖
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• Tatsuki Kuribayashi, Yohei Oseki, Souhaib Ben Taieb, Kentaro Inui, Timothy 
Baldwin. 2025. "Large Language Models Are Human-Like Internally.” TACL.

• ⾔語モデルのどの部分から得られる次単語予測で⼈間の読み活動をうまく説
明できるか︖

• ⾔語モデルは層が積み重なっているモデル

• ⾔語モデルの前半・後半層で⼈間の
異なる振る舞い・⽣理データと対応がとれやすい

• とりわけ、First pass gaze durationのような速い反応は
前半層、N400のような遅い反応は後半層

• 読み活動データの実時間スケールと
層⽅向の時間スケールが関係ありそう

with techniques from mechanistic interpretabil-
ity (Dar et al., 2023; Belrose et al., 2023; Wendler
et al., 2024), logit lens (nostalgebraist, 2020) or
dubbedearly exits(Kaya et al., 2019); we com-
pute next-word surprisals directly from internal
layers of LMs by projecting intermediate repre-
sentations into the output vocabulary space, by-
passing subsequent layers. We additionally re-
veal that surprisal from earlier layers Þts better
with fast human responses (Þrst-pass gaze dura-
tions and self-paced reading time), while surprisal
from later layers aligns more closely with slower
measures (N400 and MAZE task data) (Figure1).
This also resolves the previously suggestedbe-
haviorÐneurophysiology gapin LM-based cog-
nitive modeling: smaller LMs predict reading
behavior better (Oh and Schuler, 2023b), while
larger LMs excel in modeling neurophysiologi-
cal data (Schrimpf et al., 2021; Michaelov et al.,
2024a; Hosseini et al., 2024). We suggest that this
gap stems from the inconsistent treatment of inter-
nal layers (e.g., exclusive reliance on Þnal layers,
or inconsistent inclusion of intermediate layers). If
all the internal layers are focused on, even larger
LMs have human-like responses through the lens
of both behavioral and neurophysiological data.

Our exploration aligns with the common view
that different human measures, operating on
distinct timescales, reßect somewhat different
stages of sentence processing. For example,
fast responses, such as Þrst-pass gaze durations
(! 200ms), capture early-stage lexical process-
ing (Calvo and Meseguer, 2002), while slower
responses, such as N400 event-related potentials
(! 400ms), correspond to deeper semantic inte-
gration (Lau et al., 2008; Kutas and Federmeier,
2011; Nour Eddine et al., 2024). Analogously, in-
ternal layers of LLMs may encode these temporal
distinctions: earlier layers align with fast, shallow
processes, while later layers correspond to slower,
richer processes (Tenney et al., 2019).

In summary, our results suggest that larger LMs
provide superior cognitive plausibility in model-
ing both human behavior and neurophysiology
data internally. In other words, shallower, cogni-
tively plausible LMs are ÒnestedÓ within LLMs.
Broadly, these Þndings advocate the integration of
cognitive modeling and mechanistic interpretabil-
ity, encouraging a focus on layer-wise alignment
with human measures.
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Figure 1: Different measures of human sentence
processing align with surprisal from different lay-
ers of language models (LMs), and the best layer is
typically not the Þnal layer. In the bottom plot, for
example, gaze duration (blue dots) and EEG signal
(red dots) correlate with earlier and later layers of
LMs, respectively. Each dot corresponds to the Þt
of surprisal (y-axis) from a particular layer depth
(x-axis) to human data (ZuCO corpus).

2 Related work

2.1 Cognitive modeling and NLP

A key objective in linguistics is to understand
how humans process language (Crocker, 2007),
a goal that remains pertinent even in the era of
LLMs. According to perspectives outlined by
Marr (1982), information processing can be exam-
ined at three levels: (i) the computational level:
what is the goal of computation?; (ii) the algo-
rithmic level: how does the model achieve the
goal?; and (iii) the implementational level:how
is it physically implemented?. Humans can be
viewed as an information processing model, and
surprisal theory Ñ humans continuously predict
upcoming information during reading, with cogni-
tive load incurred by unpredictable information Ñ
(Hale, 2001; Levy, 2008; Smith and Levy, 2013)
has accumulated its empirical evidence (Smith and
Levy 2013; Frank et al.2015; Shain et al.2024; in-
ter alia).2 An orthogonal, algorithmic-level ques-

2Surprisal theory has also been critiqued (van Schijndel
and Linzen, 2021; Huang et al., 2024), particularly for its fail-



まとめ

• ⾔語モデルが⾔語研究にどのような⽰唆を与え得るか
• ⼈間の実験では実現できない概念実証や、ただコーパスを眺めるだけでは
測定困難な値を⽤いた分析が可能

• 獲得のアブレーション
• 情報理論的量のアノテーション

• ⾔語にコミットしない⼀般的な⽅法で、⾔語現象をどれほど説明できるか
• ⾔語の特殊性を明らかにしようとする（典型的な）⾔語学の試みとは、ある種逆側

から境界に迫っている

• 基本⽅針として、ある現象を再現できる⼗分条件を明らかにしていく
• そしてその条件について、⼈間との対応や⾔語特有さの観点から解釈していく


