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MBZUAI…?

• Mohamed bin Zayed University of Artificial Intelligence
• A newly-built university for AI fields (ML, CV, NLP, Robotics, HCI, CompBio…)

• Alex visited last month for 
Embodied AI Symposium

• I visited ETH last year

(CSRanking in NLP)

https://www.thenationalnews.com/news/uae/2025/09/26/sheikh-khaled-
attends-ceremony-giving-honorary-doctorate-to-openais-sam-altman/ 
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MBZUAI…?

• Mohamed bin Zayed University of Artificial Intelligence
• A newly-built university for AI fields (ML, CV, NLP, Robotics, HCI, CompBio…)

• Alex visited last month for 
Embodied AI Symposium

• I visited ETH last year

• Launched PALM (Processing and Acquisition of Language in Machines and Mind) Group🌴 
• Build a (geographically) new hub for computational linguistics

• Cognitive modeling and interpretability
• Eye tracker is going to be installed next year…!

• Typologically-diverse research
• Arabic, Japanese, sometimes impossible artificial language… to avoid making comp. psycholing. WEIRD

• Fully-funded MSc/PhD course. Admission deadline: 12/15
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My research topics

• Cognitive modeling
• Are larger language models cognitively plausible?

• Interpretability
• What information do LMs truly pay attention to?

• Linguistic typology and language acquisition
• What kind of language design is easy for LMs to learn?

• Collaborated with Alex as well!

• Past: Automated writing assistance

Lower Perplexity is Not Always Human-Like

Tatsuki Kuribayashi1,2, Yohei Oseki3,4, Takumi Ito1,2,
Ryo Yoshida3, Masayuki Asahara5, Kentaro Inui1,4

1Tohoku University 2Langsmith Inc. 3University of Tokyo 4RIKEN 5NINJAL
{kuribayashi, takumi.ito.c4, inui}@tohoku.ac.jp ,

{oseki, yoshiryo0617}@g.ecc.u-tokyo.ac.jp , masayu-a@ninjal.ac.jp

Abstract

In computational psycholinguistics, various
language models have been evaluated against
human reading behavior (e.g., eye movement)
to build human-like computational models.
However, most previous efforts have focused
almost exclusively on English, despite the re-
cent trend towards linguistic universal within
the general community. In order to fill the gap,
this paper investigates whether the established
results in computational psycholinguistics can
be generalized across languages. Specifically,
we re-examine an established generalization
—the lower perplexity a language model has,

the more human-like the language model is—
in Japanese with typologically different struc-
tures from English. Our experiments demon-
strate that this established generalization ex-
hibits a surprising lack of universality; namely,
lower perplexity is not always human-like.
Moreover, this discrepancy between English
and Japanese is further explored from the
perspective of (non-)uniform information den-
sity. Overall, our results suggest that a cross-
lingual evaluation will be necessary to con-
struct human-like computational models.

1 Introduction

It is well known that the probability of a word
in context (i.e., surprisal) impacts its processing
difficulty in incremental human language compre-
hension (Hale, 2001; Demberg and Keller, 2008;
Levy, 2008; Smith and Levy, 2013). Building
on this basis, researchers have compared a vari-
ety of language models (LMs) in terms of how well
their surprisal correlates with human reading be-
havior (Roark et al., 2009; Frank and Bod, 2011;
Fossum and Levy, 2012; Hale et al., 2018; Good-
kind and Bicknell, 2018; Aurnhammer and Frank,
2019; Merkx and Frank, 2020; Wilcox et al., 2020).
Such investigations could provide insights into the
development of a general computational model of

human language processing. For example, recent
studies reported that LMs with better performance
for next-word prediction could also better predict
the human reading behavior (i.e. more human-
like) (Fossum and Levy, 2012; Goodkind and Bick-
nell, 2018; Wilcox et al., 2020).

In this paper, we re-examine whether the re-
cent findings on human-like computational mod-
els can be generalized across languages. Despite
the community’s ongoing search for a language-
independent model (Bender, 2011), existing stud-
ies have focused almost exclusively on the English
language. Having said that, broad-coverage cross-
linguistic evaluation of the existing reports is pro-
hibitively difficult. In fact, data on human reading
behavior (e.g., eye movement) is available only in
limited languages. As an initial foray, this study
focuses on the Japanese language as a representa-
tive of languages that have typologically different
characteristics from the English language. If the ob-
servation is different between English and Japanese,
the current findings on English data might lack a
universality across languages.

We specifically revisit the recent report—the

lower perplexity a LM has, the more human-like the

LM is—in the English and Japanese languages (Fos-
sum and Levy, 2012; Goodkind and Bicknell, 2018;
Wilcox et al., 2020). In addition to the importance
of cross-linguistic evaluation, the report itself is
worth investigating. Recent studies in the machine
learning field have reported that more parameters,
training data, and computation cost can result in
better PPL (Kaplan et al., 2020; Brown et al., 2020).
Our investigation has implications for whether a
human-like model might exist beyond such im-
provements.

More concretely, over three dozens of LMs were
trained for each language, with variants in their ar-
chitecture, training data size, and the number of pa-
rameter updates. Then, the surprisals computed by
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Abstract
Language models (LMs) have been used in
cognitive modeling as well as engineering
studies—they compute information-theoretic
complexity metrics that simulate humans’ cog-
nitive load during reading. This study high-
lights a limitation of modern neural LMs as the
model of choice for this purpose: there is a dis-
crepancy between their context access capaci-
ties and that of humans. Our results showed
that constraining the LMs’ context access im-
proved their simulation of human reading be-
havior. We also showed that LM-human gaps
in context access were associated with specific
syntactic constructions; incorporating syntac-
tic biases into LMs’ context access might en-
hance their cognitive plausibility.1

1 Introduction
In computational psycholinguistics, human read-
ing behavior has been compared with various
complexity metrics to understand human sentence
processing (Crocker, 2007). Having historically
started from simple measures such as word length,
surprisal (� log p(word|context)) computed by
language models (LMs) has become a common
choice (Levy, 2008; Smith and Levy, 2013). On
top of this, the next question arises—which model
implementation and/or algorithm can compute sur-
prisal that successfully simulates human behavior?
In this line of research, modern neural LMs such
as Transformer (Vaswani et al., 2017) have been
analyzed with respect to their cognitive plausibil-
ity (Wilcox et al., 2020; Merkx and Frank, 2021;
Kuribayashi et al., 2021).

Despite their use in cognitive modeling, such
modern LM architectures (e.g., self-attention) are,
arguably, an unnatural choice when it comes to
human cognitive constraints; modern LM architec-
tures assume powerful, parallel access to a vast

1Our codes are available at � https://github.
com/kuribayashi4/context_limitation_cognitive_
modeling

Figure 1: Relationship between psychometric predic-
tive power (PPP) of language models (LMs) and their
context access constraints. LMs with less context ac-
cess better simulate human reading behavior (higher
PPP). The marker color/shape indicates LM settings;
colored areas present one standard deviation of PPP.

number of context tokens, while humans might
have limited and selective context access (Hawkins,
1994; Gibson, 1998, 2000; Lewis et al., 2006).
Searching for a computational model that better
simulates human sentence processing than previ-
ously examined ones, we hypothesized that intro-
ducing such context limitations can improve LMs’
estimation of human cognitive load.

Specifically, as a starting point, we applied an
n-gram-ification trick to neural LMs mimicking
loading for long context access (locality effects)
and compared their surprisal with human reading
behavior data. Despite the simple context limita-
tion design, our experiments with 280 settings (40
LM settings⇥7 noise patterns) showed that the ad-
vantage of a shorter context was consistent among
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Which Word Orders Facilitate Length Generalization in LMs?
An Investigation with GCG-Based Artificial Languages
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Abstract

Whether language models (LMs) have induc-
tive biases that favor typologically frequent
grammatical properties over rare, implausible
ones has been investigated, typically using ar-
tificial languages (ALs) (White and Cotterell,
2021; Kuribayashi et al., 2024). In this pa-
per, we extend these works from two perspec-
tives. First, we extend their context-free AL for-
malization by adopting Generalized Categorial
Grammar (GCG) (Wood, 2014), which allows
ALs to cover attested but previously overlooked
constructions, such as unbounded dependency
and mildly context-sensitive structures. Second,
our evaluation focuses more on the generaliza-
tion ability of LMs to process unseen longer
test sentences. Thus, our ALs better capture
features of natural languages and our experi-
mental paradigm leads to clearer conclusions —
typologically plausible word orders tend to be
easier for LMs to productively generalize.

1 Introduction

Attested natural languages (NLs) possess different
grammatical properties, such as different word or-
ders. This naturally raises a question about what
kind of language is easier for language models
(LMs) to learn (Cotterell et al., 2018; Mielke et al.,
2019; White and Cotterell, 2021; Borenstein et al.,
2024; Arnett and Bergen, 2025). This question
has even been extended to counterfactual, impossi-
ble languages (Mitchell and Bowers, 2020; Kallini
et al., 2024; Kuribayashi et al., 2024). Two related
additional questions are why are some combina-
tions of features typologically common and oth-
ers rare (Dryer and Haspelmath, 2013), and what
role if any can LMs play in exploring such ques-
tions (Chomsky et al., 2023).

To answer these questions, we need to under-
stand how we can adequately measure the inductive
bias of LMs over specific grammatical properties?

*Equal contribution.

There are at least two challenges from both data
and evaluation metric perspectives. On the data
side, NLs differ across a variety of dimensions, and
thus isolating a specific grammatical factor for eval-
uation is challenging with NL data (Mielke et al.,
2019). The use of artificial languages (ALs), in-
stead, is a promising direction to enable more con-
trolled experimental setups (White and Cotterell,
2021), but ALs are often highly simplified and lack
critical properties underlying NLs, such as context-
free Dyck languages. On the evaluation metric side,
LM performance is often measured with perplexity
(PPL) on the held-out dataset sampled from the
same distribution (domain) as the training data.1

An additional important aspect to be evaluated in
language learning is, however, the ability to produc-
tively generalize to longer sentences from shorter
stimuli, generally motivated by the argument of
“infinite use of finite means”.

In this paper, we advance this line of research
on both data and evaluation sides. For the data,
we introduce an extensible approach to defining
ALs, based on Generalized Categorial Grammars
(GCGs) (Wood, 2014). Our framework can support
the inclusion of mildly context-sensitive (indexed
language) constructions, such as cross-serial de-
pendencies, and a general approach to unbounded
filler-gap dependencies, while maintaining diverse
naturalistic constructions. We exemplify this by
extending the set of ALs in White and Cotterell
(2021) to include object relative clauses as one ex-
emplar of unbounded dependencies.

For the evaluation metric, we target the general-
ization of LMs from shorter exposures during train-
ing to a longer test set. That is, we train LMs on a
set of shorter AL sentences and then evaluate their
performance on the unseen, longer AL sentences.
We further introduce several evaluation perspec-

1We use the terms “in-domain” and “out-of-domain” just
based on the length of the dataset in this study, while these are
often relevant to more semantic differences of the data.
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Abstract
Attention is a key component of Transform-
ers, which have recently achieved consider-
able success in natural language processing.
Hence, attention is being extensively studied
to investigate various linguistic capabilities of
Transformers, focusing on analyzing the par-
allels between attention weights and specific
linguistic phenomena. This paper shows that
attention weights alone are only one of the
two factors that determine the output of atten-
tion and proposes a norm-based analysis that
incorporates the second factor, the norm of
the transformed input vectors. The findings
of our norm-based analyses of BERT and a
Transformer-based neural machine translation
system include the following: (i) contrary to
previous studies, BERT pays poor attention to
special tokens, and (ii) reasonable word align-
ment can be extracted from attention mecha-
nisms of Transformer. These findings provide
insights into the inner workings of Transform-
ers.

1 Introduction

Transformers (Vaswani et al., 2017; Devlin et al.,
2019; Yang et al., 2019; Liu et al., 2019; Lan et al.,
2020) have improved the state-of-the-art in a wide
range of natural language processing tasks. The
success of the models has not yet been sufficiently
explained; hence, substantial research has focused
on assessing the linguistic capabilities of these
models (Rogers et al., 2020; Clark et al., 2019).

One of the main features of Transformers is that
they utilize an attention mechanism without the
use of recurrent or convolutional layers. The atten-
tion mechanism computes an output vector by ac-
cumulating relevant information from a sequence
of input vectors. Specifically, it assigns attention
weights (i.e., relevance) to each input, and sums
up input vectors based on their weights. The anal-
ysis of correlations between attention weights and

various linguistic phenomena (i.e., weight-based

analysis) is a prominent research area (Clark et al.,
2019; Kovaleva et al., 2019; Reif et al., 2019; Lin
et al., 2019; Mareček and Rosa, 2019; Htut et al.,
2019; Raganato and Tiedemann, 2018; Tang et al.,
2018).

This paper first shows that weight-based analy-
sis is insufficient to analyze the attention mech-
anism. Weight-based analysis is a common ap-
proach to analyze the attention mechanism by
simply tracking attention weights. The attention
mechanism can be expressed as a weighted sum of
linearly transformed vectors (Section 2.2); how-
ever, the effect of transformed vectors in weight-
based analysis is ignored. We propose a norm-

based analysis that considers the previously ig-
nored factors (Section 3). In this analysis, we mea-
sure the norms (lengths) of the vectors that were
summed to compute the output vector of the atten-
tion mechanism.

Using the norm-based analysis of BERT (Sec-
tion 4), we interpreted the internal workings of
the model in more detail than when weight-based
analysis was used. For example, the weight-based
analysis (Clark et al., 2019; Kovaleva et al., 2019)
reports that specific tokens, such as periods, com-
mas, and special tokens (e.g., separator token;
[SEP]), tend to have high attention weights. How-
ever, our norm-based analysis found that the in-
formation collected from vectors corresponding to
special tokens was considerably lesser than that re-
ported in the weight-based analysis, and the large
attention weights of these vectors were canceled
by other factors. Additionally, we found that
BERT controlled the levels of contribution from
frequent, less informative words by controlling the
norms of their vectors.

In the analysis of a Transformer-based NMT
system (Section 5), we reinvestigated how accu-
rate word alignment can be extracted from the
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How to understand human language processing?

• Opening human brains and directly observing their language is not 
technically or ethically possible
• Reading behavior is an observable interaction between human and text

• Alternative approach will be analyzing brain signals (although they are sometimes noisy)

7

If you were to journey to the 
North of England, …

Assumption: 
Humans see the parts 
involved in their processing

Eye movement



LM-based cognitive modeling

• Cognitive modeling×LMs: human reading behavior is analyzed with 
various information-theoretic measures computed by LMs 
[Hale, 2016][Goodkind&Bicknell,2018][Oh&Shculer, 2022][Kuribayashi+,2024]…

• Proof-of-concept for expectation-based human sentence processing 
[Hale, 2001][Levy, 2008][Smith&Levy, 2013]

• ReadingTime(word|context)	~ − log! 𝑝(word|context)

How do people read?

CNN wants to change its viewers’ habits.
1 2 3 4 5 67 8

ACL2025 - Eye Tracking and NLP Tutorial 14

CNN wants to change its viewers’ habits.

Human reading behavior
(larger circle=took more time)

E.g., predictability of each word 
in context computed by an LM
(larger circle=highly unpredictable)

8Figures from https://acl2025-eyetracking-and-nlp.github.io/slides/Eye%20Tracking%20and%20NLP%20ACL%202025%20Tutorial%20no%20builds.pdf 
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• The more unpredictable a word is, the more cognitive loads humans have
• Next question: what kind of LMs compute more human-like expectation?

LM-based cognitive modeling

9

❗
If you were to journey to the 
North of England, …
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Tokens: 𝒘 = {𝑤!…𝑤"} Cognitive load: 𝒚	= {𝑦!…𝑦"}

Psychometric Predictive Power of Large Language Models
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Abstract

Instruction tuning aligns the response of large
language models (LLMs) with human prefer-
ences. Despite such efforts in human–LLM
alignment, we find that instruction tuning
does not always make LLMs human-like
from a cognitive modeling perspective. More
specifically, 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 reflecting a
particular linguistic hypothesis improve
psychometric predictive power, but are still
inferior to small base models. These findings
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 behavior—the less predictable a word is,
the greater the cognitive load (e.g., longer reading
time) humans exhibit—suggesting the expectation-
based account of human sentence processing (Levy,
2008; Smith and Levy, 2013). Based on this find-
ing, the field has further investigated which types
of models/algorithms can compute probabilities

Predict next-word 
with pure corpus statistics

Predict next-word 
with prompting: generate a 
sentence with simplest vocabulary.

Predict next-word
to be preferred by humans

If you

were
to
journey

to

the

North

of

England,

Re
ad

in
g 

tim
e

Su
rp

ris
al

Base LLM (§3.1)

Which LLM can
better simulate 
human reading 
behavior? 

Instruction-tuned (IT) LLM (§3.2)

IT-LLM w/ prompting (§4)

?

Su
rp

ris
al

Su
rp

ris
al

Metalinguistic prompting: 
which word in the sentence will 
have a high processing cost? IT-LLM 

w/ metalinguistic prompting (§5)

Pr
ed

.

Human

Figure 1: Comparing the “reading behavior” 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-
ure 1; Hale (2001); Goodkind and Bicknell (2018);
Wilcox et al. (2020); Oh et al. (2021); Kuribayashi
et al. (2022); inter alia).

In the field 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-

tuned LLMs (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
yes since these are tuned to human-preferred re-
sponses (Zhang et al., 2023), which will be, broadly
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Results
Results for first-pass durations7 are presented in this article; 
the other two sets of results can be found in the Supplemental 
Material available online. Figure 2 shows each model’s lin-
guistic accuracy plotted against its psychological accuracy. 
Each set of surprisal estimates contributes significantly, all 
χ2s(1, N = 191,380) > 12.8; p < .0004, and in the correct (i.e., 
positive) direction to the regression model’s fit to first-pass 
reading times.

The PSG models were able to reach higher levels of lin-
guistic accuracy than Markov models and ESNs were.8 More-
over, there was a clear relation between the PSG models’ 
linguistic and psychological accuracies: More accurate models 
of the language also predicted the reading times more accu-
rately. The same relation seems to hold, albeit not as strongly, 
for the sequential-structure models. A comparison between 
model types, however, showed that, at similar levels of lin-
guistic accuracy, the ESNs had higher psychological accuracy 
than did the PSG models. The psychological accuracy of  
Markov models is either above or equal to that of PSG models 
with similar linguistic accuracy.

ESNs formed more accurate psychological models than 
PSGs did; however, this does not mean that hierarchical struc-
ture lacks the ability to account for any unique variance in 
reading time. To investigate whether hierarchical structure had 
additional explanatory value, we compared the ESN and PSG 
that showed highest psychological accuracy (i.e., the 400-unit 

ESN and Level 3 PSG-s) by taking the regression model that 
includes either the PSG model’s or the ESN’s surprisal esti-
mates and adding the surprisal estimates generated by the 
other language model. The resulting decreases in deviance 
revealed that the PSG model’s estimates did not significantly 
contribute to the estimates made by the ESN, χ2(1, N = 
191,380) = 0.95; p > .3, whereas the ESN-based surprisals do 
have predictive value over and above the PSG model’s, χ2(1,
N = 191,380) = 7.56; p < .006. This shows that the PSG does 
not explain variance in reading-time data over and above what 
is already accounted for by the ESN. Consistent results were 
obtained using the two alternative reading-time measures (see 
the Supplemental Material for details).

Discussion
The best-performing PSG models were more linguistically 
accurate than Markov models and ESNs were. Nevertheless, 
having access to hierarchical phrase structure did not always 
make PSG models psychologically more accurate than models 
that use only sequential structure. On the contrary, ESNs, which 
do not adopt hierarchical structure, estimated surprisal values 
that fit the reading times better than PSG models did. This find-
ing suggests that human sentence processing relies more on 
sequential than on hierarchical structure, at least insofar as is 
relevant for generating expectations about upcoming material. 
It should be kept in mind, however, that language models (and 
in particular hierarchical ones) come in many more varieties 
than the selection we have studied here. It remains to be investi-
gated whether the current results generalize to a wider set of 
sequential and hierarchical language models.

Nonadjacent dependencies are ubiquitous in language and 
many appear in the Dundee corpus. The sentence displayed in 
Figure 1 is an example: The plural verb “are” is dependent on 
the plural noun “wonders” and not on the adjacent singular 
noun “broadband.” PSG models are particularly good at deal-
ing with such nonadjacent, long-term dependencies within 
sentences (Chomsky, 1957; Manning & Schütze, 1999) but do 
not directly store word or POS sequences. In contrast, Markov 
models and ESNs do retain information about frequencies of 
sequences, but have difficulties with long-term dependencies. 
Possibly, people behave more like ESNs than like PSGs in this 
respect. Indeed, experimental evidence has provided at least 
five indications of this possibility: Frequent multiword 
sequences are stored as wholes by both children (Bannard & 
Matthews, 2008) and adults (Arnon & Snider, 2010), more fre-
quent word sequences are read faster than less frequent ones 
(Tremblay, Derwing, Libben, & Westbury, 2011), locally 
coherent structure can interfere with long-term dependencies 
(Tabor, Galantucci, & Richardson, 2004), sensitivity to 
sequential structure is correlated with sensitivity to word pre-
dictability (Conway, Bauernschmidt, Huang, & Pisoni, 2010), 
and subject-verb number-agreement errors in sentence pro-
duction depend on the sentence’s sequential rather than hierar-
chical structure (Gillespie & Pearlmutter, 2011).
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Fig. 2. Results for first-pass reading times: psychological accuracy plotted 
against linguistic accuracy. Psychological accuracy was defined as the decrease 
in deviance that resulted from including one set of surprisal estimates in the 
regression, and linguistic accuracy was defined as the negative of the average 
surprisal. Results are plotted for phrase-structure-grammar (PSG) models, 
Markov models, and echo state networks. PSG models were constructed 
using only ancestor information (an, where n indicates the number of levels 
up in the parse tree from which conditioning information was obtained) or 
taking also the ancestors’ left siblings into account (sn). Markov models of 
order n were created with additive smoothing (mn), Simple Good-Turing 
smoothing (gn), or Witten-Bell smoothing (wn). Echo state networks (en) had 
100n hidden units.

 at MASSACHUSETTS INST OF TECH on October 25, 2011pss.sagepub.comDownloaded from 

[Frank&Bob, 2011]

Figure1:Improvementsinloglikelihoodforlin-
earmodels,chartedagainstdecreasesinperplex-
ity.Distancefromthecentraltrendlineisindica-
tiveoflargerdeparturesinloglikelihoodasafunc-
tionofperplexity.Thebluelinerepresentsalinear
bestfit,withacoefficientof�1.66andR2=0.94

qualitylanguagemodelscannotbetrustedtoac-
curatelyestimatethesizeoftheeffectofsurprisal
onreadingtimes.

3.2Resultsanddiscussion

3.2.1LogLikelihood

AsshowninFigure1andTable2,thereisamono-
toniceffectoflanguagemodelqualityonpredic-
tivepower.Betterlanguagemodels(lowerper-
plexity)yieldsurprisalvaluesthatbetterpredict
readingtimes,asseenbyincreased�LogLik.In-
deed,Figure1showsastrikinglystrongrelation-
shipbetweenalanguagemodel’slinguisticqual-
ity(measuredbyperplexity)andtheabilityofsur-
prisalvaluesderivedfromthatmodeltopredict
readingtimes(measuredby�LogLik).Thesetwo
valueshaveanR2of0.94.

However,thereisonerelativelycleardepar-
turefromthistightlinearrelationship.Namely,
thelargedecreaseintheperplexitygoingfromthe
5-grammodeltotheLSTMisnotreflectedina
largejumpin�LogLik.Putanotherway,although
thereisaclearsystematicrelationshipbetween
languagemodellinguisticqualityand�LogLik,
thereisalsosomeevidenceforeffectsoflanguage
modeltype,suchthattheLSTMislessusefulfor
predictingreadingtimesthanwouldbeexpected
givenitsperplexity.

Figure2:Changesinthecurrentword’scoefficient
forlinearmodels,chartedagainstincreasesinper-
plexity.Distancesfromthecentraltrendlineare
indicativeoflargerdeparturesofthecurrentword
coefficientfromtheexpectedtrend.Regardlessof
perplexity,thecoefficientisstable.Theblueline
representsalinearbestfit,withacoefficientof
�2.79andR2=0.007.

3.2.2CurrentWord
Theeffectsoftwowords’surprisalwasincorpo-
ratedintotheGAMs:thesurprisalofthecurrent
wordandthesurprisalofthepreviousword.De-
spitethedifferentmodels’verydifferentperplex-
ities,thesizeoftheeffectsofsurprisalwerees-
timatedverystablyacrosslanguagemodels.As
seeninFigure2,allmodelshadsurprisalcoef-
ficientsaround3(althoughtheLSTMmodelis
againsomewhatofalowoutlier).Thereisnoclear
relationshipbetweenthecoefficientsforthesur-
prisalofthecurrentwordandlanguagemodel
quality,withboththebestmodel(optimalinter-
polation)andtheworstmodel(bigrams)havinga
valueof3.04.

3.2.3PreviousWord
Similartotheresultsaboveforthecurrentword,
thepreviousword’ssurprisalalsohadaninconsis-
tenteffectacrossmodels.Inotherwords,thecoef-
ficientforthepreviousword’ssurprisal(seeTable
2)borenoclearrelationshipwithrelativeimprove-
mentsinlanguagemodelperplexity.

4Non-lineareffectsofsurprisal

Inadditiontotheprevioussetofanalysesanalyz-
ingthepredictivepoweroflineareffectsofsur-
prisalonreadingtimes,weconductedanotherset
ofanalysesallowingfornon-lineareffectsofsur-

14

10

LM-human 
correlations

[Goodkind&Bicknell, 
2018]

Positive scaling?



Are LMs approaching to human sentence processing model?
 --- scaling law in cognitive modeling

Scaling up neural LMs

Kuribayashi+21, 
ACL Kuribayashi+22, 

EMNLP
Kuribayashi+24, 
NAACL

Why? 1

Why? 2

We pointed out this 
twist first!

832  Frank, Bod 

Results
Results for first-pass durations7 are presented in this article; 
the other two sets of results can be found in the Supplemental 
Material available online. Figure 2 shows each model’s lin-
guistic accuracy plotted against its psychological accuracy. 
Each set of surprisal estimates contributes significantly, all 
χ2s(1, N = 191,380) > 12.8; p < .0004, and in the correct (i.e., 
positive) direction to the regression model’s fit to first-pass 
reading times.

The PSG models were able to reach higher levels of lin-
guistic accuracy than Markov models and ESNs were.8 More-
over, there was a clear relation between the PSG models’ 
linguistic and psychological accuracies: More accurate models 
of the language also predicted the reading times more accu-
rately. The same relation seems to hold, albeit not as strongly, 
for the sequential-structure models. A comparison between 
model types, however, showed that, at similar levels of lin-
guistic accuracy, the ESNs had higher psychological accuracy 
than did the PSG models. The psychological accuracy of  
Markov models is either above or equal to that of PSG models 
with similar linguistic accuracy.

ESNs formed more accurate psychological models than 
PSGs did; however, this does not mean that hierarchical struc-
ture lacks the ability to account for any unique variance in 
reading time. To investigate whether hierarchical structure had 
additional explanatory value, we compared the ESN and PSG 
that showed highest psychological accuracy (i.e., the 400-unit 

ESN and Level 3 PSG-s) by taking the regression model that 
includes either the PSG model’s or the ESN’s surprisal esti-
mates and adding the surprisal estimates generated by the 
other language model. The resulting decreases in deviance 
revealed that the PSG model’s estimates did not significantly 
contribute to the estimates made by the ESN, χ2(1, N = 
191,380) = 0.95; p > .3, whereas the ESN-based surprisals do 
have predictive value over and above the PSG model’s, χ2(1,
N = 191,380) = 7.56; p < .006. This shows that the PSG does 
not explain variance in reading-time data over and above what 
is already accounted for by the ESN. Consistent results were 
obtained using the two alternative reading-time measures (see 
the Supplemental Material for details).

Discussion
The best-performing PSG models were more linguistically 
accurate than Markov models and ESNs were. Nevertheless, 
having access to hierarchical phrase structure did not always 
make PSG models psychologically more accurate than models 
that use only sequential structure. On the contrary, ESNs, which 
do not adopt hierarchical structure, estimated surprisal values 
that fit the reading times better than PSG models did. This find-
ing suggests that human sentence processing relies more on 
sequential than on hierarchical structure, at least insofar as is 
relevant for generating expectations about upcoming material. 
It should be kept in mind, however, that language models (and 
in particular hierarchical ones) come in many more varieties 
than the selection we have studied here. It remains to be investi-
gated whether the current results generalize to a wider set of 
sequential and hierarchical language models.

Nonadjacent dependencies are ubiquitous in language and 
many appear in the Dundee corpus. The sentence displayed in 
Figure 1 is an example: The plural verb “are” is dependent on 
the plural noun “wonders” and not on the adjacent singular 
noun “broadband.” PSG models are particularly good at deal-
ing with such nonadjacent, long-term dependencies within 
sentences (Chomsky, 1957; Manning & Schütze, 1999) but do 
not directly store word or POS sequences. In contrast, Markov 
models and ESNs do retain information about frequencies of 
sequences, but have difficulties with long-term dependencies. 
Possibly, people behave more like ESNs than like PSGs in this 
respect. Indeed, experimental evidence has provided at least 
five indications of this possibility: Frequent multiword 
sequences are stored as wholes by both children (Bannard & 
Matthews, 2008) and adults (Arnon & Snider, 2010), more fre-
quent word sequences are read faster than less frequent ones 
(Tremblay, Derwing, Libben, & Westbury, 2011), locally 
coherent structure can interfere with long-term dependencies 
(Tabor, Galantucci, & Richardson, 2004), sensitivity to 
sequential structure is correlated with sensitivity to word pre-
dictability (Conway, Bauernschmidt, Huang, & Pisoni, 2010), 
and subject-verb number-agreement errors in sentence pro-
duction depend on the sentence’s sequential rather than hierar-
chical structure (Gillespie & Pearlmutter, 2011).

−2.6 −2.5 −2.4 −2.3 −2.2
10

20

30

40

50

60

Linguistic Accuracy

Ps
yc

ho
lo

gi
ca

l A
cc

ur
ac

y

a1

a2

a3

a4

s1

s2
s3s4

m1 m2

m3

g2

g3

w2
w3

e1

e2 e3

e4

e5
e6

Fig. 2. Results for first-pass reading times: psychological accuracy plotted 
against linguistic accuracy. Psychological accuracy was defined as the decrease 
in deviance that resulted from including one set of surprisal estimates in the 
regression, and linguistic accuracy was defined as the negative of the average 
surprisal. Results are plotted for phrase-structure-grammar (PSG) models, 
Markov models, and echo state networks. PSG models were constructed 
using only ancestor information (an, where n indicates the number of levels 
up in the parse tree from which conditioning information was obtained) or 
taking also the ancestors’ left siblings into account (sn). Markov models of 
order n were created with additive smoothing (mn), Simple Good-Turing 
smoothing (gn), or Witten-Bell smoothing (wn). Echo state networks (en) had 
100n hidden units.

 at MASSACHUSETTS INST OF TECH on October 25, 2011pss.sagepub.comDownloaded from 

[Frank&Bob, 2011]

Figure1:Improvementsinloglikelihoodforlin-
earmodels,chartedagainstdecreasesinperplex-
ity.Distancefromthecentraltrendlineisindica-
tiveoflargerdeparturesinloglikelihoodasafunc-
tionofperplexity.Thebluelinerepresentsalinear
bestfit,withacoefficientof�1.66andR2=0.94

qualitylanguagemodelscannotbetrustedtoac-
curatelyestimatethesizeoftheeffectofsurprisal
onreadingtimes.

3.2Resultsanddiscussion

3.2.1LogLikelihood

AsshowninFigure1andTable2,thereisamono-
toniceffectoflanguagemodelqualityonpredic-
tivepower.Betterlanguagemodels(lowerper-
plexity)yieldsurprisalvaluesthatbetterpredict
readingtimes,asseenbyincreased�LogLik.In-
deed,Figure1showsastrikinglystrongrelation-
shipbetweenalanguagemodel’slinguisticqual-
ity(measuredbyperplexity)andtheabilityofsur-
prisalvaluesderivedfromthatmodeltopredict
readingtimes(measuredby�LogLik).Thesetwo
valueshaveanR2of0.94.

However,thereisonerelativelycleardepar-
turefromthistightlinearrelationship.Namely,
thelargedecreaseintheperplexitygoingfromthe
5-grammodeltotheLSTMisnotreflectedina
largejumpin�LogLik.Putanotherway,although
thereisaclearsystematicrelationshipbetween
languagemodellinguisticqualityand�LogLik,
thereisalsosomeevidenceforeffectsoflanguage
modeltype,suchthattheLSTMislessusefulfor
predictingreadingtimesthanwouldbeexpected
givenitsperplexity.

Figure2:Changesinthecurrentword’scoefficient
forlinearmodels,chartedagainstincreasesinper-
plexity.Distancesfromthecentraltrendlineare
indicativeoflargerdeparturesofthecurrentword
coefficientfromtheexpectedtrend.Regardlessof
perplexity,thecoefficientisstable.Theblueline
representsalinearbestfit,withacoefficientof
�2.79andR2=0.007.

3.2.2CurrentWord
Theeffectsoftwowords’surprisalwasincorpo-
ratedintotheGAMs:thesurprisalofthecurrent
wordandthesurprisalofthepreviousword.De-
spitethedifferentmodels’verydifferentperplex-
ities,thesizeoftheeffectsofsurprisalwerees-
timatedverystablyacrosslanguagemodels.As
seeninFigure2,allmodelshadsurprisalcoef-
ficientsaround3(althoughtheLSTMmodelis
againsomewhatofalowoutlier).Thereisnoclear
relationshipbetweenthecoefficientsforthesur-
prisalofthecurrentwordandlanguagemodel
quality,withboththebestmodel(optimalinter-
polation)andtheworstmodel(bigrams)havinga
valueof3.04.

3.2.3PreviousWord
Similartotheresultsaboveforthecurrentword,
thepreviousword’ssurprisalalsohadaninconsis-
tenteffectacrossmodels.Inotherwords,thecoef-
ficientforthepreviousword’ssurprisal(seeTable
2)borenoclearrelationshipwithrelativeimprove-
mentsinlanguagemodelperplexity.

4Non-lineareffectsofsurprisal

Inadditiontotheprevioussetofanalysesanalyz-
ingthepredictivepoweroflineareffectsofsur-
prisalonreadingtimes,weconductedanotherset
ofanalysesallowingfornon-lineareffectsofsur-
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eachstoryorarticledidnotfitintoasingle
contextwindowfortheLMs,thesecondhalf
ofthepreviouscontextwindowservedasthe
firsthalfofanewcontextwindowtocalculate
surprisalestimatesfortheremainingtokens.In
practice,moststoriesandarticlesfitcompletely
withintwocontextwindowsfortheGPT-2mod-
elsthathaveacontextsizeof1,024tokens,and
withinonecontextwindowfortheGPT-Neoand
OPTmodelsthathaveacontextsizeof2,048
tokens.Additionally,whenasinglewordwtwas
tokenizedintomultiplesubwordtokens,nega-
tivelogprobabilitiesofsubwordtokenscorre-
spondingtowtwereaddedtogethertocalculate
S(wt)=−logP(wt|w1..t−1).

3.3RegressionModeling
Subsequently,followingthemethodsofOhetal.
(2022),a‘baseline’LMEmodelthatcontains
baselinepredictorscapturinglow-levelcognitive
processingandseventeen‘full’LMEmodelsthat
containthebaselinepredictorsandeachLMsur-
prisalpredictorwerefittotheexploratorysetof
self-pacedreadingtimesandgo-pastdurations
usinglme4(Batesetal.,2015).Thebaselinepre-
dictorsincludewordlengthmeasuredincharacters
andindexofwordpositionwithineachsentence
(bothself-pacedreadingandeye-tracking),aswell
assaccadelengthandwhetherornottheprevious
wordwasfixated(eye-trackingonly).

Allpredictorswerecenteredandscaledprior
tomodelfitting,andtheLMEmodelsincluded
by-subjectrandomslopesforallfixedeffectsas
wellasrandominterceptsforeachsubjectand
eachwordtype.Additionally,forself-pacedread-
ingtimescollectedfrom181subjects,arandom
interceptforeachsubject-sentenceinteractionwas
included.Foreye-gazedurationscollectedfrom
amuchsmallernumberof10subjects,arandom
interceptforeachsentencewasincluded.

Aftertheregressionmodelswerefit,the∆LL
valueswerefirstcalculatedforeachregression
modelbysubtractingthelog-likelihoodofthe
baselinemodelfromthatofafullregression
model.Moreover,toexaminethetrendbetween
LMperplexityandpredictivepowerofsurprisal
estimates,theperplexityofeachLMvariantwas
calcuatedonthetwocorpora.

3.4Results
TheresultsinFigure1showthatsurprisalfrom
thesmallestvariant(i.e.,GPT-2Small,GPT-Neo

Figure1:PerplexitymeasuresfromeachLMvariant,
andimprovementsinregressionmodellog-likelihood
fromincludingeachsurprisalestimateontheex-
ploratorysetofNaturalStories(top)andDundeedata
(bottom).Dottedlinesindicatetheleast-squaresre-
gressionlineforeachLMfamily.

125M,andOPT125M)madethebiggestcontri-
butiontoregressionmodelfitonbothself-paced
readingtimesandeye-gazedurationsforthe
threeLMfamilies.Morenotably,surprisalesti-
matesfromlargerLMvariantswithineachfamily
yieldedstrictlypoorerfitstoreadingtimes,ro-
bustlyreplicatingthetrendobservedbyOhetal.
(2022).Interestingly,thethreeLMfamiliesalso
seemtodemonstrateastronglog-linearrelation-
shipbetweenperplexityand∆LL,ascanbeseen
bytheleast-squaresregressionlines.Allregres-
sionlineshadaslopesignificantlygreaterthan0
atp<0.05levelaccordingtoaone-tailedt-test,
withtheexceptionoftheregressionlineforGPT-2
onNaturalStories(p=0.07).Thistrendishighly
significantoverallbyabinomialtest(fiveresults
withp<0.05outofsixtrials),anddirectlycon-
tradictsthefindingsofrecentstudiesthatreporta
negativecorrelationbetweenLMperplexityand
predictivepowerofsurprisalestimates.
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Results
Results for first-pass durations7 are presented in this article; 
the other two sets of results can be found in the Supplemental 
Material available online. Figure 2 shows each model’s lin-
guistic accuracy plotted against its psychological accuracy. 
Each set of surprisal estimates contributes significantly, all 
χ2s(1, N = 191,380) > 12.8; p < .0004, and in the correct (i.e., 
positive) direction to the regression model’s fit to first-pass 
reading times.

The PSG models were able to reach higher levels of lin-
guistic accuracy than Markov models and ESNs were.8 More-
over, there was a clear relation between the PSG models’ 
linguistic and psychological accuracies: More accurate models 
of the language also predicted the reading times more accu-
rately. The same relation seems to hold, albeit not as strongly, 
for the sequential-structure models. A comparison between 
model types, however, showed that, at similar levels of lin-
guistic accuracy, the ESNs had higher psychological accuracy 
than did the PSG models. The psychological accuracy of  
Markov models is either above or equal to that of PSG models 
with similar linguistic accuracy.

ESNs formed more accurate psychological models than 
PSGs did; however, this does not mean that hierarchical struc-
ture lacks the ability to account for any unique variance in 
reading time. To investigate whether hierarchical structure had 
additional explanatory value, we compared the ESN and PSG 
that showed highest psychological accuracy (i.e., the 400-unit 

ESN and Level 3 PSG-s) by taking the regression model that 
includes either the PSG model’s or the ESN’s surprisal esti-
mates and adding the surprisal estimates generated by the 
other language model. The resulting decreases in deviance 
revealed that the PSG model’s estimates did not significantly 
contribute to the estimates made by the ESN, χ2(1, N = 
191,380) = 0.95; p > .3, whereas the ESN-based surprisals do 
have predictive value over and above the PSG model’s, χ2(1,
N = 191,380) = 7.56; p < .006. This shows that the PSG does 
not explain variance in reading-time data over and above what 
is already accounted for by the ESN. Consistent results were 
obtained using the two alternative reading-time measures (see 
the Supplemental Material for details).

Discussion
The best-performing PSG models were more linguistically 
accurate than Markov models and ESNs were. Nevertheless, 
having access to hierarchical phrase structure did not always 
make PSG models psychologically more accurate than models 
that use only sequential structure. On the contrary, ESNs, which 
do not adopt hierarchical structure, estimated surprisal values 
that fit the reading times better than PSG models did. This find-
ing suggests that human sentence processing relies more on 
sequential than on hierarchical structure, at least insofar as is 
relevant for generating expectations about upcoming material. 
It should be kept in mind, however, that language models (and 
in particular hierarchical ones) come in many more varieties 
than the selection we have studied here. It remains to be investi-
gated whether the current results generalize to a wider set of 
sequential and hierarchical language models.

Nonadjacent dependencies are ubiquitous in language and 
many appear in the Dundee corpus. The sentence displayed in 
Figure 1 is an example: The plural verb “are” is dependent on 
the plural noun “wonders” and not on the adjacent singular 
noun “broadband.” PSG models are particularly good at deal-
ing with such nonadjacent, long-term dependencies within 
sentences (Chomsky, 1957; Manning & Schütze, 1999) but do 
not directly store word or POS sequences. In contrast, Markov 
models and ESNs do retain information about frequencies of 
sequences, but have difficulties with long-term dependencies. 
Possibly, people behave more like ESNs than like PSGs in this 
respect. Indeed, experimental evidence has provided at least 
five indications of this possibility: Frequent multiword 
sequences are stored as wholes by both children (Bannard & 
Matthews, 2008) and adults (Arnon & Snider, 2010), more fre-
quent word sequences are read faster than less frequent ones 
(Tremblay, Derwing, Libben, & Westbury, 2011), locally 
coherent structure can interfere with long-term dependencies 
(Tabor, Galantucci, & Richardson, 2004), sensitivity to 
sequential structure is correlated with sensitivity to word pre-
dictability (Conway, Bauernschmidt, Huang, & Pisoni, 2010), 
and subject-verb number-agreement errors in sentence pro-
duction depend on the sentence’s sequential rather than hierar-
chical structure (Gillespie & Pearlmutter, 2011).
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Fig. 2. Results for first-pass reading times: psychological accuracy plotted 
against linguistic accuracy. Psychological accuracy was defined as the decrease 
in deviance that resulted from including one set of surprisal estimates in the 
regression, and linguistic accuracy was defined as the negative of the average 
surprisal. Results are plotted for phrase-structure-grammar (PSG) models, 
Markov models, and echo state networks. PSG models were constructed 
using only ancestor information (an, where n indicates the number of levels 
up in the parse tree from which conditioning information was obtained) or 
taking also the ancestors’ left siblings into account (sn). Markov models of 
order n were created with additive smoothing (mn), Simple Good-Turing 
smoothing (gn), or Witten-Bell smoothing (wn). Echo state networks (en) had 
100n hidden units.
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Figure1:Improvementsinloglikelihoodforlin-
earmodels,chartedagainstdecreasesinperplex-
ity.Distancefromthecentraltrendlineisindica-
tiveoflargerdeparturesinloglikelihoodasafunc-
tionofperplexity.Thebluelinerepresentsalinear
bestfit,withacoefficientof�1.66andR2=0.94

qualitylanguagemodelscannotbetrustedtoac-
curatelyestimatethesizeoftheeffectofsurprisal
onreadingtimes.

3.2Resultsanddiscussion

3.2.1LogLikelihood

AsshowninFigure1andTable2,thereisamono-
toniceffectoflanguagemodelqualityonpredic-
tivepower.Betterlanguagemodels(lowerper-
plexity)yieldsurprisalvaluesthatbetterpredict
readingtimes,asseenbyincreased�LogLik.In-
deed,Figure1showsastrikinglystrongrelation-
shipbetweenalanguagemodel’slinguisticqual-
ity(measuredbyperplexity)andtheabilityofsur-
prisalvaluesderivedfromthatmodeltopredict
readingtimes(measuredby�LogLik).Thesetwo
valueshaveanR2of0.94.

However,thereisonerelativelycleardepar-
turefromthistightlinearrelationship.Namely,
thelargedecreaseintheperplexitygoingfromthe
5-grammodeltotheLSTMisnotreflectedina
largejumpin�LogLik.Putanotherway,although
thereisaclearsystematicrelationshipbetween
languagemodellinguisticqualityand�LogLik,
thereisalsosomeevidenceforeffectsoflanguage
modeltype,suchthattheLSTMislessusefulfor
predictingreadingtimesthanwouldbeexpected
givenitsperplexity.

Figure2:Changesinthecurrentword’scoefficient
forlinearmodels,chartedagainstincreasesinper-
plexity.Distancesfromthecentraltrendlineare
indicativeoflargerdeparturesofthecurrentword
coefficientfromtheexpectedtrend.Regardlessof
perplexity,thecoefficientisstable.Theblueline
representsalinearbestfit,withacoefficientof
�2.79andR2=0.007.

3.2.2CurrentWord
Theeffectsoftwowords’surprisalwasincorpo-
ratedintotheGAMs:thesurprisalofthecurrent
wordandthesurprisalofthepreviousword.De-
spitethedifferentmodels’verydifferentperplex-
ities,thesizeoftheeffectsofsurprisalwerees-
timatedverystablyacrosslanguagemodels.As
seeninFigure2,allmodelshadsurprisalcoef-
ficientsaround3(althoughtheLSTMmodelis
againsomewhatofalowoutlier).Thereisnoclear
relationshipbetweenthecoefficientsforthesur-
prisalofthecurrentwordandlanguagemodel
quality,withboththebestmodel(optimalinter-
polation)andtheworstmodel(bigrams)havinga
valueof3.04.

3.2.3PreviousWord
Similartotheresultsaboveforthecurrentword,
thepreviousword’ssurprisalalsohadaninconsis-
tenteffectacrossmodels.Inotherwords,thecoef-
ficientforthepreviousword’ssurprisal(seeTable
2)borenoclearrelationshipwithrelativeimprove-
mentsinlanguagemodelperplexity.

4Non-lineareffectsofsurprisal

Inadditiontotheprevioussetofanalysesanalyz-
ingthepredictivepoweroflineareffectsofsur-
prisalonreadingtimes,weconductedanotherset
ofanalysesallowingfornon-lineareffectsofsur-
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eachstoryorarticledidnotfitintoasingle
contextwindowfortheLMs,thesecondhalf
ofthepreviouscontextwindowservedasthe
firsthalfofanewcontextwindowtocalculate
surprisalestimatesfortheremainingtokens.In
practice,moststoriesandarticlesfitcompletely
withintwocontextwindowsfortheGPT-2mod-
elsthathaveacontextsizeof1,024tokens,and
withinonecontextwindowfortheGPT-Neoand
OPTmodelsthathaveacontextsizeof2,048
tokens.Additionally,whenasinglewordwtwas
tokenizedintomultiplesubwordtokens,nega-
tivelogprobabilitiesofsubwordtokenscorre-
spondingtowtwereaddedtogethertocalculate
S(wt)=−logP(wt|w1..t−1).

3.3RegressionModeling
Subsequently,followingthemethodsofOhetal.
(2022),a‘baseline’LMEmodelthatcontains
baselinepredictorscapturinglow-levelcognitive
processingandseventeen‘full’LMEmodelsthat
containthebaselinepredictorsandeachLMsur-
prisalpredictorwerefittotheexploratorysetof
self-pacedreadingtimesandgo-pastdurations
usinglme4(Batesetal.,2015).Thebaselinepre-
dictorsincludewordlengthmeasuredincharacters
andindexofwordpositionwithineachsentence
(bothself-pacedreadingandeye-tracking),aswell
assaccadelengthandwhetherornottheprevious
wordwasfixated(eye-trackingonly).

Allpredictorswerecenteredandscaledprior
tomodelfitting,andtheLMEmodelsincluded
by-subjectrandomslopesforallfixedeffectsas
wellasrandominterceptsforeachsubjectand
eachwordtype.Additionally,forself-pacedread-
ingtimescollectedfrom181subjects,arandom
interceptforeachsubject-sentenceinteractionwas
included.Foreye-gazedurationscollectedfrom
amuchsmallernumberof10subjects,arandom
interceptforeachsentencewasincluded.

Aftertheregressionmodelswerefit,the∆LL
valueswerefirstcalculatedforeachregression
modelbysubtractingthelog-likelihoodofthe
baselinemodelfromthatofafullregression
model.Moreover,toexaminethetrendbetween
LMperplexityandpredictivepowerofsurprisal
estimates,theperplexityofeachLMvariantwas
calcuatedonthetwocorpora.

3.4Results
TheresultsinFigure1showthatsurprisalfrom
thesmallestvariant(i.e.,GPT-2Small,GPT-Neo

Figure1:PerplexitymeasuresfromeachLMvariant,
andimprovementsinregressionmodellog-likelihood
fromincludingeachsurprisalestimateontheex-
ploratorysetofNaturalStories(top)andDundeedata
(bottom).Dottedlinesindicatetheleast-squaresre-
gressionlineforeachLMfamily.

125M,andOPT125M)madethebiggestcontri-
butiontoregressionmodelfitonbothself-paced
readingtimesandeye-gazedurationsforthe
threeLMfamilies.Morenotably,surprisalesti-
matesfromlargerLMvariantswithineachfamily
yieldedstrictlypoorerfitstoreadingtimes,ro-
bustlyreplicatingthetrendobservedbyOhetal.
(2022).Interestingly,thethreeLMfamiliesalso
seemtodemonstrateastronglog-linearrelation-
shipbetweenperplexityand∆LL,ascanbeseen
bytheleast-squaresregressionlines.Allregres-
sionlineshadaslopesignificantlygreaterthan0
atp<0.05levelaccordingtoaone-tailedt-test,
withtheexceptionoftheregressionlineforGPT-2
onNaturalStories(p=0.07).Thistrendishighly
significantoverallbyabinomialtest(fiveresults
withp<0.05outofsixtrials),anddirectlycon-
tradictsthefindingsofrecentstudiesthatreporta
negativecorrelationbetweenLMperplexityand
predictivepowerofsurprisalestimates.

339

D
ow
nloaded from
 http://direct.m
it.edu/tacl/article-pdf/doi/10.1162/tacl_a_00548/2075940/tacl_a_00548.pdf by guest on 12 N
ovem
ber 2023

[Oh&Schuler, 2022]

12

LM-human 
correlations

[Goodkind&Bicknell, 
2018]

[Shain+,24]

Positive scaling…????

Inverse-scaling!



Kuribayashi+21 (ACL)

• First systematic, cross-linguistic 
evaluation of psychometric 
predictive power (PPP) of 
surprisal from neural LMs

Scaling up neural LMs

Fit of LM surprisal 
to human data

Kuribayashi+21, 
ACL

First pointed 
out this twist

832  Frank, Bod 

Results
Results for first-pass durations7 are presented in this article; 
the other two sets of results can be found in the Supplemental 
Material available online. Figure 2 shows each model’s lin-
guistic accuracy plotted against its psychological accuracy. 
Each set of surprisal estimates contributes significantly, all 
χ2s(1, N = 191,380) > 12.8; p < .0004, and in the correct (i.e., 
positive) direction to the regression model’s fit to first-pass 
reading times.

The PSG models were able to reach higher levels of lin-
guistic accuracy than Markov models and ESNs were.8 More-
over, there was a clear relation between the PSG models’ 
linguistic and psychological accuracies: More accurate models 
of the language also predicted the reading times more accu-
rately. The same relation seems to hold, albeit not as strongly, 
for the sequential-structure models. A comparison between 
model types, however, showed that, at similar levels of lin-
guistic accuracy, the ESNs had higher psychological accuracy 
than did the PSG models. The psychological accuracy of  
Markov models is either above or equal to that of PSG models 
with similar linguistic accuracy.

ESNs formed more accurate psychological models than 
PSGs did; however, this does not mean that hierarchical struc-
ture lacks the ability to account for any unique variance in 
reading time. To investigate whether hierarchical structure had 
additional explanatory value, we compared the ESN and PSG 
that showed highest psychological accuracy (i.e., the 400-unit 

ESN and Level 3 PSG-s) by taking the regression model that 
includes either the PSG model’s or the ESN’s surprisal esti-
mates and adding the surprisal estimates generated by the 
other language model. The resulting decreases in deviance 
revealed that the PSG model’s estimates did not significantly 
contribute to the estimates made by the ESN, χ2(1, N = 
191,380) = 0.95; p > .3, whereas the ESN-based surprisals do 
have predictive value over and above the PSG model’s, χ2(1,
N = 191,380) = 7.56; p < .006. This shows that the PSG does 
not explain variance in reading-time data over and above what 
is already accounted for by the ESN. Consistent results were 
obtained using the two alternative reading-time measures (see 
the Supplemental Material for details).

Discussion
The best-performing PSG models were more linguistically 
accurate than Markov models and ESNs were. Nevertheless, 
having access to hierarchical phrase structure did not always 
make PSG models psychologically more accurate than models 
that use only sequential structure. On the contrary, ESNs, which 
do not adopt hierarchical structure, estimated surprisal values 
that fit the reading times better than PSG models did. This find-
ing suggests that human sentence processing relies more on 
sequential than on hierarchical structure, at least insofar as is 
relevant for generating expectations about upcoming material. 
It should be kept in mind, however, that language models (and 
in particular hierarchical ones) come in many more varieties 
than the selection we have studied here. It remains to be investi-
gated whether the current results generalize to a wider set of 
sequential and hierarchical language models.

Nonadjacent dependencies are ubiquitous in language and 
many appear in the Dundee corpus. The sentence displayed in 
Figure 1 is an example: The plural verb “are” is dependent on 
the plural noun “wonders” and not on the adjacent singular 
noun “broadband.” PSG models are particularly good at deal-
ing with such nonadjacent, long-term dependencies within 
sentences (Chomsky, 1957; Manning & Schütze, 1999) but do 
not directly store word or POS sequences. In contrast, Markov 
models and ESNs do retain information about frequencies of 
sequences, but have difficulties with long-term dependencies. 
Possibly, people behave more like ESNs than like PSGs in this 
respect. Indeed, experimental evidence has provided at least 
five indications of this possibility: Frequent multiword 
sequences are stored as wholes by both children (Bannard & 
Matthews, 2008) and adults (Arnon & Snider, 2010), more fre-
quent word sequences are read faster than less frequent ones 
(Tremblay, Derwing, Libben, & Westbury, 2011), locally 
coherent structure can interfere with long-term dependencies 
(Tabor, Galantucci, & Richardson, 2004), sensitivity to 
sequential structure is correlated with sensitivity to word pre-
dictability (Conway, Bauernschmidt, Huang, & Pisoni, 2010), 
and subject-verb number-agreement errors in sentence pro-
duction depend on the sentence’s sequential rather than hierar-
chical structure (Gillespie & Pearlmutter, 2011).
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Fig. 2. Results for first-pass reading times: psychological accuracy plotted 
against linguistic accuracy. Psychological accuracy was defined as the decrease 
in deviance that resulted from including one set of surprisal estimates in the 
regression, and linguistic accuracy was defined as the negative of the average 
surprisal. Results are plotted for phrase-structure-grammar (PSG) models, 
Markov models, and echo state networks. PSG models were constructed 
using only ancestor information (an, where n indicates the number of levels 
up in the parse tree from which conditioning information was obtained) or 
taking also the ancestors’ left siblings into account (sn). Markov models of 
order n were created with additive smoothing (mn), Simple Good-Turing 
smoothing (gn), or Witten-Bell smoothing (wn). Echo state networks (en) had 
100n hidden units.
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Figure1:Improvementsinloglikelihoodforlin-
earmodels,chartedagainstdecreasesinperplex-
ity.Distancefromthecentraltrendlineisindica-
tiveoflargerdeparturesinloglikelihoodasafunc-
tionofperplexity.Thebluelinerepresentsalinear
bestfit,withacoefficientof�1.66andR2=0.94

qualitylanguagemodelscannotbetrustedtoac-
curatelyestimatethesizeoftheeffectofsurprisal
onreadingtimes.

3.2Resultsanddiscussion

3.2.1LogLikelihood

AsshowninFigure1andTable2,thereisamono-
toniceffectoflanguagemodelqualityonpredic-
tivepower.Betterlanguagemodels(lowerper-
plexity)yieldsurprisalvaluesthatbetterpredict
readingtimes,asseenbyincreased�LogLik.In-
deed,Figure1showsastrikinglystrongrelation-
shipbetweenalanguagemodel’slinguisticqual-
ity(measuredbyperplexity)andtheabilityofsur-
prisalvaluesderivedfromthatmodeltopredict
readingtimes(measuredby�LogLik).Thesetwo
valueshaveanR2of0.94.

However,thereisonerelativelycleardepar-
turefromthistightlinearrelationship.Namely,
thelargedecreaseintheperplexitygoingfromthe
5-grammodeltotheLSTMisnotreflectedina
largejumpin�LogLik.Putanotherway,although
thereisaclearsystematicrelationshipbetween
languagemodellinguisticqualityand�LogLik,
thereisalsosomeevidenceforeffectsoflanguage
modeltype,suchthattheLSTMislessusefulfor
predictingreadingtimesthanwouldbeexpected
givenitsperplexity.

Figure2:Changesinthecurrentword’scoefficient
forlinearmodels,chartedagainstincreasesinper-
plexity.Distancesfromthecentraltrendlineare
indicativeoflargerdeparturesofthecurrentword
coefficientfromtheexpectedtrend.Regardlessof
perplexity,thecoefficientisstable.Theblueline
representsalinearbestfit,withacoefficientof
�2.79andR2=0.007.

3.2.2CurrentWord
Theeffectsoftwowords’surprisalwasincorpo-
ratedintotheGAMs:thesurprisalofthecurrent
wordandthesurprisalofthepreviousword.De-
spitethedifferentmodels’verydifferentperplex-
ities,thesizeoftheeffectsofsurprisalwerees-
timatedverystablyacrosslanguagemodels.As
seeninFigure2,allmodelshadsurprisalcoef-
ficientsaround3(althoughtheLSTMmodelis
againsomewhatofalowoutlier).Thereisnoclear
relationshipbetweenthecoefficientsforthesur-
prisalofthecurrentwordandlanguagemodel
quality,withboththebestmodel(optimalinter-
polation)andtheworstmodel(bigrams)havinga
valueof3.04.

3.2.3PreviousWord
Similartotheresultsaboveforthecurrentword,
thepreviousword’ssurprisalalsohadaninconsis-
tenteffectacrossmodels.Inotherwords,thecoef-
ficientforthepreviousword’ssurprisal(seeTable
2)borenoclearrelationshipwithrelativeimprove-
mentsinlanguagemodelperplexity.

4Non-lineareffectsofsurprisal

Inadditiontotheprevioussetofanalysesanalyz-
ingthepredictivepoweroflineareffectsofsur-
prisalonreadingtimes,weconductedanotherset
ofanalysesallowingfornon-lineareffectsofsur-

14

Lower Perplexity is Not Always Human-Like

Tatsuki Kuribayashi1,2, Yohei Oseki3,4, Takumi Ito1,2,
Ryo Yoshida3, Masayuki Asahara5, Kentaro Inui1,4

1Tohoku University 2Langsmith Inc. 3University of Tokyo 4RIKEN 5NINJAL
{kuribayashi, takumi.ito.c4, inui}@tohoku.ac.jp ,

{oseki, yoshiryo0617}@g.ecc.u-tokyo.ac.jp , masayu-a@ninjal.ac.jp

Abstract

In computational psycholinguistics, various
language models have been evaluated against
human reading behavior (e.g., eye movement)
to build human-like computational models.
However, most previous efforts have focused
almost exclusively on English, despite the re-
cent trend towards linguistic universal within
the general community. In order to fill the gap,
this paper investigates whether the established
results in computational psycholinguistics can
be generalized across languages. Specifically,
we re-examine an established generalization
—the lower perplexity a language model has,

the more human-like the language model is—
in Japanese with typologically different struc-
tures from English. Our experiments demon-
strate that this established generalization ex-
hibits a surprising lack of universality; namely,
lower perplexity is not always human-like.
Moreover, this discrepancy between English
and Japanese is further explored from the
perspective of (non-)uniform information den-
sity. Overall, our results suggest that a cross-
lingual evaluation will be necessary to con-
struct human-like computational models.

1 Introduction

It is well known that the probability of a word
in context (i.e., surprisal) impacts its processing
difficulty in incremental human language compre-
hension (Hale, 2001; Demberg and Keller, 2008;
Levy, 2008; Smith and Levy, 2013). Building
on this basis, researchers have compared a vari-
ety of language models (LMs) in terms of how well
their surprisal correlates with human reading be-
havior (Roark et al., 2009; Frank and Bod, 2011;
Fossum and Levy, 2012; Hale et al., 2018; Good-
kind and Bicknell, 2018; Aurnhammer and Frank,
2019; Merkx and Frank, 2020; Wilcox et al., 2020).
Such investigations could provide insights into the
development of a general computational model of

human language processing. For example, recent
studies reported that LMs with better performance
for next-word prediction could also better predict
the human reading behavior (i.e. more human-
like) (Fossum and Levy, 2012; Goodkind and Bick-
nell, 2018; Wilcox et al., 2020).

In this paper, we re-examine whether the re-
cent findings on human-like computational mod-
els can be generalized across languages. Despite
the community’s ongoing search for a language-
independent model (Bender, 2011), existing stud-
ies have focused almost exclusively on the English
language. Having said that, broad-coverage cross-
linguistic evaluation of the existing reports is pro-
hibitively difficult. In fact, data on human reading
behavior (e.g., eye movement) is available only in
limited languages. As an initial foray, this study
focuses on the Japanese language as a representa-
tive of languages that have typologically different
characteristics from the English language. If the ob-
servation is different between English and Japanese,
the current findings on English data might lack a
universality across languages.

We specifically revisit the recent report—the

lower perplexity a LM has, the more human-like the

LM is—in the English and Japanese languages (Fos-
sum and Levy, 2012; Goodkind and Bicknell, 2018;
Wilcox et al., 2020). In addition to the importance
of cross-linguistic evaluation, the report itself is
worth investigating. Recent studies in the machine
learning field have reported that more parameters,
training data, and computation cost can result in
better PPL (Kaplan et al., 2020; Brown et al., 2020).
Our investigation has implications for whether a
human-like model might exist beyond such im-
provements.

More concretely, over three dozens of LMs were
trained for each language, with variants in their ar-
chitecture, training data size, and the number of pa-
rameter updates. Then, the surprisals computed by
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Figure 3: Separate effect of model architecture, training data size, and the number of parameter updates for LMs’
psychometric predictive power in each language. Each point corresponds to each LM. The box shows the quartiles
of the data. The whiskers show 1.5 times interquartile range.

LM (higher is better). The X-axis is PPL on a log
scale (lower is better).

Dundee Corpus: First, the results of the data
from the Dundee Corpus show a clear relationship
between PPL and psychometric predictive power;
namely, lower PPL corresponds to more psycho-
metric predictive power, as reported by prior stud-
ies (Goodkind and Bicknell, 2018; Wilcox et al.,
2020). Spearman’s rank correlation coefficient be-
tween the two metrics was �0.87.

BCCWJ-EyeTrack: By contrast, in BCCWJ-
EyeTrack, there was no clear, consistent trend be-
tween the PPL and psychometric predictive power.
While LMs with PPL over 400 show the correlation
between PPL and psychometric predictive power
(�0.68 with Spearman’s ⇢), there is a positive cor-
relation (0.53 with Spearman’s ⇢) for LMs with
PPL below 400. The positive correlation means
that the more accurately the LMs can predict the
upcoming word, the worse the psychometric predic-
tive power of the LMs is. These results demonstrate
the non-universality of the recent report across lan-
guages; lower perplexity is not always human-like.
The LSTM LM trained using the MD dataset with
1K updates achieved the best psychometric predic-
tive power. Notably, surprisal was effective for
gaze duration modeling in all the Japanese LMs.
�logLik scores were significantly higher than zero
with the chi-square test (p <0.05).

4.2 Model architectures, data sizes, number
of parameter updates

Which factor (e.g., model architecture, training data
size, and the number of parameter updates) charac-
terizes the psychometric predictive power of LMs?
Is the collection of effective factors consistent be-
tween the two languages? This study takes a more
in-depth look at the separate effects of (i) model
architecture, (ii) training data size, and (iii) the
number of parameter updates for the psychometric
predictive power.

Figure 3 summarizes the effect of each factor,
where the Y-axis denotes the psychometric pre-
dictive power. The most noticeable trend is that
Japanese LMs with a relatively fewer number of pa-
rameter updates (1K) have better psychometric pre-
dictive power than the other Japanese LMs (bottom
right part of Figure 3), while this trend does not ex-
ist in the English LMs (top right part). This implies
that the training objective of the LMs, maximizing
1
N

PN
i=1 logP (wi|w<i), had a negative impact on

the psychometric predictive power of LMs, at least
in Japanese. We discuss this point in Section 4.3.

To quantitatively test the differences in Figure 3,
a linear regression model was trained to estimate
psychometric predictive power with the factors of
the model architecture, the training data size, and
the parameter update number in each language.
The training data size and the parameter update
number are represented as logarithmically trans-
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Results
Results for first-pass durations7 are presented in this article; 
the other two sets of results can be found in the Supplemental 
Material available online. Figure 2 shows each model’s lin-
guistic accuracy plotted against its psychological accuracy. 
Each set of surprisal estimates contributes significantly, all 
χ2s(1, N = 191,380) > 12.8; p < .0004, and in the correct (i.e., 
positive) direction to the regression model’s fit to first-pass 
reading times.

The PSG models were able to reach higher levels of lin-
guistic accuracy than Markov models and ESNs were.8 More-
over, there was a clear relation between the PSG models’ 
linguistic and psychological accuracies: More accurate models 
of the language also predicted the reading times more accu-
rately. The same relation seems to hold, albeit not as strongly, 
for the sequential-structure models. A comparison between 
model types, however, showed that, at similar levels of lin-
guistic accuracy, the ESNs had higher psychological accuracy 
than did the PSG models. The psychological accuracy of  
Markov models is either above or equal to that of PSG models 
with similar linguistic accuracy.

ESNs formed more accurate psychological models than 
PSGs did; however, this does not mean that hierarchical struc-
ture lacks the ability to account for any unique variance in 
reading time. To investigate whether hierarchical structure had 
additional explanatory value, we compared the ESN and PSG 
that showed highest psychological accuracy (i.e., the 400-unit 

ESN and Level 3 PSG-s) by taking the regression model that 
includes either the PSG model’s or the ESN’s surprisal esti-
mates and adding the surprisal estimates generated by the 
other language model. The resulting decreases in deviance 
revealed that the PSG model’s estimates did not significantly 
contribute to the estimates made by the ESN, χ2(1, N = 
191,380) = 0.95; p > .3, whereas the ESN-based surprisals do 
have predictive value over and above the PSG model’s, χ2(1,
N = 191,380) = 7.56; p < .006. This shows that the PSG does 
not explain variance in reading-time data over and above what 
is already accounted for by the ESN. Consistent results were 
obtained using the two alternative reading-time measures (see 
the Supplemental Material for details).

Discussion
The best-performing PSG models were more linguistically 
accurate than Markov models and ESNs were. Nevertheless, 
having access to hierarchical phrase structure did not always 
make PSG models psychologically more accurate than models 
that use only sequential structure. On the contrary, ESNs, which 
do not adopt hierarchical structure, estimated surprisal values 
that fit the reading times better than PSG models did. This find-
ing suggests that human sentence processing relies more on 
sequential than on hierarchical structure, at least insofar as is 
relevant for generating expectations about upcoming material. 
It should be kept in mind, however, that language models (and 
in particular hierarchical ones) come in many more varieties 
than the selection we have studied here. It remains to be investi-
gated whether the current results generalize to a wider set of 
sequential and hierarchical language models.

Nonadjacent dependencies are ubiquitous in language and 
many appear in the Dundee corpus. The sentence displayed in 
Figure 1 is an example: The plural verb “are” is dependent on 
the plural noun “wonders” and not on the adjacent singular 
noun “broadband.” PSG models are particularly good at deal-
ing with such nonadjacent, long-term dependencies within 
sentences (Chomsky, 1957; Manning & Schütze, 1999) but do 
not directly store word or POS sequences. In contrast, Markov 
models and ESNs do retain information about frequencies of 
sequences, but have difficulties with long-term dependencies. 
Possibly, people behave more like ESNs than like PSGs in this 
respect. Indeed, experimental evidence has provided at least 
five indications of this possibility: Frequent multiword 
sequences are stored as wholes by both children (Bannard & 
Matthews, 2008) and adults (Arnon & Snider, 2010), more fre-
quent word sequences are read faster than less frequent ones 
(Tremblay, Derwing, Libben, & Westbury, 2011), locally 
coherent structure can interfere with long-term dependencies 
(Tabor, Galantucci, & Richardson, 2004), sensitivity to 
sequential structure is correlated with sensitivity to word pre-
dictability (Conway, Bauernschmidt, Huang, & Pisoni, 2010), 
and subject-verb number-agreement errors in sentence pro-
duction depend on the sentence’s sequential rather than hierar-
chical structure (Gillespie & Pearlmutter, 2011).
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Figure1:Improvementsinloglikelihoodforlin-
earmodels,chartedagainstdecreasesinperplex-
ity.Distancefromthecentraltrendlineisindica-
tiveoflargerdeparturesinloglikelihoodasafunc-
tionofperplexity.Thebluelinerepresentsalinear
bestfit,withacoefficientof�1.66andR2=0.94

qualitylanguagemodelscannotbetrustedtoac-
curatelyestimatethesizeoftheeffectofsurprisal
onreadingtimes.

3.2Resultsanddiscussion

3.2.1LogLikelihood

AsshowninFigure1andTable2,thereisamono-
toniceffectoflanguagemodelqualityonpredic-
tivepower.Betterlanguagemodels(lowerper-
plexity)yieldsurprisalvaluesthatbetterpredict
readingtimes,asseenbyincreased�LogLik.In-
deed,Figure1showsastrikinglystrongrelation-
shipbetweenalanguagemodel’slinguisticqual-
ity(measuredbyperplexity)andtheabilityofsur-
prisalvaluesderivedfromthatmodeltopredict
readingtimes(measuredby�LogLik).Thesetwo
valueshaveanR2of0.94.

However,thereisonerelativelycleardepar-
turefromthistightlinearrelationship.Namely,
thelargedecreaseintheperplexitygoingfromthe
5-grammodeltotheLSTMisnotreflectedina
largejumpin�LogLik.Putanotherway,although
thereisaclearsystematicrelationshipbetween
languagemodellinguisticqualityand�LogLik,
thereisalsosomeevidenceforeffectsoflanguage
modeltype,suchthattheLSTMislessusefulfor
predictingreadingtimesthanwouldbeexpected
givenitsperplexity.

Figure2:Changesinthecurrentword’scoefficient
forlinearmodels,chartedagainstincreasesinper-
plexity.Distancesfromthecentraltrendlineare
indicativeoflargerdeparturesofthecurrentword
coefficientfromtheexpectedtrend.Regardlessof
perplexity,thecoefficientisstable.Theblueline
representsalinearbestfit,withacoefficientof
�2.79andR2=0.007.

3.2.2CurrentWord
Theeffectsoftwowords’surprisalwasincorpo-
ratedintotheGAMs:thesurprisalofthecurrent
wordandthesurprisalofthepreviousword.De-
spitethedifferentmodels’verydifferentperplex-
ities,thesizeoftheeffectsofsurprisalwerees-
timatedverystablyacrosslanguagemodels.As
seeninFigure2,allmodelshadsurprisalcoef-
ficientsaround3(althoughtheLSTMmodelis
againsomewhatofalowoutlier).Thereisnoclear
relationshipbetweenthecoefficientsforthesur-
prisalofthecurrentwordandlanguagemodel
quality,withboththebestmodel(optimalinter-
polation)andtheworstmodel(bigrams)havinga
valueof3.04.

3.2.3PreviousWord
Similartotheresultsaboveforthecurrentword,
thepreviousword’ssurprisalalsohadaninconsis-
tenteffectacrossmodels.Inotherwords,thecoef-
ficientforthepreviousword’ssurprisal(seeTable
2)borenoclearrelationshipwithrelativeimprove-
mentsinlanguagemodelperplexity.

4Non-lineareffectsofsurprisal

Inadditiontotheprevioussetofanalysesanalyz-
ingthepredictivepoweroflineareffectsofsur-
prisalonreadingtimes,weconductedanotherset
ofanalysesallowingfornon-lineareffectsofsur-
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Abstract
Language models (LMs) have been used in cog-
nitive modeling as well as engineering studies—
they compute information-theoretic complexity
metrics that simulate humans’ cognitive load
during reading. This study highlights a lim-
itation of modern neural LMs as the model
of choice for this purpose: there is a discrep-
ancy between their context access capacities
and that of humans. Our results showed that
constraining the LMs’ context access improved
their simulation of human reading behavior. We
also showed that LM-human gaps in context
access were associated with specific syntactic
constructions; incorporating syntactic biases
into LMs’ context access might enhance their
cognitive plausibility.1

1 Introduction
In computational psycholinguistics, human read-
ing behavior has been compared with various
complexity metrics to understand human sentence
processing (Crocker, 2007). Having historically
started from simple measures such as word length,
surprisal (→ log p(word|context)) computed by
language models (LMs) has become a common
choice (Levy, 2008; Smith and Levy, 2013). On
top of this, the next question arises—which model
implementation and/or algorithm can compute sur-
prisal that successfully simulates human behavior?
In this line of research, modern neural LMs such
as Transformer (Vaswani et al., 2017) have been
analyzed with respect to their cognitive plausibil-
ity (Wilcox et al., 2020; Merkx and Frank, 2021;
Kuribayashi et al., 2021).

Despite their use in cognitive modeling, such
modern LM architectures (e.g., self-attention) are,
arguably, an unnatural choice when it comes to
human cognitive constraints; modern LM architec-
tures assume powerful, parallel access to a vast

1Our codes are available at ! https://github.
com/kuribayashi4/context_limitation_cognitive_
modeling

Figure 1: Relationship between psychometric predictive
power (PPP) of language models (LMs) and their con-
text access constraints. LMs with less context access
better simulate human reading behavior (higher PPP).
The marker color/shape indicates LM settings; colored
areas present one standard deviation of PPP.

number of context tokens, while humans might
have limited and selective context access (Hawkins,
1994; Gibson, 1998, 2000; Lewis et al., 2006).
Searching for a computational model that better
simulates human sentence processing than previ-
ously examined ones, we hypothesized that intro-
ducing such context limitations can improve LMs’
estimation of human cognitive load.

Specifically, as a starting point, we applied an
n-gram-ification trick to neural LMs mimicking
loading for long context access (locality effects)
and compared their surprisal with human reading
behavior data. Despite the simple context limita-
tion design, our experiments with 280 settings (40
LM settings↑7 noise patterns) showed that the ad-
vantage of a shorter context was consistent among
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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 at https://github.com/
DannyMerkx/next_word_prediction

2 Background

2.1 Human Sentence Processing

Why are some words more difficult 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 word w at position t given the preced-
ing words w1, ..., wt�1. The word’s surprisal then
equals � logP (wt|w1, ..., wt�1).

Hale (2001) and Levy (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 difficulty, and the positive correlation between
reading time and surprisal has been firmly 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 models’ 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
‘causal bottleneck’ in the comprehension process,
which implies that predictions of human processing
difficulty only depend on the model architecture

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

through the estimated word probabilities. Here we
briefly highlight the difference in how RNNs and
Transformers process sequential information. The
activation flow through the networks is represented
in Figure 1.1

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 difficult to avoid. In contrast, the Transformer’s
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 word wt is not dependent
on hidden states H1 through Ht�1 but on the unpro-
cessed inputs w1 through wt�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. Consider H1,3 in the first layer
which is based on w1, w2 and w3. Hidden state

1Note that the figure only shows how activation is propa-
gated through time and across layers, not how specific architec-
tures compute the hidden states (see Elman (1990); Hochreiter
and Schmidhuber (1997); Cho et al. (2014); Vaswani et al.
(2017) for specifics 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.

[Merkx&Frank, 21]

Ja: That man blue hat with clerk to very loud voice with spoke

En: That man spoke to a clerk with a blue hat with very loud voice

SOV creates a long dependency
DLT [Gibson, 2000]
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• Limiting LMs memory capacity aligns with human reading time
• simple erasure of distant contexts works well surprisingly
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Abstract
Language models (LMs) have been used in cog-
nitive modeling as well as engineering studies—
they compute information-theoretic complexity
metrics that simulate humans’ cognitive load
during reading. This study highlights a lim-
itation of modern neural LMs as the model
of choice for this purpose: there is a discrep-
ancy between their context access capacities
and that of humans. Our results showed that
constraining the LMs’ context access improved
their simulation of human reading behavior. We
also showed that LM-human gaps in context
access were associated with specific syntactic
constructions; incorporating syntactic biases
into LMs’ context access might enhance their
cognitive plausibility.1

1 Introduction
In computational psycholinguistics, human read-
ing behavior has been compared with various
complexity metrics to understand human sentence
processing (Crocker, 2007). Having historically
started from simple measures such as word length,
surprisal (→ log p(word|context)) computed by
language models (LMs) has become a common
choice (Levy, 2008; Smith and Levy, 2013). On
top of this, the next question arises—which model
implementation and/or algorithm can compute sur-
prisal that successfully simulates human behavior?
In this line of research, modern neural LMs such
as Transformer (Vaswani et al., 2017) have been
analyzed with respect to their cognitive plausibil-
ity (Wilcox et al., 2020; Merkx and Frank, 2021;
Kuribayashi et al., 2021).

Despite their use in cognitive modeling, such
modern LM architectures (e.g., self-attention) are,
arguably, an unnatural choice when it comes to
human cognitive constraints; modern LM architec-
tures assume powerful, parallel access to a vast

1Our codes are available at ! https://github.
com/kuribayashi4/context_limitation_cognitive_
modeling
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Figure 1: Relationship between psychometric predictive
power (PPP) of language models (LMs) and their con-
text access constraints. LMs with less context access
better simulate human reading behavior (higher PPP).
The marker color/shape indicates LM settings; colored
areas present one standard deviation of PPP.

number of context tokens, while humans might
have limited and selective context access (Hawkins,
1994; Gibson, 1998, 2000; Lewis et al., 2006).
Searching for a computational model that better
simulates human sentence processing than previ-
ously examined ones, we hypothesized that intro-
ducing such context limitations can improve LMs’
estimation of human cognitive load.

Specifically, as a starting point, we applied an
n-gram-ification trick to neural LMs mimicking
loading for long context access (locality effects)
and compared their surprisal with human reading
behavior data. Despite the simple context limita-
tion design, our experiments with 280 settings (40
LM settings↑7 noise patterns) showed that the ad-
vantage of a shorter context was consistent among
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during reading. This study highlights a lim-
itation of modern neural LMs as the model
of choice for this purpose: there is a discrep-
ancy between their context access capacities
and that of humans. Our results showed that
constraining the LMs’ context access improved
their simulation of human reading behavior. We
also showed that LM-human gaps in context
access were associated with specific syntactic
constructions; incorporating syntactic biases
into LMs’ context access might enhance their
cognitive plausibility.1

1 Introduction
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ing behavior has been compared with various
complexity metrics to understand human sentence
processing (Crocker, 2007). Having historically
started from simple measures such as word length,
surprisal (→ log p(word|context)) computed by
language models (LMs) has become a common
choice (Levy, 2008; Smith and Levy, 2013). On
top of this, the next question arises—which model
implementation and/or algorithm can compute sur-
prisal that successfully simulates human behavior?
In this line of research, modern neural LMs such
as Transformer (Vaswani et al., 2017) have been
analyzed with respect to their cognitive plausibil-
ity (Wilcox et al., 2020; Merkx and Frank, 2021;
Kuribayashi et al., 2021).

Despite their use in cognitive modeling, such
modern LM architectures (e.g., self-attention) are,
arguably, an unnatural choice when it comes to
human cognitive constraints; modern LM architec-
tures assume powerful, parallel access to a vast

1Our codes are available at ! https://github.
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number of context tokens, while humans might
have limited and selective context access (Hawkins,
1994; Gibson, 1998, 2000; Lewis et al., 2006).
Searching for a computational model that better
simulates human sentence processing than previ-
ously examined ones, we hypothesized that intro-
ducing such context limitations can improve LMs’
estimation of human cognitive load.

Specifically, as a starting point, we applied an
n-gram-ification trick to neural LMs mimicking
loading for long context access (locality effects)
and compared their surprisal with human reading
behavior data. Despite the simple context limita-
tion design, our experiments with 280 settings (40
LM settings↑7 noise patterns) showed that the ad-
vantage of a shorter context was consistent among
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Finding human-like sentence processing module in LLMs

• An LLM, as a whole model, is not like a model of human sentence processing

• But, is there any part/circuit that simulates human-like sentence processing?
• We humans also may not use the entire brain for sentence processing (i.e., modularity of 

the brain)
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Abstract

Recent cognitive modeling studies have re-
ported that larger language models (LMs)
exhibit a poorer fit to human reading be-
havior (Oh and Schuler, 2023b; Shain et al.,
2024; Kuribayashi et al., 2024), leading to
claims of their cognitive implausibility. In
this paper, we revisit this argument through
the lens of mechanistic interpretability and
argue that prior conclusions were skewed
by an exclusive focus on the final layers
of LMs. Our analysis reveals that next-
word probabilities derived from internal lay-
ers of larger LMs align with human sen-
tence processing data as well as, or better
than, those from smaller LMs. This align-
ment holds consistently across behavioral
(self-paced reading times, gaze durations,
MAZE task processing times) and neuro-
physiological (N400 brain potentials) mea-
sures, challenging earlier mixed results and
suggesting that the cognitive plausibility of
larger LMs has been underestimated. Fur-
thermore, we first identify an intriguing re-
lationship between LM layers and human
measures: earlier layers correspond more
closely with fast gaze durations, while later
layers better align with relatively slower sig-
nals such as N400 potentials and MAZE
processing times. Our work opens new av-
enues for interdisciplinary research at the
intersection of mechanistic interpretability
and cognitive modeling.1

1 Introduction

Understanding human sentence processing has
long been a fundamental goal in linguistics. This
goal is typically approached by investigating what
computational models can simulate human sen-
tence processing data, such as eye movement pat-
terns during reading, in the field of computational

1Code is available at https://github.com/

kuribayashi4/surprisal_internal_layers

psycholinguistics (Crocker, 2007; Beinborn and
Hollenstein, 2024). Natural language process-
ing (NLP) models, such as neural language mod-
els (LMs), have played a crucial role in this en-
deavor, serving as tools to test linguistic hypothe-
ses. Specifically, the theory of expectation-based
human sentence processing (Hale, 2001; Levy,
2008; Smith and Levy, 2013) — which posits that
humans continuously predict upcoming linguistic
information during reading — naturally raises the
following questions: how well do word probabil-
ities (i.e., surprisal, → log p(word|context)) de-
rived from LMs align with human sentence pro-
cessing behavior? What kind of LMs produce the
most human-like surprisal?

Previous studies have provided substantial ev-
idence supporting expectation-based accounts of
human sentence processing (Shain et al. 2024; in-
ter alia). However, they reveal an intriguing trend:
surprisal estimates from large language models
(LLMs) often deviate from human reading behav-
ior, and rather smaller models, such as GPT-2
small, offer better simulations of human behav-
ior (Shain et al., 2024; Oh and Schuler, 2023b;
Kuribayashi et al., 2022, 2024). This observa-
tion — larger LMs are less human-like — has
sparked intriguing linguistic questions (Wilcox
et al., 2024) as well as a fair amount of con-
fusion within the community. Why do smaller
LMs appear more human-like, despite their gen-
erally poorer linguistic competence (Waldis et al.,
2024)?

In this work, we highlight the cognitively plau-
sible aspects of LLMs, challenging existing con-
clusions. Specifically, we show that surprisal de-
rived from the internal layers of larger LMs
aligns with human sentence processing data
as well as, or even better than, that from
smaller LMs. Previous studies, focusing exclu-
sively on final-layers’ surprisal, have overlooked
this critical insight. These results could be drawn
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Background: Transformer is a stack of layers

• Temporal dynamics
• Second layer must be computed after first layer, third layer must be computed 

after second layer…
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forward pass in Transformer
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Figure 1: Overview of our study. (a) Experiment 1: We explore whether forward passes show
mechanistic signatures of competitor interference, first preferring a salient competing intuitive answer
before preferring the correct answer. (b) Experiment 2: We systematically investigate the ability of
dynamic measures derived from forward passes to predict indicators of processing load in humans.

et al., 2025). A widespread assumption is that tasks that are “easy” for an LM can be solved in fewer
layer-wise computation steps (Belrose et al., 2023; Baldock et al., 2021). Recently, Kuribayashi et al.
(2025) found that predictions from earlier LM layers correspond more closely with “fast” measures of
human sentence processing (such as gaze durations), while predictions from later layers correspond
with “slow” signals (such as N400 event-related potentials). Their findings raise an open question:
given an input stimulus, does the information processing involved in a forward pass of a model
resemble the cognitive processing involved in producing a human’s response? If so, this would
suggest a new way of using statistical ML models to generate insights into human processing.

Here, we use simple mechanistic analyses to investigate the relationship between layer-wise process-
ing dynamics in Transformers (Vaswani et al., 2017) and real-time processing in humans (Figure 1).
We address three major research questions, listed below. In our first experiment, we take inspiration
from cognitive science to provide high-level hypotheses about how computation might unfold in a
forward pass. We explore whether forward passes of Transformers show mechanistic signatures of
competitor interference effects inspired by dual-processing theories (e.g., Wason and Evans, 1974;
Sloman, 1996; Evans, 2008; Kahneman, 2011). Building on prior exploratory work (Hu and Franke,
2024), we propose new measures for diagnosing delayed decision-making and two-stage processing
in LMs and investigate cases where, at least for humans, a salient intuitive answer competes with
the correct answer and may even be temporarily preferred before the correct answer “wins.” In our
second experiment, we then perform a quantitative, systematic study of whether these and other
more general measures of processing difficulty from a forward pass increase predictive accuracy
of processing-related aspects of human behavioral data. Finally, across both experiments, we also
investigate the effect of model size.

RQ 1: Do models show signs of competitor interference effects, with delayed decision-
making and two-stage processing?
RQ 2: Do measures characterizing (a) competitor interference effects or (b) other aspects
of processing difficulty in models increase the accuracy of a (linear) model predicting
human processing load, above and beyond static measures derived from model outputs?
RQ 3: How does model size affect the similarity between model and human processing?

We investigate these RQs across 20 open-source models and 6 domains, covering multiple modalities
(text and vision) and human behavioral measures. To foreshadow our results, we find that LM
forward passes show signs of competitor interference, with delayed decision-making and two-stage
processing, for the items that have salient intuitive answers that compete with the ground-truth correct
answer. Moreover, we find that measures of layer-time dynamics improve the ability to predict
human processing indicators, above and beyond static measures derived from the final layer or an
intermediate layer. We also find interactions between these trends and model size: larger models
are not always most predictive of human processing, and mid-size LMs show the strongest signs of
two-stage processing. Our results provide suggestive evidence that model processing and human
processing may be facilitated or impeded by similar properties of an input stimulus. Furthermore, this
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in Transformer forward passes

Jennifer Hu
Kempner Institute
Harvard University

Michael A. Lepori
Department of Computer Science

Brown University

Michael Franke
Department of Linguistics

University of Tübingen

jenniferhu@fas.harvard.edu
michael_lepori@brown.edu

michael.franke@uni-tuebingen.de

Abstract

Modern AI models are increasingly being used as theoretical tools to study human
cognition. One dominant approach is to evaluate whether human-derived measures
are predicted by a model’s output: that is, the end-product of a forward pass.
However, recent advances in mechanistic interpretability have begun to reveal the
internal processes that give rise to model outputs, raising the question of whether
models might use human-like processing strategies. Here, we investigate the
relationship between real-time processing in humans and layer-time dynamics of
computation in Transformers, testing 20 open-source models in 6 domains. We
first explore whether forward passes show mechanistic signatures of competitor
interference, taking high-level inspiration from cognitive theories. We find that
models indeed appear to initially favor a competing incorrect answer in the cases
where we would expect decision conflict in humans. We then systematically test
whether forward-pass dynamics predict signatures of processing in humans, above
and beyond properties of the model’s output probability distribution. We find that
dynamic measures improve prediction of human processing measures relative to
static final-layer measures. Moreover, across our experiments, larger models do
not always show more human-like processing patterns. Our work suggests a new
way of using AI models to study human cognition: not just as a black box mapping
stimuli to responses, but potentially also as explicit processing models.

1 Introduction

One of the most exciting features of modern AI models—especially language models (LMs)—is their
ability to capture fine-grained measures of human cognition (e.g., Frank and Goodman, 2025). For
higher-order cognitive tasks, the prevalent comparison between humans and LMs is at the behavioral
level. This approach typically involves using the LM to estimate the likelihoods of strings, which are
linked to relevant behaviors on the human side, such as answer selections in a multiple-choice task.
This “output-level” approach is often motivated on theoretical grounds. For example, probabilities
derived from LMs enable systematic, large-scale testing of expectation-based theories of sentence
processing (e.g., Levy, 2008; Smith and Levy, 2013; Huang et al., 2024; Michaelov et al., 2024b;
Shain et al., 2024), as well as the relationship between string probability and grammaticality (e.g.,
Lau et al., 2017; Hu et al., 2025; Tjuatja et al., 2025).

At the same time, the field of mechanistic interpretability has begun to uncover the internal processes
that support model outputs in reasoning or fact-retrieval tasks (e.g., Biran et al., 2024; Ghandeharioun
et al., 2024; Merullo et al., 2024; Wendler et al., 2024; Lepori et al., 2025; Kim et al., 2025; Wiegreffe
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BERT Rediscovers the Classical NLP Pipeline

Ian Tenney1 Dipanjan Das1 Ellie Pavlick1,2
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Abstract

Pre-trained text encoders have rapidly ad-
vanced the state of the art on many NLP
tasks. We focus on one such model, BERT,
and aim to quantify where linguistic informa-
tion is captured within the network. We find
that the model represents the steps of the tra-
ditional NLP pipeline in an interpretable and
localizable way, and that the regions respon-
sible for each step appear in the expected se-
quence: POS tagging, parsing, NER, semantic
roles, then coreference. Qualitative analysis
reveals that the model can and often does ad-
just this pipeline dynamically, revising lower-
level decisions on the basis of disambiguating
information from higher-level representations.

1 Introduction

Pre-trained sentence encoders such as ELMo (Pe-
ters et al., 2018a) and BERT (Devlin et al., 2019)
have rapidly improved the state of the art on many
NLP tasks, and seem poised to displace both static
word embeddings (Mikolov et al., 2013) and dis-
crete pipelines (Manning et al., 2014) as the basis
for natural language processing systems. While
this has been a boon for performance, it has come
at the cost of interpretability, and it remains un-
clear whether such models are in fact learning the
kind of abstractions that we intuitively believe are
important for representing natural language, or are
simply modeling complex co-occurrence statis-
tics.

A wave of recent work has begun to “probe”
state-of-the-art models to understand whether they
are representing language in a satisfying way.
Much of this work is behavior-based, designing
controlled test sets and analyzing errors in order
to reverse-engineer the types of abstractions the
model may or may not be representing (e.g. Con-
neau et al., 2018; Marvin and Linzen, 2018; Poliak
et al., 2018). Parallel efforts inspect the structure

of the network directly, to assess whether there
exist localizable regions associated with distinct
types of linguistic decisions. Such work has pro-
duced evidence that deep language models can en-
code a range of syntactic and semantic informa-
tion (e.g. Shi et al., 2016; Belinkov, 2018; Ten-
ney et al., 2019), and that more complex structures
are represented hierarchically in the higher layers
of the model (Peters et al., 2018b; Blevins et al.,
2018).

We build on this latter line of work, focusing
on the BERT model (Devlin et al., 2019), and use
a suite of probing tasks (Tenney et al., 2019) de-
rived from the traditional NLP pipeline to quantify
where specific types of linguistic information are
encoded. Building on observations (Peters et al.,
2018b) that lower layers of a language model en-
code more local syntax while higher layers capture
more complex semantics, we present two novel
contributions. First, we present an analysis that
spans the common components of a traditional
NLP pipeline. We show that the order in which
specific abstractions are encoded reflects the tradi-
tional hierarchy of these tasks. Second, we quali-
tatively analyze how individual sentences are pro-
cessed by the BERT network, layer-by-layer. We
show that while the pipeline order holds in ag-
gregate, the model can allow individual decisions
to depend on each other in arbitrary ways, de-
ferring ambiguous decisions or revising incorrect
ones based on higher-level information.

2 Model

Edge Probing. Our experiments are based on
the “edge probing” approach of Tenney et al.
(2019), which aims to measure how well infor-
mation about linguistic structure can be extracted
from a pre-trained encoder. Edge probing decom-
poses structured-prediction tasks into a common

Background: how LMs process input layer-by-layer
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Figure 1: Summary statistics on BERT-large. Columns
on left show F1 dev-set scores for the baseline (P (0)

⌧ )
and full-model (P (L)

⌧ ) probes. Dark (blue) are the mix-
ing weight center of gravity (Eq. 2); light (purple) are
the expected layer from the cumulative scores (Eq. 4).

idence that the corresponding layer contains more
information related to that particular task.

Center-of-Gravity. As a summary statistic, we
define the mixing weight center of gravity as:

Ēs[`] =
LX

`=0

` · s(`)⌧ (2)

This reflects the average layer attended to for each
task; intuitively, we can interpret a higher value to
mean that the information needed for that task is
captured by higher layers.

3.2 Cumulative Scoring
We would like to estimate at which layer in the
encoder a target (s1, s2, label) can be correctly
predicted. Mixing weights cannot tell us this di-
rectly, because they are learned as parameters and
do not correspond to a distribution over data. A
naive classifier at a single layer cannot either, be-
cause information about a particular span may be
spread out across several layers, and as observed
in Peters et al. (2018b) the encoder may choose to
discard information at higher layers.

To address this, we train a series of classifiers
{P (`)

⌧ }` which use scalar mixing (Eq. 1) to attend
to layer ` as well as all previous layers. P (0)

⌧ corre-
sponds to a non-contextual baseline that uses only
a bag of word(piece) embeddings, while P

(L)
⌧ =

P⌧ corresponds to probing all layers of the BERT
model.

These classifiers are cumulative, in the sense
that P (`+1)

⌧ has a similar number of parameters but
with access to strictly more information than P

(`)
⌧ ,

Figure 2: Layer-wise metrics on BERT-large. Solid
(blue) are mixing weights s(`)⌧ (§3.1); outlined (purple)
are differential scores �(`)

⌧ (§3.2), normalized for each
task. Horizontal axis is encoder layer.

and we see intuitively that performance (F1 score)
generally increases as more layers are added.3 We
can then compute a differential score �(`)

⌧ , which
measures how much better we do on the probing
task if we observe one additional encoder layer `:

�(`)
⌧ = Score(P (`)

⌧ )� Score(P (`�1)
⌧ ) (3)

Expected Layer. Again, we compute a
(pseudo)4 expectation over the differential scores
as a summary statistic. To focus on the behavior
of the contextual encoder layers, we omit the con-
tribution of both the “trivial” examples resolved at
layer 0, as well as the remaining headroom from

3Note that if a new layer provides distracting features, the
probing model can overfit and performance can drop. We see
this in particular in the last 1-2 layers (Figure 2).

4This is not a true expectation because the F1 score is not
an expectation over examples.

Eliciting Latent Predictions from Transformers with the Tuned Lens

Nora Belrose 1 2 Igor Ostrovsky 1 Lev McKinney 3 2 Zach Furman 1 4 Logan Smith 1 Danny Halawi 1

Stella Biderman 1 Jacob Steinhardt 5

Abstract
We analyze transformers from the perspective of
iterative inference, seeking to understand how
model predictions are refined layer by layer. To
do so, we train an affine probe for each block in
a frozen pretrained model, making it possible to
decode every hidden state into a distribution over
the vocabulary. Our method, the tuned lens, is a
refinement of the earlier “logit lens” technique,
which yielded useful insights but is often brittle.
We test our method on various autoregressive
language models with up to 20B parameters,
showing it to be more predictive, reliable and
unbiased than the logit lens. With causal ex-
periments, we show the tuned lens uses sim-
ilar features to the model itself. We also
find the trajectory of latent predictions can be
used to detect malicious inputs with high ac-
curacy. All code needed to reproduce our re-
sults can be found at https://github.com/
AlignmentResearch/tuned-lens.

1. Introduction
The impressive performance of transformers in natural lan-
guage processing (Brown et al., 2020) and computer vision
(Dosovitskiy et al., 2020) suggests that their internal repre-
sentations have rich structure worthy of scientific investiga-
tion. One common approach is to train classifiers to extract
specific concepts from hidden states, like part-of-speech
and syntactic structure (Hewitt and Manning, 2019; Tucker
et al., 2021; Li et al., 2022).

In this work, we instead examine transformer representa-
tions from the perspective of iterative inference (Jastrzębski
et al., 2017). Specifically, we view each layer in a trans-
former language model as performing an incremental update
to a latent prediction of the next token.1 We decode these la-
tent predictions through early exiting, converting the hidden

1Eleuther AI 2FAR AI 3University of Toronto 4Boston
University 5UC Berkeley. Correspondence to: Nora Belrose
<nora@eleuther.ai>.

1See Appendix C for evidence supporting this view, including
novel empirical results of our own.
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Figure 1. Comparison of our method, the tuned lens (bottom), with
the “logit lens” (top) for GPT-Neo-2.7B prompted with an except
from the abstract of Vaswani et al. (2017). Each cell shows the
top-1 token predicted by the model at the given layer and token
index. The logit lens fails to elicit interpretable predictions before
layer 21, but our method succeeds.

state at each intermediate layer into a distribution over the
vocabulary. This yields a sequence of distributions we call
the prediction trajectory, which exhibits a strong tendency
to converge smoothly to the final output distribution, with
each successive layer achieving lower perplexity.

We build on the “logit lens” (nostalgebraist, 2020), an early
exiting technique that directly decodes hidden states into
vocabulary space using the model’s pretrained unembed-
ding matrix. We find the logit lens to be unreliable (Sec-
tion 2), failing to elicit plausible predictions for models like
BLOOM (Scao et al., 2022) and GPT Neo (Black et al.,
2021). Even when the logit lens appears to work, its outputs
are hard to interpret due to representational drift: features
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et al., 2017). Specifically, we view each layer in a trans-
former language model as performing an incremental update
to a latent prediction of the next token.1 We decode these la-
tent predictions through early exiting, converting the hidden

1Eleuther AI 2FAR AI 3University of Toronto 4Boston
University 5UC Berkeley. Correspondence to: Nora Belrose
<nora@eleuther.ai>.

1See Appendix C for evidence supporting this view, including
novel empirical results of our own.

Figure 1. Comparison of our method, the tuned lens (bottom), with
the “logit lens” (top) for GPT-Neo-2.7B prompted with an except
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layer 21, but our method succeeds.
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vocabulary. This yields a sequence of distributions we call
the prediction trajectory, which exhibits a strong tendency
to converge smoothly to the final output distribution, with
each successive layer achieving lower perplexity.

We build on the “logit lens” (nostalgebraist, 2020), an early
exiting technique that directly decodes hidden states into
vocabulary space using the model’s pretrained unembed-
ding matrix. We find the logit lens to be unreliable (Sec-
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What happens on a human side

• Humans show behavioral/physiological signals in a different time-
scale when processing a word in sentence

19

real time

Word enters vision first pass regression/reanalysisslow brain activities

𝑤!

real time𝑤!"#

real time𝑤!"$



General question: Are humans’ and LMs’ real-time processing aligned?

20

real time
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One layer ≈ One Gamma Cycle…?

• One transformer layer ≈ one gamma cycle’s worth of cortical processing…?

https://sdeture.substack.com/p/one-layer-one-gamma-cycle 

(I only just received this advertisement yesterday 😅)

The "gamma cycle time window" in neuroscience refers to 
a brief temporal window, typically between 10 to 33 
milliseconds (ms), during which neurons synchronize their 
firing to integrate information.

Neural Integration: Neurons optimally integrate synaptic 
inputs from other neurons that arrive within this narrow 
time frame. Inputs arriving outside this window are 
effectively "ignored" for that specific processing event, 
which helps the brain organize information efficiently. 
(from Gemini)
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Existing surprisal-based reading time modeling

• Existing reading-time modeling studies only used the probability computed 
at the last layer

• C.f. brain alignment studies compares alignment between LM internals and brain images [Schrimpf+, 21] 

real time

forward pass in Transformer

Word enters vision first pass regression/reanalysisslow brain activities

…

layer
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Output 
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This study: internal alignment 

• (Fast) human sentence processing behavior can align with earlier layer of 
LMs…?

real time

forward pass in Transformer

Word enters vision first pass regression/reanalysisslow brain activities

…

layer
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How? logit-lens/tuned-lens

• We need next-word probability from internal layers
• Interpretability techniques are useful

• Logit-lens [nostalgebraist, 20] extracts probability by directly applying output embedding matrix
• Tuned-lens [Berlose+,23] 

real time

forward pass in Transformer

Word enters vision first pass regression/reanalysisslow brain activities

…

layer

𝑤!

𝑤!
This study

−log! 𝑝(𝑤"|𝑤#")

Output 
embed. matrix

−log! 𝑝(𝑤"|𝑤#"; 𝑙)
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Psychometric predictive power

• Psychometric predictive power (PPP)
• Loglikelihood difference (goodness-of-fit) between the target regression model and 

baseline regression model
• Target regression model: 

ReadingTime(𝑤') ~ length(𝑤') + freq(𝑤') + length(𝑤')!) + freq(𝑤')!) + length(𝑤')#) + freq(𝑤')#) 
+ surprisal(𝑤') + surprisal(𝑤')!) + surprisal(𝑤')#) 

• Baseline regression model
ReadingTime(𝑤') ~ length(𝑤') + freq(𝑤') + length(𝑤')!) + freq(𝑤')!) + length(𝑤')#) + freq(𝑤')#) 
+ surprisal(𝑤')!) + surprisal(𝑤')#)

• We used 30 LMs and 15 datasets on human reading behavior/physiology 
(e.g., N400 signals)

Handles spillover effects in advance

25

Word: CNN wants to …

Human RT 349 217 132 …

LM surprisal 12.4 2.2 0.3 …
fit



Results (summary)

• Different human measures align with different LM layers
• Fast human response (e.g., first gaze duration) tends to align better 

with early layers of LMs than slow response (EEG signals) 

Figure 2: Relationships between layer depth (x-axis) and !LL (y-axis) for each LM in three datasets:
FPGD in DC, SPR in NS, and MAZE in NS. The graphs are separated by model families and data. Each
line corresponds to a different model, and one with larger markers and more layers corresponds to the
bigger model within each model family. For each model, the best layer is indicated with a red edge line
and shading patterns, and the last layer is indicated with a black edge. The graph starts at the first layer,
not at the embedding layer. The results are based on logit-lens.

SPR is measured by presenting sentences
through a sliding word-by-word window, with par-
ticipants pressing a button to advance. FPGD, a
key eye-tracking measure, represents the total time
from first fixating on a word to moving to another
word. Maze processing time is measured during
a task requiring participants to select the plausible
continuation of a sentence, offering a controlled
alternative to naturalistic reading. EEG measures
brain activity, with N400 reflecting the negative
brain potential peaking around 400ms after word
presentation. These are the common measures em-
ployed to study expectation-based sentence pro-
cessing. SPR, FPGD, and MAZE are categorized
as human behavioral data, while EEG falls under
neurophysiological data.

To minimize confounding factors between stim-
ulus data and human measures, we included
datasets with multi-layered annotations across
multiple human measures. These include the Nat-
ural Stories Corpus (Futrell et al., 2021) with SPR7

and MAZE data (Boyce and Levy, 2023), ZuCO
corpus (Hollenstein et al., 2018) with FPGD and
N400 data, UCL Corpus (Frank et al., 2013) an-
notated with SPR, FPGD, and N400 data (Frank

7We use the version (2025-05-12) without the mis-
alignment problem (see https://github.com/

languageMIT/naturalstories).

et al., 2015), and filler sentences from Hahn et al.
(2022) annotated with SPR, FPGD, and MAZE
data (Vasishth et al., 2010; Hahn et al., 2022).
In particular, the FPGD and N400 data in ZuCO
were simultaneously recorded from the same hu-
man subjects, which likely minimized confound-
ing factors. As is common in preprocessing, we
exclude data points with zero SPR/FPGD/MAZE
value. Human data for each token in the corpus
were averaged across subjects prior to analysis,
following recent practices (Pimentel et al., 2023;
Oh and Schuler, 2023b; Kuribayashi et al., 2024;
de Varda et al., 2024).

4.2 Language models

We evaluate 30 open-source LMs including bilion-
scale ones: GPT-2 (124M, 355M, 774M, and 1.5B
parameters) (Radford et al., 2019), OPT (125M,
1.3B, 2.7B, 6.7B, 13B, 30B, and 66B parame-
ters) (Zhang et al., 2022), Pythia (14M, 31M,
70M, 160M, 410M, 1B, 1.4B, 2.8B, 6.9B, and
12B parameters) (Biderman et al., 2023), Qwen2.5
(0.5B, 1.5B, 3B, 7B, 14B, 32B, 72B), and Llama-
3.1 (8B and 70B). See Appendix B for details. For
tuned-lens experiments (Section 3.1), we use 14
of these models based on the availability of pre-
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Are LMs approaching to human sentence processing model?
 --- scaling law in cognitive modeling

Scaling up neural LMs

Kuribayashi+21, 
ACL Kuribayashi+22, 

EMNLP
Kuribayashi+24, 
NAACL

Why? 1

Why? 2

Kuribayashi+25, 
TACL

From a bit different view, LLMs 
may be human-like…?

We (coincidentally) 
pointed out this twist

832  Frank, Bod 

Results
Results for first-pass durations7 are presented in this article; 
the other two sets of results can be found in the Supplemental 
Material available online. Figure 2 shows each model’s lin-
guistic accuracy plotted against its psychological accuracy. 
Each set of surprisal estimates contributes significantly, all 
χ2s(1, N = 191,380) > 12.8; p < .0004, and in the correct (i.e., 
positive) direction to the regression model’s fit to first-pass 
reading times.

The PSG models were able to reach higher levels of lin-
guistic accuracy than Markov models and ESNs were.8 More-
over, there was a clear relation between the PSG models’ 
linguistic and psychological accuracies: More accurate models 
of the language also predicted the reading times more accu-
rately. The same relation seems to hold, albeit not as strongly, 
for the sequential-structure models. A comparison between 
model types, however, showed that, at similar levels of lin-
guistic accuracy, the ESNs had higher psychological accuracy 
than did the PSG models. The psychological accuracy of  
Markov models is either above or equal to that of PSG models 
with similar linguistic accuracy.

ESNs formed more accurate psychological models than 
PSGs did; however, this does not mean that hierarchical struc-
ture lacks the ability to account for any unique variance in 
reading time. To investigate whether hierarchical structure had 
additional explanatory value, we compared the ESN and PSG 
that showed highest psychological accuracy (i.e., the 400-unit 

ESN and Level 3 PSG-s) by taking the regression model that 
includes either the PSG model’s or the ESN’s surprisal esti-
mates and adding the surprisal estimates generated by the 
other language model. The resulting decreases in deviance 
revealed that the PSG model’s estimates did not significantly 
contribute to the estimates made by the ESN, χ2(1, N = 
191,380) = 0.95; p > .3, whereas the ESN-based surprisals do 
have predictive value over and above the PSG model’s, χ2(1,
N = 191,380) = 7.56; p < .006. This shows that the PSG does 
not explain variance in reading-time data over and above what 
is already accounted for by the ESN. Consistent results were 
obtained using the two alternative reading-time measures (see 
the Supplemental Material for details).

Discussion
The best-performing PSG models were more linguistically 
accurate than Markov models and ESNs were. Nevertheless, 
having access to hierarchical phrase structure did not always 
make PSG models psychologically more accurate than models 
that use only sequential structure. On the contrary, ESNs, which 
do not adopt hierarchical structure, estimated surprisal values 
that fit the reading times better than PSG models did. This find-
ing suggests that human sentence processing relies more on 
sequential than on hierarchical structure, at least insofar as is 
relevant for generating expectations about upcoming material. 
It should be kept in mind, however, that language models (and 
in particular hierarchical ones) come in many more varieties 
than the selection we have studied here. It remains to be investi-
gated whether the current results generalize to a wider set of 
sequential and hierarchical language models.

Nonadjacent dependencies are ubiquitous in language and 
many appear in the Dundee corpus. The sentence displayed in 
Figure 1 is an example: The plural verb “are” is dependent on 
the plural noun “wonders” and not on the adjacent singular 
noun “broadband.” PSG models are particularly good at deal-
ing with such nonadjacent, long-term dependencies within 
sentences (Chomsky, 1957; Manning & Schütze, 1999) but do 
not directly store word or POS sequences. In contrast, Markov 
models and ESNs do retain information about frequencies of 
sequences, but have difficulties with long-term dependencies. 
Possibly, people behave more like ESNs than like PSGs in this 
respect. Indeed, experimental evidence has provided at least 
five indications of this possibility: Frequent multiword 
sequences are stored as wholes by both children (Bannard & 
Matthews, 2008) and adults (Arnon & Snider, 2010), more fre-
quent word sequences are read faster than less frequent ones 
(Tremblay, Derwing, Libben, & Westbury, 2011), locally 
coherent structure can interfere with long-term dependencies 
(Tabor, Galantucci, & Richardson, 2004), sensitivity to 
sequential structure is correlated with sensitivity to word pre-
dictability (Conway, Bauernschmidt, Huang, & Pisoni, 2010), 
and subject-verb number-agreement errors in sentence pro-
duction depend on the sentence’s sequential rather than hierar-
chical structure (Gillespie & Pearlmutter, 2011).
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Fig. 2. Results for first-pass reading times: psychological accuracy plotted 
against linguistic accuracy. Psychological accuracy was defined as the decrease 
in deviance that resulted from including one set of surprisal estimates in the 
regression, and linguistic accuracy was defined as the negative of the average 
surprisal. Results are plotted for phrase-structure-grammar (PSG) models, 
Markov models, and echo state networks. PSG models were constructed 
using only ancestor information (an, where n indicates the number of levels 
up in the parse tree from which conditioning information was obtained) or 
taking also the ancestors’ left siblings into account (sn). Markov models of 
order n were created with additive smoothing (mn), Simple Good-Turing 
smoothing (gn), or Witten-Bell smoothing (wn). Echo state networks (en) had 
100n hidden units.
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Figure1:Improvementsinloglikelihoodforlin-
earmodels,chartedagainstdecreasesinperplex-
ity.Distancefromthecentraltrendlineisindica-
tiveoflargerdeparturesinloglikelihoodasafunc-
tionofperplexity.Thebluelinerepresentsalinear
bestfit,withacoefficientof�1.66andR2=0.94

qualitylanguagemodelscannotbetrustedtoac-
curatelyestimatethesizeoftheeffectofsurprisal
onreadingtimes.

3.2Resultsanddiscussion

3.2.1LogLikelihood

AsshowninFigure1andTable2,thereisamono-
toniceffectoflanguagemodelqualityonpredic-
tivepower.Betterlanguagemodels(lowerper-
plexity)yieldsurprisalvaluesthatbetterpredict
readingtimes,asseenbyincreased�LogLik.In-
deed,Figure1showsastrikinglystrongrelation-
shipbetweenalanguagemodel’slinguisticqual-
ity(measuredbyperplexity)andtheabilityofsur-
prisalvaluesderivedfromthatmodeltopredict
readingtimes(measuredby�LogLik).Thesetwo
valueshaveanR2of0.94.

However,thereisonerelativelycleardepar-
turefromthistightlinearrelationship.Namely,
thelargedecreaseintheperplexitygoingfromthe
5-grammodeltotheLSTMisnotreflectedina
largejumpin�LogLik.Putanotherway,although
thereisaclearsystematicrelationshipbetween
languagemodellinguisticqualityand�LogLik,
thereisalsosomeevidenceforeffectsoflanguage
modeltype,suchthattheLSTMislessusefulfor
predictingreadingtimesthanwouldbeexpected
givenitsperplexity.

Figure2:Changesinthecurrentword’scoefficient
forlinearmodels,chartedagainstincreasesinper-
plexity.Distancesfromthecentraltrendlineare
indicativeoflargerdeparturesofthecurrentword
coefficientfromtheexpectedtrend.Regardlessof
perplexity,thecoefficientisstable.Theblueline
representsalinearbestfit,withacoefficientof
�2.79andR2=0.007.

3.2.2CurrentWord
Theeffectsoftwowords’surprisalwasincorpo-
ratedintotheGAMs:thesurprisalofthecurrent
wordandthesurprisalofthepreviousword.De-
spitethedifferentmodels’verydifferentperplex-
ities,thesizeoftheeffectsofsurprisalwerees-
timatedverystablyacrosslanguagemodels.As
seeninFigure2,allmodelshadsurprisalcoef-
ficientsaround3(althoughtheLSTMmodelis
againsomewhatofalowoutlier).Thereisnoclear
relationshipbetweenthecoefficientsforthesur-
prisalofthecurrentwordandlanguagemodel
quality,withboththebestmodel(optimalinter-
polation)andtheworstmodel(bigrams)havinga
valueof3.04.

3.2.3PreviousWord
Similartotheresultsaboveforthecurrentword,
thepreviousword’ssurprisalalsohadaninconsis-
tenteffectacrossmodels.Inotherwords,thecoef-
ficientforthepreviousword’ssurprisal(seeTable
2)borenoclearrelationshipwithrelativeimprove-
mentsinlanguagemodelperplexity.

4Non-lineareffectsofsurprisal

Inadditiontotheprevioussetofanalysesanalyz-
ingthepredictivepoweroflineareffectsofsur-
prisalonreadingtimes,weconductedanotherset
ofanalysesallowingfornon-lineareffectsofsur-

14

eachstoryorarticledidnotfitintoasingle
contextwindowfortheLMs,thesecondhalf
ofthepreviouscontextwindowservedasthe
firsthalfofanewcontextwindowtocalculate
surprisalestimatesfortheremainingtokens.In
practice,moststoriesandarticlesfitcompletely
withintwocontextwindowsfortheGPT-2mod-
elsthathaveacontextsizeof1,024tokens,and
withinonecontextwindowfortheGPT-Neoand
OPTmodelsthathaveacontextsizeof2,048
tokens.Additionally,whenasinglewordwtwas
tokenizedintomultiplesubwordtokens,nega-
tivelogprobabilitiesofsubwordtokenscorre-
spondingtowtwereaddedtogethertocalculate
S(wt)=−logP(wt|w1..t−1).

3.3RegressionModeling
Subsequently,followingthemethodsofOhetal.
(2022),a‘baseline’LMEmodelthatcontains
baselinepredictorscapturinglow-levelcognitive
processingandseventeen‘full’LMEmodelsthat
containthebaselinepredictorsandeachLMsur-
prisalpredictorwerefittotheexploratorysetof
self-pacedreadingtimesandgo-pastdurations
usinglme4(Batesetal.,2015).Thebaselinepre-
dictorsincludewordlengthmeasuredincharacters
andindexofwordpositionwithineachsentence
(bothself-pacedreadingandeye-tracking),aswell
assaccadelengthandwhetherornottheprevious
wordwasfixated(eye-trackingonly).

Allpredictorswerecenteredandscaledprior
tomodelfitting,andtheLMEmodelsincluded
by-subjectrandomslopesforallfixedeffectsas
wellasrandominterceptsforeachsubjectand
eachwordtype.Additionally,forself-pacedread-
ingtimescollectedfrom181subjects,arandom
interceptforeachsubject-sentenceinteractionwas
included.Foreye-gazedurationscollectedfrom
amuchsmallernumberof10subjects,arandom
interceptforeachsentencewasincluded.

Aftertheregressionmodelswerefit,the∆LL
valueswerefirstcalculatedforeachregression
modelbysubtractingthelog-likelihoodofthe
baselinemodelfromthatofafullregression
model.Moreover,toexaminethetrendbetween
LMperplexityandpredictivepowerofsurprisal
estimates,theperplexityofeachLMvariantwas
calcuatedonthetwocorpora.

3.4Results
TheresultsinFigure1showthatsurprisalfrom
thesmallestvariant(i.e.,GPT-2Small,GPT-Neo

Figure1:PerplexitymeasuresfromeachLMvariant,
andimprovementsinregressionmodellog-likelihood
fromincludingeachsurprisalestimateontheex-
ploratorysetofNaturalStories(top)andDundeedata
(bottom).Dottedlinesindicatetheleast-squaresre-
gressionlineforeachLMfamily.

125M,andOPT125M)madethebiggestcontri-
butiontoregressionmodelfitonbothself-paced
readingtimesandeye-gazedurationsforthe
threeLMfamilies.Morenotably,surprisalesti-
matesfromlargerLMvariantswithineachfamily
yieldedstrictlypoorerfitstoreadingtimes,ro-
bustlyreplicatingthetrendobservedbyOhetal.
(2022).Interestingly,thethreeLMfamiliesalso
seemtodemonstrateastronglog-linearrelation-
shipbetweenperplexityand∆LL,ascanbeseen
bytheleast-squaresregressionlines.Allregres-
sionlineshadaslopesignificantlygreaterthan0
atp<0.05levelaccordingtoaone-tailedt-test,
withtheexceptionoftheregressionlineforGPT-2
onNaturalStories(p=0.07).Thistrendishighly
significantoverallbyabinomialtest(fiveresults
withp<0.05outofsixtrials),anddirectlycon-
tradictsthefindingsofrecentstudiesthatreporta
negativecorrelationbetweenLMperplexityand
predictivepowerofsurprisalestimates.
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Analysis: results

• Once the scope is extended to LM internals, larger LMs are 
not always worse (rather better       ) model of human sentence processing

(a) Logit-lens (b) Tuned-lens

Figure 3: Scaling effect between model size (parameter counts in log scale) and !LL. Each marker
corresponds to each LM’s !LL score from its best layer (red edge) or the last layer (black edge). The
regression lines show the scaling effects, and the red line is for best-layer’s !LL while the grey one is
for the last layer’s. The maker type (shape/size/color) follows Figure 1.

of the stimulus).

5.2 Revisiting LM-scaling effects in cognitive
modeling with internal layers

We revisit the question with our extended focus
on model internals: what kind of LMs yield the
best !LL from their internals? As the field is par-
ticularly interested in the relationship with model
scaling (Goodkind and Bicknell, 2018; Oh and
Schuler, 2023b), we examine the relationship be-
tween LM parameter size (x-axis) and !LL (y-
axis) for two scenarios: (1) using the last layer’s
!LL (grey lines), reproducing previous findings;
and (2) considering the best !LL layer identified
in this study (red lines).

Figure 3 illustrates these two relationships. The
grey lines align with prior findings relying on
the last layer (Oh and Schuler, 2023b; Michaelov
et al., 2024a), showing mixed scaling effects,
where larger LMs do not consistently outperform
smaller ones. However, the red lines reveal a pos-
itive scaling trend: larger LMs achieve equal or
better !LL compared to smaller LMs when inter-

nal layers are taken into account. The Pearson cor-
relation coefficients between parameter numbers
and !LL from the best layers were significantly
larger than zero on average, across settings.9 This
suggests that when the analysis extends to internal
layers, the !LL ranking flips, revealing that larger
LMs are seemingly more cognitively plausible. In
other words, larger LMs embed cognitively plau-
sible, smaller LMs within their internal. One no-
table exception is the MAZE processing time in
the NS dataset (Boyce and Levy, 2023), where a
strictly negative scaling effect persists, even when
internal layers are considered. PPL–!LL relation-
ships10 are additionally shown in Figure 8 in the
Appendix, which also show that the poor !LL of

9We collected the correlation coefficients between loga-
rithmic number of model parameters and !LL from the best
layers from 34 settings of {dataset} → {lens}, and one-
sample t-test shows that these coefficients are, on average,
significantly larger than zero (p-value < 0.05).

10Perplexity (PPL), a general quality measure of LMs,
is a geometric mean of next-word probabilities over data L:∏|L|

t=1 p(wt|w<t)
1/|L|. The PPL–!LL relationship has long

been investigated (Frank and Bod, 2011; Goodkind and Bick-
nell, 2018; Kuribayashi et al., 2021; Oh and Schuler, 2023b).
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Analysis: connection to working memory limitation

• Transformer’s superhuman context 
access is considered as one reason of 
human-LLM misalignment in cognitive 
modeling [Kuribayashi+,22][Oh+,24]

• One interpretation: Surprisal from earlier 
layer is less contextualized that matches 
human-like, moderately context-
dependent processing

Figure 7: The markers correspond to all the inter-
nal layers of our targeted LMs, which are sorted
by relative layer depth (x-axis). Two types of
scores (y-axis) are plotted: (i) Pearson correla-
tion coefficient between each layer’s surprisal vs.
less-contextualized bigram surprisal (blue); and
(ii) each layer’s surprisal vs. well-contextualized
LLM surprisal (red). We used tuned-lens results.

the next paragraph), whereas SPR and FPGD align
with earlier, less contextualized layers.

Working memory limitations in LMs Modern
neural LMs are not optimized to conserve cogni-
tive resources and often rely excessively on con-
text information, resulting in superhuman predic-
tions (Kuribayashi et al., 2022; Oh et al., 2024).
However, internal layers may exhibit a human-like
moderation of context use. The NLP community
has observed that LMs gradually enhance contex-
tualization across layers, from shallow representa-
tions in early layers to deeply contextualized rep-
resentations in later layers (Brunner et al. 2019;
Ethayarajh 2019; Toneva and Wehbe 2019).

We also confirmed the by-layer context-
sensitivity of surprisal by analyzing the correla-
tion between (i) intermediate layers’ surprisal and
less-contextualized bigram surprisal13; and (ii) in-
termediate layers’ surprisal and more contextual-
ized surprisal from the LLM with the lowest PPL
(OPT-66B). Figure 7 shows the above two types
of correlations for each model’s layer, with the
x-axis as the relative layer depth. This shows
that earlier layers correlate more strongly with bi-
gram surprisal (Pearson correlation coefficient r
for this relationship is →0.92), while later layers
align with more accurate, well-contextualized sur-
prisal (r=0.95). These findings reinforce the idea
that earlier layers exhibit limited context sensitiv-
ity, while later layers are more contextualized and

13Bigram LM is trained on OpenWebText (Gokaslan and
Cohen, 2019) with the KenLM toolkit (Heafield, 2011)

better suited for modeling data like MAZE, which
demands higher contextualization.

7.2 Connection to spill-over effects
There is another possible explanation about the
alignment of earlier/later layers with SPR/MAZE
that was discussed in Section 6.4. Self-paced
reading and eye-tracking measures often exhibit
spillover effects, where the processing of one word
influences subsequent words (Rayner, 1998). This
suggests that the comprehension of a word extends
beyond the immediate moment, and the associated
reading times may only capture an early stage of
processing. In contrast, the MAZE task (Forster
et al., 2009; Boyce and Levy, 2023), which mea-
sures the time taken to select a plausible continu-
ation from two candidates, mitigates spillover ef-
fects and is thus expected to reflect the full pro-
cess of word processing. Our findings — early
LM layers are more closely aligned with gaze du-
rations and self-paced reading times, while later
layers show a stronger alignment with MAZE —
align with this perspective.

7.3 Connection to LM-brain alignment study
Brain imaging data (e.g., fMRI) and reading be-
havior data have complementary advantages. Gen-
erally speaking, the former has a high spatial res-
olution (in which part of the brain particular pro-
cessing is performed), while the latter has a high
temporal resolution (how long does the process-
ing take). In the former context of fMRI mod-
eling research, layer-wise LM-human alignments,
similarly to us, have been attempted (Toneva and
Wehbe, 2019; Schrimpf et al., 2021; Caucheteux
et al., 2023) and suggested that different brain ar-
eas better align with different LM layers. Our
study is orthogonal to these studies with more fo-
cus on the temporal alignment between reading-
time and layer-time scales, which is concurrently
explored in Hu et al. (2025).

One additional difference with the above-
mentioned fMRI studies is that they typically
trained linear regression models to predict brain
activity directly using d-dimentional LM internal
representations h ↑ Rd as features, instead of us-
ing surprisal measures → log p(word|context) ↑
R→0. Thus, their results are not directly compara-
ble with existing surprisal-based studies and may
rather suffer from a confounding factor of differ-
ent d for different LMs when precisely discussing
LM-scaling effects.
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Take home messages

• Information-theoretic values from internal layers can also be options to 
analyze human-LLM cognitive alignment
• Good LM-counterpart to (fast) human word/sentence processing would 

be an early layer of LLMs
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LM-surprisal has underestimated garden-path effects (GPE)

• Surprisal alone cannot explain full cost of syntactic ambiguity processing

• Procedures:
• First estimate the surprisal—slowdown coefficient using held-out filler sentences
• Then predict the reading time difference in GP and non-GP sentences

The girl fed the lamb remained relatively calm
The girl who is fed the lamb remained relatively calm

Reading time slowdown
(here, total reading time)

[Huang+,24][Timkey+,25]
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Even internal-layer’s surprisal still estimates GPE

Even surprisal from earlier layers underestimates GPE!

Later layer
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Dual alignment of LM and human reading behavior

• Dual alignment:
• Earlier layers align with naturalistic reading time [Kuribayashi+,25]
• Later layer align with simulating GPE relatively well (although they still underestimate it)

Figure 2: Relationships between layer depth (x-axis) and !LL (y-axis) for each LM in three datasets:
FPGD in DC, SPR in NS, and MAZE in NS. The graphs are separated by model families and data. Each
line corresponds to a different model, and one with larger markers and more layers corresponds to the
bigger model within each model family. For each model, the best layer is indicated with a red edge line
and shading patterns, and the last layer is indicated with a black edge. The graph starts at the first layer,
not at the embedding layer. The results are based on logit-lens.

SPR is measured by presenting sentences
through a sliding word-by-word window, with par-
ticipants pressing a button to advance. FPGD, a
key eye-tracking measure, represents the total time
from first fixating on a word to moving to another
word. Maze processing time is measured during
a task requiring participants to select the plausible
continuation of a sentence, offering a controlled
alternative to naturalistic reading. EEG measures
brain activity, with N400 reflecting the negative
brain potential peaking around 400ms after word
presentation. These are the common measures em-
ployed to study expectation-based sentence pro-
cessing. SPR, FPGD, and MAZE are categorized
as human behavioral data, while EEG falls under
neurophysiological data.

To minimize confounding factors between stim-
ulus data and human measures, we included
datasets with multi-layered annotations across
multiple human measures. These include the Nat-
ural Stories Corpus (Futrell et al., 2021) with SPR7

and MAZE data (Boyce and Levy, 2023), ZuCO
corpus (Hollenstein et al., 2018) with FPGD and
N400 data, UCL Corpus (Frank et al., 2013) an-
notated with SPR, FPGD, and N400 data (Frank

7We use the version (2025-05-12) without the mis-
alignment problem (see https://github.com/

languageMIT/naturalstories).

et al., 2015), and filler sentences from Hahn et al.
(2022) annotated with SPR, FPGD, and MAZE
data (Vasishth et al., 2010; Hahn et al., 2022).
In particular, the FPGD and N400 data in ZuCO
were simultaneously recorded from the same hu-
man subjects, which likely minimized confound-
ing factors. As is common in preprocessing, we
exclude data points with zero SPR/FPGD/MAZE
value. Human data for each token in the corpus
were averaged across subjects prior to analysis,
following recent practices (Pimentel et al., 2023;
Oh and Schuler, 2023b; Kuribayashi et al., 2024;
de Varda et al., 2024).

4.2 Language models

We evaluate 30 open-source LMs including bilion-
scale ones: GPT-2 (124M, 355M, 774M, and 1.5B
parameters) (Radford et al., 2019), OPT (125M,
1.3B, 2.7B, 6.7B, 13B, 30B, and 66B parame-
ters) (Zhang et al., 2022), Pythia (14M, 31M,
70M, 160M, 410M, 1B, 1.4B, 2.8B, 6.9B, and
12B parameters) (Biderman et al., 2023), Qwen2.5
(0.5B, 1.5B, 3B, 7B, 14B, 32B, 72B), and Llama-
3.1 (8B and 70B). See Appendix B for details. For
tuned-lens experiments (Section 3.1), we use 14
of these models based on the availability of pre-
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Later layer exclusively contributes to modeling syntactically 
challenging reading 

Decompose GPE experiments: 
• Which layer exhibits a good fit to human reading behavior in syntactically challenging 

and unchallenging conditions? (relaxing the constraint to use different layers for each condition)

Humans seem to: 
• Usually employ a shallow-layer mode (consistent to naturalistic reading work)
• But incur a deep-layer mode when faced syntactically challenging sentences

Like a gear shift..? 35
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Layer time as yet another LM-derived processing cost…?

The gird found
the lamb remained…

The gird found that
the lamb remained…

Transformer layersEarlier layer’s surprisal
∝Human reading time

Processing cost ↑

More contextualization↑
Later layer’s surprisal
∝Human reading time

…

…

Syntactically	unchallenging

Syntactically	challenging

Internal surprisal
∝ Reading time 

• Advantage of more layers is a sign of 
more context-demanding reading…?

• Such a “layer time” completes the 
underestimated slowdown in GPE…?
• How much computation (layers; 

contextualization) was employed to 
form the anticipation?

To be continued
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If we have time
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What kind of language is easier for LMs to learn?

• How to answer this question?
• What kind of metric makes a fair comparison (e.g., against different character set)?
• How can one isolate a specific linguistic factor (e.g., word order)?

• We need artificially controlled corpus
• Corpus-first approach: 

manipulate existing corpus
• E.g., Create head-final English and head-initial English

• Grammar-first approach: 
generate fully-artificial but error-free 
controlled corpora with grammar rules

Can Language Models Learn Typologically Implausible Languages?

Tianyang Xua,b Tatsuki Kuribayashic Yohei Osekid
Ryan Cotterella Alex Warstadta,e

aETH Zürich bToyota Technical Institute at Chicago cMBZUAI
dThe University of Tokyo eUniversity of California San Diego
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Abstract

Grammatical features across human lan-
guages show intriguing correlations often at-
tributed to learning biases in humans. How-
ever, empirical evidence has been limited
to experiments with highly simplified arti-
ficial languages, and whether these correla-
tions arise from domain-general or language-
specific biases remains a matter of debate.
Language models (LMs) provide an oppor-
tunity to study artificial language learning
at a large scale and with a high degree of
naturalism. In this paper, we begin with an
in-depth discussion of how LMs allow us to
better determine the role of domain-general
learning biases in language universals. We
then assess learnability differences for LMs
resulting from typologically plausible and
implausible languages closely following the
word-order “universals” identified by linguis-
tic typologists. We conduct a symmetrical
cross-lingual study training and testing LMs
on an array of highly naturalistic but counter-
factual versions of the English (head-initial)
and Japanese (head-final) languages. Com-
pared to similar work, our datasets are more
naturalistic and fall closer to the boundary of
plausibility. Our experiments show that these
LMs are often slower to learn these subtly im-
plausible languages, while ultimately achiev-
ing similar performance on some metrics re-
gardless of typological plausibility. These
findings lend credence to the conclusion that
LMs do show some typologically-aligned
learning preferences, and that the typologi-
cal patterns may result from, at least to some
degree, domain-general learning biases.

https://github.com/sally-xu-42/

Typological_Universals

1 Introduction

A fundamental goal in linguistics is to elucidate
the universal properties underlying attested natural
languages and to explain why some conceivable

grammars but not others are widely attested. Many
typological universals and tendencies have been
identified (Greenberg, 1963; Barwise and Cooper,
1988; Dryer, 1992; Hyman, 2008), but their causes
are more elusive. There is disagreement over
whether typological patterns are caused by a learn-
ing bias that is language-specific (Chomsky, 1965)
or domain-general (Culbertson and Kirby, 2016),
or even whether such a bias is the cause at all (Hahn
et al., 2020). This debate has been difficult to re-
solve because we cannot manipulate variables dur-
ing acquisition of a child’s first language. However,
language models (LMs) have recently been advo-
cated for as a convenient model for human learners
that can enable large-scale controlled experiments
on language acquisition (Warstadt, 2022).

Relatedly, a lively literature on counterfactual
language learning in LMs has developed (Ravfogel
et al., 2019; Hahn et al., 2020; White and Cot-
terell, 2021; Clark et al., 2023; Kallini et al., 2024;
Kuribayashi et al., 2024, i.a.), sparking some de-
bate. Chomsky et al. (2023) criticized neural lan-
guage models (LMs) as having little consequence
for linguistic theory precisely because they can
putatively learn both possible and impossible lan-
guages (Mitchell and Bowers, 2020). In response,
Kallini et al. (2024) performed a set of experiments
to test neural LMs’ learnability of data with uncon-
troversially impossible properties as a natural lan-
guage (e.g., lacking hierarchical structure), finding
instead that LMs do indeed struggle with learning
typologically impossible languages.

In this paper, we advance these debates by test-
ing the learnability of typologically dispreferred
languages that fall closer to the boundary of pos-
sibility. The typological tendencies we study are
those famously enumerated by Greenberg (1963)
and subsequently refined based on larger-scale ty-
pological studies (Dryer, 1992). For example, lan-
guages with dominant subject-verb-object (SVO)
order overwhelmingly have prepositions, while
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Related Work: Artificial Languages

• White and Cotterell (2021) used PCFGs to generate 64 ALs and investigate which word 
order leads to lower perplexity

• Their PCFGs did not cover complex constructions such as unbounded dependencies, or 
VSO and OSV orders, resulting in limited coverage and reality of ALs

Figures from White and Cotterell 2021
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Systematic comparison of typological alignment

• Which LMs’ inductive bias is most aligned with typological frequency 
of word order?

• Typological frequency from WALS [Dryer&Haspelmath, 2013]

• Cognitively-motivated one (memory limitation & left-corner parsing) is relatively well

Memory limit. Memory limit. Memory limit.
w/o syntax TD syntactic LM LC syntactic LM

Memory limit. Memory limit. Memory limit.
w/o syntax TD syntactic LM LC syntactic LM

Figure 3: The results of global/local correlations. Each point corresponds to each run. Their colors and shapes
denote the syntactic bias of the models. The TD and LC variants in the Transformer, LSTM, SRN, and N-gram
settings correspond to the respective PLMs. The box presents the lower/upper quartiles.

been reported in both cognitive modeling (Hale
et al., 2018a; Yoshida et al., 2021) and language
generalization test (Kuncoro et al., 2018; Wilcox
et al., 2019). Henceforth, syntactic LMs refer to
the PLMs and (S)RNNGs.

PPL computation: We measure the PPL over
action sequences in each word order o when quan-
tifying the word-order preference of syntactic
LMs (§4.3): PPLω(xo,yo) :=

∏
t pω(a

o
t |a

o
<t)

1
|ao| .

We also examine a token-level predictability
PPLω(xo) in §8 and App. D.1, but such variations
did not alter the conclusions.

5.3 Baselines
We set two baselines: (i) a chance rate with ran-
dom assignments of perplexities (gray lines in Fig-
ure 3), and (ii) perplexities estimated by pre-trained
LLaMA2 (7B) (Touvron et al., 2023), a repre-
sentative of the large language models (LLMs),
prompted with several example sentences (blue
lines in Figure 3) (App. C.3) as a naive baseline.

6 Experiments

We compare the LM’s word-order preferences with
attested word-order distributions (§6). Then, we

further analyze what kind of word-order combina-
tions LMs prefer (§7).

6.1 Results

Figure 3 shows global and local correlations (see
App. D for the full results). The TD and LC
variations of the Transformer, LSTM, SRN, and
N-gram LMs correspond to the PLMs with their
respective architecture. We expect syntactic LMs
with the LC strategy to exhibit higher correlations
than the LMs without syntactic biases ( > ) and
those with cognitively unmotivated TD syntactic
bias ( > ).

Most LMs beat the chance rate: Overall, most
global and local correlations were higher than the
random baseline, reproducing the general trend
that common word orders induce lower PPL (Hahn
et al., 2020).7 As a sanity check, we also observed
that the LLaMA-2 exhibited weaker correlations
than cognitively-motivated LMs; the current suc-
cess of LLMs is orthogonal to our results.

7With a one-sample, one-sided t-test, models except for
LSTM LM, TD SRN PLM, TD RNNG, LC RNNG, TD
SRNNG yielded global correlations significantly larger than
zero, and models except for TD RNNG yielded local correla-
tions significantly larger than zero.
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Param. L R

S
Cat eats. Eats cat.

VP
Cat mouse eats. Cat eats mouse.

PP
Cat table on eats. Cat on table eats.

NP
Small cat eats. Cat small eats.

Rel
Likes milk that cat eats. Cat that likes milk eats.

Case
Cat-sub eats. Sub-cat eats.

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

[freq(LLLLLL), freq(LLLLLR), ..., freq(RRRRRR)].
Notably, particular configurations, typically with
harmonic (consistent) branching-directionality,
e.g., LLLLLL, LRRRRR, are common; such a
skewed distribution (typological markedness or
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

Artificial languages: We quantify which word
orders are harder for a particular LM. Here,
we adopt3 the set of artificial languages created
by White and Cotterell (2021) as a lens to quantify
the LMs’ biases. These languages share the same
default probabilistic context-free grammar (PCFG)
and differ from each other only in their word-order
configuration o → O (§4.1) overriding the word
order rules in the default grammar, resulting in
26 = 64 corpora with different word order o. Note
that the 64 corpora generated have the same prob-
abilities under the respective grammar and gold
parser; thus, differences in language-modeling dif-
ficulties can only stem from the model’s biases.
See App. A for the detailed configurations of artifi-
cial languages.

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

3We introduce the Case parameter determining the posi-
tion of case marker, while White and Cotterell (2021) fixed it
to be L. We omitted the Comp switch controlling the com-
plementizer position, e.g., “that,” 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.

Normalized frequency 
within attested langs.
Preference of LM A
Preference of LM B

Figure 2: The frequency distribution of 26 = 64 word-
order configurations within attested languages (blue
points) sorted in descending order. Suppose particu-
lar LMs A/B prefer word order as green/red points. The
LM A (green points) is considered to have typologically
more aligned inductive bias than the LM B (red points).

Quantifying perplexities: We train an LM on
each corpus with word order o and measure the PPL
of tokens xo in the respective held-out set. Repeat-
edly conducting the training/evaluation across the
64 corpora produces a PPL score vector, PPLω =
[PPLω(xLLLLLL),PPLω(xLLLLLR),PPLω(xLLLLRL),
...,PPLω(xRRRRRR)], which indicates the word-

order preferences of an LM.

4.4 Frequency–perplexity correlations
Global correlation: We measure the Pearson
correlation coefficient r(·, ·) between word order
frequencies f (§4.2) and their negative PPLω

(§4.3), considering lower PPL is better. We call
r(f ,↑PPLω) global correlation. A high global
correlation indicates that the LMs’ word-order pref-
erences reflect 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 first two parameters of S and VP, is chal-
lenging. Therefore, we assess how easy it is to sim-
ulate the markedness of the other parameters’ as-
signments. Specifically, we measure a relaxed ver-
sion of the correlation ignoring the subject, object,
and verb order (local correlation), which is defined
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,→PPLSOV

ω ) + r(f SVO,→PPLSVO

ω )

+ r(f OVS,→PPLOVS

ω ) + r(f VOS,→PPLVOS

ω )) .
(4)
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PCFG to CCG (CoNLL 2025)

• Propose a general direction to use Generalized Categorial Grammars 
(GCGs) for AL creation
oNaturally include mildly context-sensitive constructions
oCreate 96 ALs, including VSO and OSV variations (8% of NLs) missed in existing works

• Re-evaluate the word order preference of LSTMs and Transformers on these 
new ALs and also extend analyses to learning (preference) trajectory
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Exemplifying Different Word Orders

Parameter value Similar Language Sentence

0000000 Japanese Tall man ga and small child ga grandmother o visited

0101101 English Tall man ga and small child ga visited grandmother o

0101111 Spanish Man tall ga and child small ga visited grandmother o

0000010 Hmong Daw Man tall ga and child small ga grandmother o visited

(Re)defining word order switches
with GCG notation 

Now word order switch is translated to 
the directionality of "/" or "\"

43



Dataset Generation

Defining 96 GCGs using 7 binary word order 
parameters

Randomly generating category sequences, i.e., 
templates (like PoS tag seq.)

Filtering the templates based on their parsability 
w/ each GCG parser

Sampling lexicons for each category in each 
template, creating 50K sentences per grammar
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Replication of White&Cotterell 2021

• Mostly reproduced : 
• Transformer exhibits more varied preferences etc.
• Seemingly, slightly better typological alignment of Transformer, compared to 

W&C 2021 (but not exactly compared)

(a) 5 epochs

(b) 10 epochs

(c) Early-stop

Figure 2: PPLs over 96 grammars. The blue and orange box plots correspond to Transformer and LSTM, respectively.
The bars in the graph show the percentage of world languages for each grammar (blue) and word order group, e.g.,
SOV (gray).

et al., 2017) models. We evaluate perplexity (PPL)
over the sentences of the different word orders and
investigate the inductive biases that models may
have towards specific word order configurations.
For each of our 96 languages, similarly to Kurib-
ayashi et al. (2024), the 50K sentences are divided
across 5 runs. In each run, the 10K sequences
are divided into train/dev/test split with a ratio of
8:1:1. Different random seeds are used in each run.
We will basically follow the experimental settings
in White and Cotterell (2021) and Kuribayashi et al.
(2024) but also extend some analyses focusing on
learning dynamics across different training epochs,
rather than focusing only on a specific epoch (10
epochs in Kuribayashi et al. (2024)) or the end of
learning based on specific criteria (early stopping
with patience of 5 in White and Cotterell (2021)).

4.2 Results

What kind of language is harder to learn? Fol-
lowing White and Cotterell (2021); Kuribayashi
et al. (2024), we show the PPL distribution across
96 grammars in Figure 2. The distributions at 5
epochs (Figure 2a), 10 epochs (Figure 2b), and
the end of training based on early-stopping (con-
sistently longer than 10 epochs; Figure 2c) are re-
ported. Comparing our early-stopping results with
those reported in White and Cotterell (2021) with
the same stopping criteria, we replicate a high-level
trend that Transformers exhibit more PPL varia-
tions than LSTMs. At the same time, we observe
a somewhat clearer preference of Transformers to-
ward head-final word orders (grammars with many
0s) than reported in White and Cotterell (2021).

We also observe a dynamic change in word or-
der preference during training. Specifically, at the
earlier training phase (5 epochs; Figure 2a), the
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Length generalization (EMNLP 2025)

• Significant correlation between simple RNN’s inductive bias and 
typological frequency when length generalization is evaluated 

SHORT MEDIUM LONG

Model SOV OSV SVO OVS VSO VOS TA → SOV OSV SVO OVS VSO VOS TA → SOV OSV SVO OVS VSO VOS TA →

Transformer (PPL →) 41.8 41.6 42.3 42.6 42.7 43.3 ↑27.7† 65.2 63.5 64.2 65.9 66.1 65.0 ↑10.4 102.3 99.4 97.9 104.0 107.6 97.9 ↑19.2
LSTM (PPL →) 38.7 38.8 38.7 38.4 39.1 38.5 ↑14.2 85.9 91.7 88.0 97.5 92.9 97.9 ↑31.0† 131.9 141.5 160.7 205.5 180.9 207.5 ↑33.4†
RNN (PPL →) 40.4 41.0 40.6 39.7 40.1 39.7 13.0 67.8 67.9 66.7 69.6 69.0 69.4 ↑17.4 91.8 94.6 93.2 118.0 109.0 114.2 ↑43.1†

Natural Lang. (Prob. ↓) 0.54 0.04 0.23 0.01 0.12 0.05 - 0.54 0.04 0.23 0.01 0.12 0.05 - 0.54 0.04 0.23 0.01 0.12 0.05 -

Table 3: Average PPLs within each base word order group as well as Pearson’s correlation coefficient between PPL
and the frequency of respective word order in the world. Negative TA (typological alignment) scores are highlighted
in bold. Statistical significance of correlation coefficient (p<0.05) is marked with †.

Language Recursive Relative Clauses Embedded Relative Clause

0000000 John ga promised which pasta ga nibbles which
fruits ga wall o received

John ga pasta ga nibbles that said which fruits
ga wall o received

0101101 (English) fruits ga which pasta ga which John ga promised
nibbles received wall o

fruits ga which John ga said that pasta ga nibbles
received wall o

1111111 received wall o fruits ga which nibbles pasta ga
which promised John ga

received wall o fruits ga which said that nibbles
pasta ga John ga

Table 4: Examples in challenging test sets. The examples with the 0101101 word order parameters follow the basic
English word order.

Model RECURSIVE (TA →) EMBEDDED (TA →)

Transformer ↑5.1 ↑23.5†

LSTM 9.2 ↑3.7
RNN 12.9 ↑18.1†

Table 5: Correlation between PPL in the targeted eval-
uation set for each language and typological plausibil-
ity. Statistical significance of correlation coefficient
(p<0.05) is marked with †.

memory, and the LSTM and RNN with recurrent
model architecture have such cognitively plausible
constraints, at least compared to the Transformer
architecture.

6 Experiment 2: PPLs in Targeted
Generalization Sets

PPLs reported in § 5 are a holistic measure of out-
of-domain generalization, given that the data is less
focused on specific linguistic phenomena.

Evaluation settings. As a complementary evalu-
ation, we introduce additional challenging out-of-
domain test sets that focus on unbounded depen-
dency constructions: (i) recursive relative clauses,
where two relative clauses are used in a nested; and
(ii) embedded relative clauses, where the relative
clause is in another subordinate clause, such as “he
said” (Table 4). We refer to these test sets as the RE-
CURSIVE and EMBEDDED test sets, respectively.
All the sentences have the same construction as
shown in Table 4, and lexicons are randomly sam-

pled, resulting in 500 test sentences. Note that these
constructions are successfully regarded as gram-
matical under our GCG-based framework with the
permutation operation, and are not included in the
training set as they exceed the length of 8. We
report the TA score, i.e., correlation between PPL
and typological distribution, on these challenging
test sets.

Results. Table 5 shows the TA scores for each
challenging set and model. In the RECURSIVE set,
the correlations are not statistically significant. The
ease of such generalization was not related to the
typological plausibility of word order, and possibly
LMs simply failed to learn such a complex struc-
ture. In the EMBEDDED set, the correlations tend
to be negative, and Transformer and RNN exhib-
ited statistically significant correlations. This result
in EMBEDDED set is overall consistent with the
previous finding that typologically common ALs
are easier to generalize for LMs. That is, we found
that, when the evaluation is extended to specific
complex constructions, the results are somewhat
phenomenon-dependent and require further investi-
gation with broader-coverage targeted evaluations.

7 Experiment 3: Grammaticality
Judgment Accuracy

Lastly, we also perform grammaticality judgment
evaluation as orthogonal to PPL evaluation, follow-
ing the widely adopted minimal pair grammatical-
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Abstract

Whether language models (LMs) have induc-
tive biases that favor typologically frequent
grammatical properties over rare, implausible
ones has been investigated, typically using ar-
tificial languages (ALs) (White and Cotterell,
2021; Kuribayashi et al., 2024). In this pa-
per, we extend these works from two perspec-
tives. First, we extend their context-free AL for-
malization by adopting Generalized Categorial
Grammar (GCG) (Wood, 2014), which allows
ALs to cover attested but previously overlooked
constructions, such as unbounded dependency
and mildly context-sensitive structures. Second,
our evaluation focuses more on the generaliza-
tion ability of LMs to process unseen longer
test sentences. Thus, our ALs better capture
features of natural languages and our experi-
mental paradigm leads to clearer conclusions —
typologically plausible word orders tend to be
easier for LMs to productively generalize.

1 Introduction

Attested natural languages (NLs) possess different
grammatical properties, such as different word or-
ders. This naturally raises a question about what
kind of language is easier for language models
(LMs) to learn (Cotterell et al., 2018; Mielke et al.,
2019; White and Cotterell, 2021; Borenstein et al.,
2024; Arnett and Bergen, 2025). This question
has even been extended to counterfactual, impossi-
ble languages (Mitchell and Bowers, 2020; Kallini
et al., 2024; Kuribayashi et al., 2024). Two related
additional questions are why are some combina-
tions of features typologically common and oth-
ers rare (Dryer and Haspelmath, 2013), and what
role if any can LMs play in exploring such ques-
tions (Chomsky et al., 2023).

To answer these questions, we need to under-
stand how we can adequately measure the inductive
bias of LMs over specific grammatical properties?

*Equal contribution.

There are at least two challenges from both data
and evaluation metric perspectives. On the data
side, NLs differ across a variety of dimensions, and
thus isolating a specific grammatical factor for eval-
uation is challenging with NL data (Mielke et al.,
2019). The use of artificial languages (ALs), in-
stead, is a promising direction to enable more con-
trolled experimental setups (White and Cotterell,
2021), but ALs are often highly simplified and lack
critical properties underlying NLs, such as context-
free Dyck languages. On the evaluation metric side,
LM performance is often measured with perplexity
(PPL) on the held-out dataset sampled from the
same distribution (domain) as the training data.1

An additional important aspect to be evaluated in
language learning is, however, the ability to produc-
tively generalize to longer sentences from shorter
stimuli, generally motivated by the argument of
“infinite use of finite means”.

In this paper, we advance this line of research
on both data and evaluation sides. For the data,
we introduce an extensible approach to defining
ALs, based on Generalized Categorial Grammars
(GCGs) (Wood, 2014). Our framework can support
the inclusion of mildly context-sensitive (indexed
language) constructions, such as cross-serial de-
pendencies, and a general approach to unbounded
filler-gap dependencies, while maintaining diverse
naturalistic constructions. We exemplify this by
extending the set of ALs in White and Cotterell
(2021) to include object relative clauses as one ex-
emplar of unbounded dependencies.

For the evaluation metric, we target the general-
ization of LMs from shorter exposures during train-
ing to a longer test set. That is, we train LMs on a
set of shorter AL sentences and then evaluate their
performance on the unseen, longer AL sentences.
We further introduce several evaluation perspec-

1We use the terms “in-domain” and “out-of-domain” just
based on the length of the dataset in this study, while these are
often relevant to more semantic differences of the data.
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Curriculum learning effect (under review)

• Which language is easier to learn in cognitively more plausible learning scenario?
• The importance of “starting small” [Elman, 1993]

• Length-based curriculum learning as additional environmental bias
• Is there interaction effect between model’s inductive bias and curriculum learning bias? --- Yes
• Under curriculum learning, less aligned with typological tendencies…

(a) S!"#$ test (length 3–8).

(b) M%&’() test (length 9–10).

(c) L"*+ test (length 11–20).

Figure 5: Distributions of perplexities and typological plausibility across languages. The error bars indicate
max and min PPLs within three runs. The smaller, semi-transparent markers correspond to the results
without CL (as in El-Naggar et al. (2025b)).

S!"#$ M%&’() L"*+
Model CL SOV OSV SVO OVS VSO VOS TA → SOV OSV SVO OVS VSO VOS TA → SOV OSV SVO OVS VSO VOS TA →

Transformer 41.8 41.6 42.3 42.6 42.7 43.3 ↑27.7
† 65.2 63.5 64.2 65.9 66.1 65.0 ↑10.4 102.3 99.4 97.9 104.0 107.6 97.9 ↑19.2

Transformer ↭ 50.2 48.8 49.3 52.6 53.3 53.4 ↑22.3
† 63.2 61.8 62.9 62.8 68.9 64.7 ↑5.9 95.1 112.9 83.1 89.9 106.2 96.2 ↑18.0

†

LSTM 38.7 38.8 38.7 38.4 39.1 38.5 ↑14.2 85.9 91.7 88.0 97.5 92.9 97.9 ↑31.0
† 131.9 141.5 160.7 205.5 180.9 207.5 ↑33.4

†

LSTM ↭ 44.4 44.9 44.5 43.9 44.2 44.4 16.1 95.6 102.3 101.9 112.4 119.8 117.7 ↑20.1
† 113.8 122.0 119.3 153.6 151.9 163.7 ↑32.3

†

RNN 40.4 41.0 40.6 39.7 40.1 39.7 13.0 67.8 67.9 66.7 69.6 69.0 69.4 ↑17.4 91.8 94.6 93.2 118.0 109.0 114.2 ↑43.1
†

RNN ↭ 45.9 47.4 45.1 44.5 45.0 44.8 14.2 80.3 84.5 89.7 76.6 91.7 78.1 21.2 102.9 107.2 113.0 117.6 113.7 117.8 ↑20.2
†

NL (Prob. ↓) 0.54 0.04 0.23 0.01 0.12 0.05 - 0.54 0.04 0.23 0.01 0.12 0.05 - 0.54 0.04 0.23 0.01 0.12 0.05 -

Table 1: Average PPLs within each base word order group as well as Pearson’s correlation coe!cient
between PPL and the frequency of respective word orders in the world. Negative TA (typological alignment)
scores are highlighted in bold. Statistical significance of correlation coe!cient (p<0.05) is marked with †.

PPLs in Targeted Generalization Sets. We
measure PPLs on the test data with specific com-
plex constructions, using the same dataset as El-
Naggar et al. (2025b). Here, the focus of the gener-
alization is on unbounded dependency structures,
specifically recursive relative clauses (R%,(#-’.%),
where relative clauses are nested, and embedded
relative clauses (E)/%&&%&), where the relative
clause is embedded in a subordinate clause (see

El-Naggar et al. (2025b) for details). The TA scores
are calculated on these test sets. Table 2 shows
both results with and without CL, and CL typically
worsens TA scores, while the relative order of TA
scores among conditions is basically preserved,
e.g., Transformer in E)/%&&%& yields the lowest
TA, while RNN in R%,(#-’.% yields the highest TA
with and without CL.

7
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Typological alignment of stack-Transformer…? 
(to be continued)
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Abstract

Whether language models (LMs) have induc-
tive biases that favor typologically frequent
grammatical properties over rare, implausible
ones has been investigated, typically using ar-
tificial languages (ALs) (White and Cotterell,
2021; Kuribayashi et al., 2024). In this pa-
per, we extend these works from two perspec-
tives. First, we extend their context-free AL for-
malization by adopting Generalized Categorial
Grammar (GCG) (Wood, 2014), which allows
ALs to cover attested but previously overlooked
constructions, such as unbounded dependency
and mildly context-sensitive structures. Second,
our evaluation focuses more on the generaliza-
tion ability of LMs to process unseen longer
test sentences. Thus, our ALs better capture
features of natural languages and our experi-
mental paradigm leads to clearer conclusions —
typologically plausible word orders tend to be
easier for LMs to productively generalize.

1 Introduction

Attested natural languages (NLs) possess different
grammatical properties, such as different word or-
ders. This naturally raises a question about what
kind of language is easier for language models
(LMs) to learn (Cotterell et al., 2018; Mielke et al.,
2019; White and Cotterell, 2021; Borenstein et al.,
2024; Arnett and Bergen, 2025). This question
has even been extended to counterfactual, impossi-
ble languages (Mitchell and Bowers, 2020; Kallini
et al., 2024; Kuribayashi et al., 2024). Two related
additional questions are why are some combina-
tions of features typologically common and oth-
ers rare (Dryer and Haspelmath, 2013), and what
role if any can LMs play in exploring such ques-
tions (Chomsky et al., 2023).

To answer these questions, we need to under-
stand how we can adequately measure the inductive
bias of LMs over specific grammatical properties?

*Equal contribution.

There are at least two challenges from both data
and evaluation metric perspectives. On the data
side, NLs differ across a variety of dimensions, and
thus isolating a specific grammatical factor for eval-
uation is challenging with NL data (Mielke et al.,
2019). The use of artificial languages (ALs), in-
stead, is a promising direction to enable more con-
trolled experimental setups (White and Cotterell,
2021), but ALs are often highly simplified and lack
critical properties underlying NLs, such as context-
free Dyck languages. On the evaluation metric side,
LM performance is often measured with perplexity
(PPL) on the held-out dataset sampled from the
same distribution (domain) as the training data.1

An additional important aspect to be evaluated in
language learning is, however, the ability to produc-
tively generalize to longer sentences from shorter
stimuli, generally motivated by the argument of
“infinite use of finite means”.

In this paper, we advance this line of research
on both data and evaluation sides. For the data,
we introduce an extensible approach to defining
ALs, based on Generalized Categorial Grammars
(GCGs) (Wood, 2014). Our framework can support
the inclusion of mildly context-sensitive (indexed
language) constructions, such as cross-serial de-
pendencies, and a general approach to unbounded
filler-gap dependencies, while maintaining diverse
naturalistic constructions. We exemplify this by
extending the set of ALs in White and Cotterell
(2021) to include object relative clauses as one ex-
emplar of unbounded dependencies.

For the evaluation metric, we target the general-
ization of LMs from shorter exposures during train-
ing to a longer test set. That is, we train LMs on a
set of shorter AL sentences and then evaluate their
performance on the unseen, longer AL sentences.
We further introduce several evaluation perspec-

1We use the terms “in-domain” and “out-of-domain” just
based on the length of the dataset in this study, while these are
often relevant to more semantic differences of the data.
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ABSTRACT

Attention, specifically scaled dot-product attention, has proven effective for natu-
ral language, but it does not have a mechanism for handling hierarchical patterns
of arbitrary nesting depth, which limits its ability to recognize certain syntactic
structures. To address this shortcoming, we propose stack attention: an atten-
tion operator that incorporates stacks, inspired by their theoretical connections to
context-free languages (CFLs). We show that stack attention is analogous to stan-
dard attention, but with a latent model of syntax that requires no syntactic super-
vision. We propose two variants: one related to deterministic pushdown automata
(PDAs) and one based on nondeterministic PDAs, which allows transformers to
recognize arbitrary CFLs. We show that transformers with stack attention are very
effective at learning CFLs that standard transformers struggle on, achieving strong
results on a CFL with theoretically maximal parsing difficulty. We also show that
stack attention is more effective at natural language modeling under a constrained
parameter budget, and we include results on machine translation.

1 INTRODUCTION

Although transformers (Vaswani et al., 2017) have proven very successful on natural language, lin-
guists have long held that language contains hierarchical syntactic structures (Chomsky, 1956, inter

alia). Transformers do not appear to have any explicit mechanism for dealing with nested syntactic
patterns of arbitrary depth. Recent theoretical work, in fact, has shown that finite-precision trans-
formers cannot recognize certain syntactic patterns, such as Dyck-2 (Hahn, 2020), although they
can do so up to bounded depth (Yao et al., 2021). Recent work has also shown that transformers
have a linear, rather than hierarchical, inductive bias (Petty & Frank, 2021; Mueller et al., 2022)
unless trained long past convergence (Murty et al., 2023a). This might explain, at least partly, why
transformers are much less data-efficient than human children at learning language (Gilkerson et al.,
2017; van Schijndel et al., 2019; Zhang et al., 2021; Frank, 2023; Warstadt et al., 2023).

In this paper, we propose a novel type of attention mechanism, stack attention, that is explicitly
designed to model hierarchical patterns. It does this by treating input vectors as items in a stack,
and performing a soft-selection not directly over input vectors, but over sequences of stack ac-
tions. We motivate this theoretically by pointing out that pushdown automata (PDAs), which are
finite automata augmented with stacks, recognize the entire class of context-free languages (CFLs),
which capture the essence of compositionality and recursion in natural language syntax (Hopcroft
& Ullman, 1979; Sipser, 2013). Accordingly, we expect stack attention to increase transformers’
expressive power, in addition to possibly learning language from fewer examples and generalizing
to held-out combinations of syntactic patterns in more human-like fashion.

Stack attention draws from prior work on differentiable stacks, which are continuous functions
that approximate the behavior of discrete stacks (Grefenstette et al., 2015; Joulin & Mikolov, 2015;
DuSell & Chiang, 2020). We adapt two differentiable stacks into attention operators: the “super-
position” stack of Joulin & Mikolov (2015), and a nondeterministic generalization introduced by

→Work done while at the University of Notre Dame.
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Abstract

In computational psycholinguistics, various
language models have been evaluated against
human reading behavior (e.g., eye movement)
to build human-like computational models.
However, most previous efforts have focused
almost exclusively on English, despite the re-
cent trend towards linguistic universal within
the general community. In order to fill the gap,
this paper investigates whether the established
results in computational psycholinguistics can
be generalized across languages. Specifically,
we re-examine an established generalization
—the lower perplexity a language model has,

the more human-like the language model is—
in Japanese with typologically different struc-
tures from English. Our experiments demon-
strate that this established generalization ex-
hibits a surprising lack of universality; namely,
lower perplexity is not always human-like.
Moreover, this discrepancy between English
and Japanese is further explored from the
perspective of (non-)uniform information den-
sity. Overall, our results suggest that a cross-
lingual evaluation will be necessary to con-
struct human-like computational models.

1 Introduction

It is well known that the probability of a word
in context (i.e., surprisal) impacts its processing
difficulty in incremental human language compre-
hension (Hale, 2001; Demberg and Keller, 2008;
Levy, 2008; Smith and Levy, 2013). Building
on this basis, researchers have compared a vari-
ety of language models (LMs) in terms of how well
their surprisal correlates with human reading be-
havior (Roark et al., 2009; Frank and Bod, 2011;
Fossum and Levy, 2012; Hale et al., 2018; Good-
kind and Bicknell, 2018; Aurnhammer and Frank,
2019; Merkx and Frank, 2020; Wilcox et al., 2020).
Such investigations could provide insights into the
development of a general computational model of

human language processing. For example, recent
studies reported that LMs with better performance
for next-word prediction could also better predict
the human reading behavior (i.e. more human-
like) (Fossum and Levy, 2012; Goodkind and Bick-
nell, 2018; Wilcox et al., 2020).

In this paper, we re-examine whether the re-
cent findings on human-like computational mod-
els can be generalized across languages. Despite
the community’s ongoing search for a language-
independent model (Bender, 2011), existing stud-
ies have focused almost exclusively on the English
language. Having said that, broad-coverage cross-
linguistic evaluation of the existing reports is pro-
hibitively difficult. In fact, data on human reading
behavior (e.g., eye movement) is available only in
limited languages. As an initial foray, this study
focuses on the Japanese language as a representa-
tive of languages that have typologically different
characteristics from the English language. If the ob-
servation is different between English and Japanese,
the current findings on English data might lack a
universality across languages.

We specifically revisit the recent report—the

lower perplexity a LM has, the more human-like the

LM is—in the English and Japanese languages (Fos-
sum and Levy, 2012; Goodkind and Bicknell, 2018;
Wilcox et al., 2020). In addition to the importance
of cross-linguistic evaluation, the report itself is
worth investigating. Recent studies in the machine
learning field have reported that more parameters,
training data, and computation cost can result in
better PPL (Kaplan et al., 2020; Brown et al., 2020).
Our investigation has implications for whether a
human-like model might exist beyond such im-
provements.

More concretely, over three dozens of LMs were
trained for each language, with variants in their ar-
chitecture, training data size, and the number of pa-
rameter updates. Then, the surprisals computed by
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Context Limitations Make Neural Language Models More Human-Like
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Abstract
Language models (LMs) have been used in
cognitive modeling as well as engineering
studies—they compute information-theoretic
complexity metrics that simulate humans’ cog-
nitive load during reading. This study high-
lights a limitation of modern neural LMs as the
model of choice for this purpose: there is a dis-
crepancy between their context access capaci-
ties and that of humans. Our results showed
that constraining the LMs’ context access im-
proved their simulation of human reading be-
havior. We also showed that LM-human gaps
in context access were associated with specific
syntactic constructions; incorporating syntac-
tic biases into LMs’ context access might en-
hance their cognitive plausibility.1

1 Introduction
In computational psycholinguistics, human read-
ing behavior has been compared with various
complexity metrics to understand human sentence
processing (Crocker, 2007). Having historically
started from simple measures such as word length,
surprisal (� log p(word|context)) computed by
language models (LMs) has become a common
choice (Levy, 2008; Smith and Levy, 2013). On
top of this, the next question arises—which model
implementation and/or algorithm can compute sur-
prisal that successfully simulates human behavior?
In this line of research, modern neural LMs such
as Transformer (Vaswani et al., 2017) have been
analyzed with respect to their cognitive plausibil-
ity (Wilcox et al., 2020; Merkx and Frank, 2021;
Kuribayashi et al., 2021).

Despite their use in cognitive modeling, such
modern LM architectures (e.g., self-attention) are,
arguably, an unnatural choice when it comes to
human cognitive constraints; modern LM architec-
tures assume powerful, parallel access to a vast

1Our codes are available at � https://github.
com/kuribayashi4/context_limitation_cognitive_
modeling

Figure 1: Relationship between psychometric predic-
tive power (PPP) of language models (LMs) and their
context access constraints. LMs with less context ac-
cess better simulate human reading behavior (higher
PPP). The marker color/shape indicates LM settings;
colored areas present one standard deviation of PPP.

number of context tokens, while humans might
have limited and selective context access (Hawkins,
1994; Gibson, 1998, 2000; Lewis et al., 2006).
Searching for a computational model that better
simulates human sentence processing than previ-
ously examined ones, we hypothesized that intro-
ducing such context limitations can improve LMs’
estimation of human cognitive load.

Specifically, as a starting point, we applied an
n-gram-ification trick to neural LMs mimicking
loading for long context access (locality effects)
and compared their surprisal with human reading
behavior data. Despite the simple context limita-
tion design, our experiments with 280 settings (40
LM settings⇥7 noise patterns) showed that the ad-
vantage of a shorter context was consistent among
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Abstract

Whether language models (LMs) have induc-
tive biases that favor typologically frequent
grammatical properties over rare, implausible
ones has been investigated, typically using ar-
tificial languages (ALs) (White and Cotterell,
2021; Kuribayashi et al., 2024). In this pa-
per, we extend these works from two perspec-
tives. First, we extend their context-free AL for-
malization by adopting Generalized Categorial
Grammar (GCG) (Wood, 2014), which allows
ALs to cover attested but previously overlooked
constructions, such as unbounded dependency
and mildly context-sensitive structures. Second,
our evaluation focuses more on the generaliza-
tion ability of LMs to process unseen longer
test sentences. Thus, our ALs better capture
features of natural languages and our experi-
mental paradigm leads to clearer conclusions —
typologically plausible word orders tend to be
easier for LMs to productively generalize.

1 Introduction

Attested natural languages (NLs) possess different
grammatical properties, such as different word or-
ders. This naturally raises a question about what
kind of language is easier for language models
(LMs) to learn (Cotterell et al., 2018; Mielke et al.,
2019; White and Cotterell, 2021; Borenstein et al.,
2024; Arnett and Bergen, 2025). This question
has even been extended to counterfactual, impossi-
ble languages (Mitchell and Bowers, 2020; Kallini
et al., 2024; Kuribayashi et al., 2024). Two related
additional questions are why are some combina-
tions of features typologically common and oth-
ers rare (Dryer and Haspelmath, 2013), and what
role if any can LMs play in exploring such ques-
tions (Chomsky et al., 2023).

To answer these questions, we need to under-
stand how we can adequately measure the inductive
bias of LMs over specific grammatical properties?

*Equal contribution.

There are at least two challenges from both data
and evaluation metric perspectives. On the data
side, NLs differ across a variety of dimensions, and
thus isolating a specific grammatical factor for eval-
uation is challenging with NL data (Mielke et al.,
2019). The use of artificial languages (ALs), in-
stead, is a promising direction to enable more con-
trolled experimental setups (White and Cotterell,
2021), but ALs are often highly simplified and lack
critical properties underlying NLs, such as context-
free Dyck languages. On the evaluation metric side,
LM performance is often measured with perplexity
(PPL) on the held-out dataset sampled from the
same distribution (domain) as the training data.1

An additional important aspect to be evaluated in
language learning is, however, the ability to produc-
tively generalize to longer sentences from shorter
stimuli, generally motivated by the argument of
“infinite use of finite means”.

In this paper, we advance this line of research
on both data and evaluation sides. For the data,
we introduce an extensible approach to defining
ALs, based on Generalized Categorial Grammars
(GCGs) (Wood, 2014). Our framework can support
the inclusion of mildly context-sensitive (indexed
language) constructions, such as cross-serial de-
pendencies, and a general approach to unbounded
filler-gap dependencies, while maintaining diverse
naturalistic constructions. We exemplify this by
extending the set of ALs in White and Cotterell
(2021) to include object relative clauses as one ex-
emplar of unbounded dependencies.

For the evaluation metric, we target the general-
ization of LMs from shorter exposures during train-
ing to a longer test set. That is, we train LMs on a
set of shorter AL sentences and then evaluate their
performance on the unseen, longer AL sentences.
We further introduce several evaluation perspec-

1We use the terms “in-domain” and “out-of-domain” just
based on the length of the dataset in this study, while these are
often relevant to more semantic differences of the data.

35588

Attention is Not Only a Weight:
Analyzing Transformers with Vector Norms

Goro Kobayashi1 Tatsuki Kuribayashi1,2 Sho Yokoi1,3 Kentaro Inui1,3
1 Tohoku University 2 Langsmith Inc. 3 RIKEN

{goro.koba, kuribayashi, yokoi, inui}@ecei.tohoku.ac.jp

Abstract
Attention is a key component of Transform-
ers, which have recently achieved consider-
able success in natural language processing.
Hence, attention is being extensively studied
to investigate various linguistic capabilities of
Transformers, focusing on analyzing the par-
allels between attention weights and specific
linguistic phenomena. This paper shows that
attention weights alone are only one of the
two factors that determine the output of atten-
tion and proposes a norm-based analysis that
incorporates the second factor, the norm of
the transformed input vectors. The findings
of our norm-based analyses of BERT and a
Transformer-based neural machine translation
system include the following: (i) contrary to
previous studies, BERT pays poor attention to
special tokens, and (ii) reasonable word align-
ment can be extracted from attention mecha-
nisms of Transformer. These findings provide
insights into the inner workings of Transform-
ers.

1 Introduction

Transformers (Vaswani et al., 2017; Devlin et al.,
2019; Yang et al., 2019; Liu et al., 2019; Lan et al.,
2020) have improved the state-of-the-art in a wide
range of natural language processing tasks. The
success of the models has not yet been sufficiently
explained; hence, substantial research has focused
on assessing the linguistic capabilities of these
models (Rogers et al., 2020; Clark et al., 2019).

One of the main features of Transformers is that
they utilize an attention mechanism without the
use of recurrent or convolutional layers. The atten-
tion mechanism computes an output vector by ac-
cumulating relevant information from a sequence
of input vectors. Specifically, it assigns attention
weights (i.e., relevance) to each input, and sums
up input vectors based on their weights. The anal-
ysis of correlations between attention weights and

various linguistic phenomena (i.e., weight-based

analysis) is a prominent research area (Clark et al.,
2019; Kovaleva et al., 2019; Reif et al., 2019; Lin
et al., 2019; Mareček and Rosa, 2019; Htut et al.,
2019; Raganato and Tiedemann, 2018; Tang et al.,
2018).

This paper first shows that weight-based analy-
sis is insufficient to analyze the attention mech-
anism. Weight-based analysis is a common ap-
proach to analyze the attention mechanism by
simply tracking attention weights. The attention
mechanism can be expressed as a weighted sum of
linearly transformed vectors (Section 2.2); how-
ever, the effect of transformed vectors in weight-
based analysis is ignored. We propose a norm-

based analysis that considers the previously ig-
nored factors (Section 3). In this analysis, we mea-
sure the norms (lengths) of the vectors that were
summed to compute the output vector of the atten-
tion mechanism.

Using the norm-based analysis of BERT (Sec-
tion 4), we interpreted the internal workings of
the model in more detail than when weight-based
analysis was used. For example, the weight-based
analysis (Clark et al., 2019; Kovaleva et al., 2019)
reports that specific tokens, such as periods, com-
mas, and special tokens (e.g., separator token;
[SEP]), tend to have high attention weights. How-
ever, our norm-based analysis found that the in-
formation collected from vectors corresponding to
special tokens was considerably lesser than that re-
ported in the weight-based analysis, and the large
attention weights of these vectors were canceled
by other factors. Additionally, we found that
BERT controlled the levels of contribution from
frequent, less informative words by controlling the
norms of their vectors.

In the analysis of a Transformer-based NMT
system (Section 5), we reinvestigated how accu-
rate word alignment can be extracted from the
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