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Abstract
A recent study (Kuribayashi et al., 2025)
has shown that human sentence processing
behavior, typically measured on syntactically
unchallenging constructions, can be effectively
modeled using surprisal from early layers of
large language models (LLMs). This raises
the question of whether such advantages of
internal layers extend to more syntactically
challenging constructions, where surprisal
has been reported to underestimate human
cognitive effort. In this paper, we begin by
exploring internal layers that better estimate
human cognitive effort observed in syntactic
ambiguity processing in English. Our exper-
iments show that, in contrast to naturalistic
reading, later layers better estimate such a
cognitive effort, but still underestimate the
human data. This dual alignment sheds light
on different modes of sentence processing in
humans and LMs: naturalistic reading employs
a somewhat weak prediction akin to earlier
layers of LMs, while syntactically challenging
processing requires more fully-contextualized
representations, better modeled by later layers
of LMs. Motivated by these findings, we also
explore several probability-update measures
using shallow and deep layers of LMs, showing
a complementary advantage to single-layer’s
surprisal in reading time modeling.

https://github.com/kuribayashi4/
internal_surprisal_targeted_assessment

1 Introduction

A central goal in computational psycholinguistics is
to understand human sentence processing through
constructing a computational model that can sim-
ulate it (Crocker, 2007). Language models (LMs)
have offered a framework to explore the candidates
for cognitively plausible models, motivated by the
widely held view that prediction is a core princi-
ple of human sentence processing (Clark, 2013;
Levy, 2008a; Smith and Levy, 2013). As LMs are
fundamentally designed as next-word prediction

The girl found
the lamb remained…

The girl 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 

Figure 1: We examine surprisal from internal layers
of Transformer LMs to better capture human sentence
processing behavior and find that deeper layers align
better in syntactically challenging constructions.

machines, they have served as a tool to estimate
the predictability of words and contributed to ex-
ploring the role of prediction in human language,
particularly in online sentence processing (Frank
and Bod 2011; Goodkind and Bicknell 2018; Hale
et al. 2018; Wilcox et al. 2020; Oh and Schuler
2023; Kuribayashi et al. 2025; i.a.).

Existing studies have demonstrated both the suc-
cesses and limitations of accurate predictability es-
timation by modern LMs in cognitive modeling. In
particular, surprisal, defined as − log p(wt | w<t)
for a word wt and a context of previous words
w<t and estimated from some LMs, has proven
to be a strong predictor of human reading behav-
ior (Frank and Bod, 2011; Goodkind and Bick-
nell, 2018; Wilcox et al., 2023). However, sur-
prisal from very large LMs, despite arguably better
alignment with ground truth text distribution, has
been shown empirically to misalign with human
naturalistic reading behaviors throughout an entire
corpus (Kuribayashi et al., 2021; Oh and Schuler,
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2023; Shain et al., 2024; de Varda and Marelli,
2023; Boeve and Bogaerts, 2025). We refer to
this type of shortcoming as holistic misalignment.
At the same time, surprisal from all LMs so far
tested has been found to underestimate the cogni-
tive load associated with syntactically challenging
constructions, such as garden-path sentences or un-
grammatical sentence regions (van Schijndel and
Linzen, 2021; Wilcox et al., 2021; Arehalli et al.,
2022; Huang et al., 2024; Timkey et al., 2025). We
refer to this as targeted misalignment. Targeted
misalignment has been found in contexts where
humans experience high cognitive load and exhibit
a substantial slowdown in reading, the magnitude
of which is not reflected in models’ surprisal val-
ues. A recent study (Kuribayashi et al., 2025) ad-
dressed the holistic misalignment issue by showing
that surprisal decoded from earlier layers of LMs,
rather than final layers, better matches human-like
reading behavior on syntactically unchallenging,
naturalistic corpora.

We ask whether targeted misalignment can be
reconciled by using surprisal from internal model
layers (§ 3 and § 4). Our experimental results
demonstrate that, in contrast to the naturalistic read-
ing results, earlier layers do not better simulate the
contrastive human reading slowdown in syntacti-
cally challenging contexts. They compute almost
the same surprisal in both syntactically ambiguous
and unambiguous conditions, reflecting an overly
severe recency bias and syntactic insensitivity. Our
results, therefore, contrast with those presented in
Kuribayashi et al. (2025); earlier layers alone are
not a cognitively plausible model of human sen-
tence processing when extended to syntactically
challenging contexts.

Widening our investigation to the whole model,
we find that later layers align better with syntac-
tic ambiguity processing behavior. However, they
still produce an underestimate of the human read-
ing data. This dual alignment (Figure 1) between
LM layers and human sentence processing stages
suggests that different stages of human sentence
processing may correspond to different layers of
LMs; in particular, normal naturalistic processing
can be aligned with earlier layers’ prediction, while
slower, late-stage processing (e.g., reanalysis) de-
mands later layers’ more contextualized represen-
tations. This partially supports the recent proposed
correspondence between LMs’ forward computa-
tion to human language processing stages (Tenney
et al., 2019; Hu et al., 2026; Kuribayashi et al.,

2025).
Combining our two empirical findings, we pro-

pose using contrastive surprisal from early vs. late
layers as a measure of the degree of belief update
between shallow and fully-contextualized process-
ing. We hypothesize that this measure can be used
to identify data points that will be contextually
demanding for humans to process (§ 5). This is
based on the observation that, generally, syntac-
tically challenging constructions incurred greater
qualitative change in surprisal across layers. We ex-
emplify this proposal by showing the effectiveness
of surprisal update as a predictor in reading time
modeling, but leave a full analysis as a direction
for future research.

2 Background

2.1 Surprisal theory
Humans exhibit different cognitive load (e.g., mea-
sured by reading time) for different interest ar-
eas (e.g., words or tokens) in a text during read-
ing. Surprisal has proven to be a robust predic-
tor of reading time across languages and exper-
imental paradigms (Levy, 2008a; Demberg and
Keller, 2008; Wilcox et al., 2023). The sur-
prisal (Cover, 1999) of a word wt ∈ W in
context w<t := [w0, · · · , wt−1]

⊤ is defined as
− logPt(W = wt|w<t), where Pt : W → [0, 1]
is a family of conditional distributions assigning
a probability to a word w at time step t given its
prefix. Thus, the more unexpected wt is, the more
costly it is for humans to process. Empirically, this
cost has been found to scale linearly with its nega-
tive log probability (Smith and Levy, 2013; Shain
et al., 2024).

2.2 Internal surprisal from Transformers
To review the decoder-based Transformer archi-
tecture, the model consists of a stack of layers
that parameterize the anticipation of the next word
P (· | w<t) by iteratively processing the context
through self-attention. Specifically, in each layer
l for each token i, the model integrates the previ-
ous layer’s representations up to and including i to
output a representation h

(l)
i ∈ Rd:

h
(l)
i = F (l)

(
h
(l−1)
0 , . . . ,h

(l−1)
i

)
, (1)

h
(0)
i = emb(wi) , (2)

where F (l) is the forward computation of layer l.
h
(0)
i = emb(wi) ∈ Rd is an input embedding of
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Phenomena Example

MVRR D+: The girl fed the lamb remained relatively calm before the sunset in silence.
D−: The girl who was fed the lamb remained relatively calm before the sunset in silence.

NPS D+: The girl found the lamb remained relatively calm near the wooden fence.
D−: The girl found that the lamb remained relatively calm near the wooden fence.

NPZ D+: When the girl attacked the lamb remained relatively calm despite the sudden noise.
D−: When the girl attacked, the lamb remained relatively calm despite the sudden noise.

RC D+: The bus driver that the kids followed waited patiently at dawn.
D−: The bus driver that followed the kids waited patiently at dawn.

Attachment D+: Janet charmed the executive of the assistants who decides almost everything during long weekly meetings.
D−: Janet charmed the executives of the assistant who decides almost everything during long weekly meetings.

Table 1: Examples of pairs of syntactically ambiguous (∈ D+) and unambiguous (∈ D−) sentences. The underlined
parts are minimal differences between the two conditions. The bold part is the disambiguating point t∗, as well as
the first word of the region of interest (ROI). Examples are borrowed from Huang et al. (2024).

the word wi. Layer-specific next word probability
is obtained from that layer’s representation of the
preceding context using logit-lens (LLens; nostal-
gebraist, 2020):

P (l)(W = wt | w<t) = LLens(h
(l)
t−1)

id(wt)

= softmax(WULayerNorm(h
(l)
t−1))

id(wt), (3)

where WU ∈ R|V|×d is an unembedding ma-
trix obtained from the LM’s output layer, and
|V| ∈ R is the model’s vocabulary size. The su-
perscript id(wt) denotes the element correspond-
ing to word wt in the resulting probability vector.1

Layer-specific surprisal S(l)
t = − logP (l)(W =

wt|w<t) ∈ R≥0 can also be computed. One limita-
tion with Logit Lense is that it has been empirically
found to be less reliable for decoding earlier lay-
ers, likely because embeddings do not exist in the
same representation space (Belrose et al., 2023;
Langedijk et al., 2024). We address this limitation
in appendix B.1. Kuribayashi et al. (2025) explored
which layer l exhibits a better fit to reading time
data. They find that earlier layers typically result
in the best prediction for the case of naturalistic
reading.

2.3 Targeted misalignment of surprisal
There are notable cases in which human reading
time patterns cannot be explained by (final layer)
surprisal, leading to the criticism that surprisal-
based predictability alone is insufficient to char-
acterize total processing cost (van Schijndel and
Linzen, 2021; Arehalli et al., 2022; Huang et al.,

1When a word is tokenized into multiple subwords, we
follow the existing studies (Oh and Schuler, 2023; Kuribayashi
et al., 2025) to compute the joint probability of the subwords.

2024; Timkey et al., 2025; Wilcox et al., 2021).
Specifically, these studies recorded contrastive
reading behavior between two different conditions,
where sentences either conform to or violate struc-
tural expectations determined by the grammar.
While structural expectations can be based on pure
grammaticality (as in Wilcox et al., 2021), they
can also be determined by structural ambiguity. In
our study, the test materials consist of pairs of syn-
tactically ambiguous (∈ D+) and unambiguous
sentences (∈ D−). Examples are given in Table 1.
We choose these phenomena, as managing ambi-
guity can help us understand the role that context,
representations, and prediction play during human
language processing. Previous studies find that the
reading time difference between D+ and D− is
underestimated by the magnitude of the surprisal
difference between the two conditions.

3 Experiment 1

We first extend existing experiments to compare
the reading time slowdown in syntactic ambiguity
processing with LM-computed surprisal, focusing
on internal layers of LMs, not just the last layer.

3.1 Settings

Data We use the syntactic ambiguity processing
data from Huang et al. (2024), which covers five
types of syntactically challenging constructions: (i)
Main Verb/Reduced Relative (MVRR); (ii) Noun
Phrase or Sentential Complement (NPS); (iii) Noun
Phrase Complement or Zero Complement (NPZ);
(iv) Object/Subject Relative Clause (RC); and (v)
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Figure 2: Estimated reading time slowdown by layers for each syntactic construction. The red dashed line shows
the average observed human slowdown; y-axis varies between plots. Later layers show better alignment, but all
model families and all layers underestimate the effect.

High/Low Attachment (Attachment).2 For each
construction, the dataset D contains matched pairs
of sentences (s+, s−)|D|

1 ∈ D+ × D−, where s+

is from the syntactically challenging condition and
s− is from an unchallenging condition with explicit
cues that resolve syntactic ambiguity (see Table 1).
For example, in the MVRR construction shown
in Table 1, the challenging version (∈ D+) is am-
biguous: “fed” could be either a main transitive
verb or a past participle in a relative clause without
the relative pronoun and copula. This ambiguity
is resolved only when readers reach “remained.”
In contrast, the unambiguous version (∈ D−) in-
cludes the relative pronoun and copula, making the
structure immediately clear. Each sentence pair
has an annotated disambiguating point t∗ where
ambiguity is resolved on the D+ side (and its cor-
responding position on the D− side), as shown in
bold in Table 1. Slowdowns are observed around
t∗ in the D+ condition compared to D−, and quan-
tifying this magnitude of slowdown is our focus.

2We excluded the Agreement part, which targets the effort
for processing grammatical violations, as our initial focus is
on syntactic ambiguity processing.

The data contains 24 unique sentence pairs for
each syntactic phenomenon, resulting in a total
of 120 unique pairs with a total of 3,371 tokens.
Sentences are annotated with token-level human
reading times. Our human reading data comes
from Huang et al. (2024), who used a web-based
self-paced reading paradigm on over 2K partici-
pants, resulting in around 1.2M data points across
all the tokens in the dataset, and around 87K data
points at the disambiguating points (including the
corresponding point in D− side). In our study, as
a preprocessing step, reading times are averaged
across participants prior to analysis.

Procedure Our analysis closely resembles that
of Wilcox et al. (2021), who estimated predicted
reading time slowdowns from LM surprisal. Let
w = [w1, · · · , wn]

⊤ be tokens in the held-out cor-
pus, and let y = [y1, · · · , yn]⊤ be their respective
reading times. For each token, we select a set of
word-level linguistic features f(wk) ∈ Rm, in-
cluding its length in characters, unigram frequency,
and surprisal. We then fit a regression model to
predict by-token reading time g : f(wk) 7→ ŷk
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from features.3 The regression model is trained on
the filler-sentence part of the dataset (Huang et al.,
2024). Then, this regression model is run on the tar-
get data: s+ = [w+

1 , · · · , w+
n ]

⊤ ∈ D+ and s− =
[w−

1 , · · · , w−
n ]

⊤ ∈ D−. Estimated reading times
for each token are obtained (ŷ+ = [ŷ+1 , · · · , ŷ+n ]⊤
and ŷ− = [ŷ−1 , · · · , ŷ−n ]⊤), and we compute the
reading time difference at the disambiguating point
t∗ between the two conditions, yielding surprisal-
estimated reading time slowdowns. Note that we
compared the reading time difference summed over
t∗ and t∗ +1, given the presence of spillover in the
data (Huang et al., 2024). We refer to these as
regions of interest (RoIs) in this section. We av-
erage this estimated slowdown across all sentence
pairs in the dataset. We repeatedly conducted this
procedure using surprisal S(l)

t from each layer l
obtained with logit lens (§ 2.2) to examine which
layer’s surprisal better estimates the human reading
slowdown between D+ and D− conditions.

LMs We examine 19 open-source Transformer
LMs including 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
parameters; Zhang et al., 2022), Pythia (70M,
160M, 410M, 1B, 1.4B, 2.8B, 6.9B, and 12B
parameters; Biderman et al., 2023). We ex-
cluded instruction-tuned models (Kuribayashi et al.,
2024).

Surprisal We compute layer-specific surprisal
S
(l)
t for each token at each layer using the Logit-

Lens method (nostalgebraist, 2020) (§ 2.2). Due
to the known limitations for using Logit-Lens to
examine early layers, we conducted an additional
analysis using Tuned-Lens (Belrose et al., 2023),
and found no substantial difference in the results
(appendix B.1); thus, results in the main text are all
from the simpler, Logit-Lens version. We applied
Whitespace-Trailing Decoding (Oh and Schuler,
2024) to compute the accurate next-word probabil-
ities for exact disambiguating tokens.

3.2 Results
Figure 2 presents the averaged reading time differ-
ences between syntactically challenging (D+) and

3Following work that establishes a linear
link between surprisal and reading times (Shain
et al., 2024), we use a linear regression model:
RT(wt) = β0+β1 ·Surprisal(wt)+β2 ·Length(wt)+β3 ·
LogFreq(wt)+β4 ·Surprisal(wt−1)+β5 ·Length(wt−1)+
β6 · LogFreq(wt−1) + β7 · Surprisal(wt−2) + β8 ·
Length(wt−2) + β9 · LogFreq(wt−2) + ϵ. (Appendix A.4)

unchallenging (D−) conditions by LM surprisal
across different layers, alongside the actual human
reading time difference (red line; note that the y-
axis differs across phenomena). First, it is evident
that surprisal from all layers underestimates the hu-
man reading time difference, consistent with prior
findings on targeted misalignment (van Schijndel
and Linzen, 2021; Huang et al., 2024). Second,
later layers consistently provide relatively better
(even if underestimated) predictions of the reading
time difference between D+ and D− conditions.
This contrasts with previous findings on naturalistic
reading, where earlier layers typically yielded su-
perior predictions of human reading times (Kurib-
ayashi et al., 2025). That is, the best layer is no-
tably later in syntactically challenging contexts
compared to naturalistic reading scenarios.

3.3 Interim Discussion

Syntactic insensitivity of earlier layers. Earlier
layers’ surprisal in RoIs was almost the same be-
tween D+ and D− conditions (Figure 2), leading to
a failure in simulating the contrastive reading time
slowdown. One possible explaination is that earlier
layers are not sensitive enough to long dependen-
cies and are distracted by local co-occurrences. For
example, given the MVRR construction “The girl
fed the lamb remained...,”, an earlier layer might
only consider the local co-occurrence of “the lamb
remained,” and therefore assign lower surprisal to
“remained” even though it is implausible given the
larger context.

Dual alignment. We also observe a systematic
shift in which layer’s surprisal best approximates
human behavior: later layers are more effective for
syntactically challenging constructions, whereas
prior work has shown that earlier layers better cap-
ture naturalistic reading (Kuribayashi et al., 2025).
This dual alignment suggests that if we attempt to
model the reading behavior of syntactically chal-
lenging constructions through the lens of predic-
tion, more extensively contextualized representa-
tions would be selectively required. This corre-
sponds to a dual-mechanism perspective on hu-
man sentence processing (Narayanan and Jurafsky,
1998; van Schijndel and Linzen, 2021), wherein
humans may usually read sentences using a rel-
atively shallow processing strategy (aligned with
earlier layers) and switch to a deeper, more con-
textually integrated processing mode (somewhat
better aligned with later layers) when confronted
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(a) ROI data points

(b) ROI data points

Figure 3: By-layer PPP of Pythia 12B in the four conditions: D+ ∩ ROI (upper red), D− ∩ ROI (upper green),
D+ ∩ ROI (bottom red), and D− ∩ ROI (bottom green). Only in D+ ∩ ROI, better PPPs are from deeper layers.

with syntactically challenging constructions that
require reanalysis or complex integration of contex-
tual information. The following sections (§ 4 and
§ 5) conduct a follow-up analysis to further explore
this hypothesis.

4 Experiment 2: Psychometric predictive
power analysis with layer shift

The results of our previous study challenge the ex-
isting paradigm in LM-based cognitive modeling,
which uses a single layer to model all data points.
Rather, they suggest that the part of the LM used
for modeling human cognition may need to change
dynamically depending on the phenomena. Given
this view, we conduct a follow-up experiment to
extend and clarify these results. Rather than look-
ing at predicted human reading slowdowns, we
instead measure models’ psychometric predictive
power (PPP; Goodkind and Bicknell, 2018), and
break results down into our relevant experimen-
tal conditions. Given our earlier results, we ex-
pect to find that earlier layers better simulate hu-
man reading behavior as observed in naturalistic
reading (Kuribayashi et al., 2025), while deeper
processing is recruited for more syntactically chal-
lenging sentences; once the difficulty is resolved,
earlier layers again become effective. In this study,
we simply ask whether such a shift can be mod-
eled using LMs’ layer-wise surprisal, and leave
questions about control between shallow vs. deep
processing for future research.

4.1 Problem setting
For a simple model of context-dependent layer
shift, we split the data points into four condi-

tions based on whether they come from ambigu-
ous sentences, and from regions of interest: {D+,
D−}×{ROI, ROI}. Then, we examine which
layer’s surprisal best fits data points in each con-
dition based on PPP. If our hypothesis — the ad-
vantage of a later layer is a signature of processing
difficulty — holds, we expect that the deeper layer
yields a better PPP only for D+×ROI combina-
tion. Hereafter, we include tokens at t∗-2, t∗-1, t∗,
t∗+1, and t∗+2 as ROI to consider relative reading
time magnitude change around the disambiguating
point; all other words constitute the ROI group.

Psychometric predictive power (PPP) We quan-
tify the goodness-of-fit of layer-specific surprisal to
data points in each condition: {D+, D−}×{ROI,
ROI}. This is measured by a log-likelihood-based
score, ∆LL (i.e., psychometric predictive power;
PPP), following existing studies (Goodkind and
Bicknell, 2018; Wilcox et al., 2020; Kuribayashi
et al., 2021, 2022, 2025; Oh and Schuler, 2023).4

Specifically, we fit two linear regression models to
predict word-by-word reading times: a full model
that includes both surprisal and baseline linguistic
features, and a reduced model that includes only
baseline features.5 The PPP score is defined as
the difference in log-likelihood between these two
models: ∆LL = LLfull − LLbaseline, which quanti-
fies how much the addition of surprisal improves
the model fit (see Appendix A in Kuribayashi et al.,
2025). Higher ∆LL values indicate that surprisal
better captures human reading behavior. We repeat-

4The total ∆LL over the dataset, not token-level average.
5We use the same regression model as in § 3, and for

baseline features, we excluded all the surprisal factors.
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MVRR NPS NPZ RC Attachment

D+ D− D+ D− D+ D− D+ D− D+ D−

Model RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI RoI

GPT2-sm 0.46 −0.99 0.61 −0.7 0.87 −0.72 −0.15 0.01 −0.69 0.05 0.89 0.38 0.82 −0.37 −0.87 −0.78 0.72 0.39 −0.39 −0.83
GPT2-md 0.59 −0.91 0.34 −0.87 0.90 −0.68 −0.7 −0.42 0.74 −0.24 0.52 0.39 0.81 −0.43 −0.84 −0.82 0.42 −0.08 −0.54 −0.95
GPT2-lg 0.53 −0.98 −0.33 −0.91 0.88 −0.58 −0.62 0.71 0.88 −0.65 0.13 0.33 0.91 −0.82 −0.85 −0.83 0.08 −0.23 0.08 −0.96
GPT2-xl 0.88 −0.96 −0.72 −0.86 −0.07 −0.3 −0.85 −0.1 0.88 −0.73 0.57 0.33 0.96 −0.76 −0.44 −0.85 −0.32 −0.45 −0.51 −0.97

OPT-125m 0.73 −0.57 0.31 −0.26 0.97 −0.14 −0.48 0.13 0.89 −0.2 0.75 0.55 0.81 −0.09 −0.56 −0.12 0.51 0.92 −0.91 −0.84
OPT-1.3b 0.67 −0.97 −0.77 −0.98 0.81 0.52 0.23 −0.44 0.83 −0.89 −0.46 0.32 0.83 −0.65 0.71 −0.75 0.40 −0.0 −0.65 −0.97
OPT-2.7b 0.70 −0.95 −0.78 −0.98 0.86 0.35 0.14 −0.27 0.86 −0.89 0.21 −0.3 0.81 −0.15 0.57 −0.48 0.18 0.05 −0.63 −0.96
OPT-6.7b 0.23 −0.96 0.06 −0.98 0.74 0.43 −0.4 −0.42 0.49 −0.91 −0.57 −0.35 0.87 −0.59 0.25 −0.73 −0.20 −0.26 −0.26 −0.93
OPT-13b 0.09 −0.96 −0.71 −0.97 0.71 0.14 0.15 −0.76 0.81 −0.87 −0.19 0.03 0.88 −0.65 0.74 −0.83 0.26 −0.43 −0.22 −0.97
OPT-30b −0.13 −0.86 0.29 −0.9 0.61 0.39 −0.52 0.16 0.13 −0.76 −0.08 0.32 0.82 −0.61 −0.38 −0.8 −0.42 −0.22 −0.35 −0.91
OPT-66b 0.07 −0.88 −0.07 −0.83 0.59 0.65 −0.49 −0.49 0.48 −0.96 −0.2 −0.61 0.77 −0.36 0.53 −0.59 0.66 0.32 0.19 −0.93

PYT-70m 0.04 −0.86 −0.02 −0.86 0.74 −0.69 0.41 −0.42 0.3 0.39 0.76 0.41 −0.13 −0.62 −0.85 −0.87 0.88 0.59 −0.51 −0.14
PYT-160m 0.31 −0.93 0.16 −0.67 0.24 −0.11 0.50 −0.49 0.29 0.19 0.09 0.58 0.52 −0.5 −0.76 −0.06 0.91 0.6 −0.55 −0.42
PYT-410m 0.05 −0.89 −0.34 −0.86 0.82 −0.61 −0.2 −0.55 0.65 0.58 0.65 0.66 0.92 0.28 −0.67 −0.33 0.06 0.49 −0.69 −0.94
PYT-1b 0.70 −0.95 −0.46 −0.94 0.69 −0.01 −0.58 −0.62 0.57 −0.64 −0.56 0.17 0.90 −0.87 −0.81 −0.89 0.70 0.6 −0.76 −0.85
PYT-1.4b 0.55 −0.96 −0.15 −0.91 0.80 −0.27 0.51 −0.57 0.50 −0.15 −0.71 0.01 0.91 0.8 −0.86 −0.39 0.46 0.28 −0.83 −0.9
PYT-2.8b 0.80 −0.95 −0.46 −0.88 0.44 −0.58 0.51 −0.4 0.64 −0.65 −0.54 0.25 0.90 −0.68 −0.94 −0.85 0.72 0.3 −0.46 −0.86
PYT-6.9b 0.54 −0.75 −0.21 −0.82 0.96 −0.56 −0.7 −0.82 0.75 0.55 0.7 0.96 0.94 0.28 −0.94 −0.54 0.82 0.53 −0.3 −0.77
PYT-12b 0.88 −0.89 −0.83 −0.41 0.93 −0.43 −0.69 −0.82 0.79 0.38 0.78 0.74 0.97 0.46 −0.92 −0.22 0.80 0.56 0.04 −0.76

Table 2: Correlation between layer depth and PPP by model and condition. D+ ∩ ROI exhibits positive correlations.

edly compute PPP for each layer in each of the four
conditions: {D+, D−}×{ROI, ROI}.

Measure In each condition, we report Pearson’s
correlation coefficient between layer depth and PPP.
A higher correlation indicates the tendency of later
layers to better simulate the respective reading time,
which is expected only in the D+∩ ROI condition.

4.2 Results

Let us begin with observing a representative pat-
tern from Pythia 12B model in the four different
conditions (Figure 3). The figure reveals that the
increasing PPP toward deeper layers is distinctive
in the D+ ∩ ROI condition (top red lines). Table 2
summarizes the correlation between layer depth
and ∆LL, providing a complementary view of the
layer-wise trend. A positive correlation indicates
that deeper layers progressively improve the pre-
diction of human reading behavior. Positive cor-
relations are consistently observed for D+ ∩ ROI
condition across all models and constructions. This
corroborates that human reading behavior under
syntactic ambiguity particularly aligns with deeper
layers, consistent with our expectation.

Notably, the contrast in correlation across condi-
tions {D+, D−}×{RoI, RoI} becomes more pro-
nounced in larger models. For example, Pythia-
12B shows correlations of 0.88 (RoI in D+) vs.
−0.83 (RoI in D−) for MVR, and 0.93 (RoI in
D+) vs. −0.69 (RoI in D−) for NPS, while these
are somewhat attenuated in smaller ones, indicat-
ing that as models scale up, they develop a clearer
differentiation in how layer depth relates to syntac-

tically challenging versus unchallenging reading.

5 Experiment 3: Probability-update as
processing effort

Our experiments so far have converged on the find-
ing that surprisal from deeper layers with extensive
contextualization better captures syntactic ambigu-
ity processing, a behavior that requires substantial
cognitive effort. One interpretation of this result
is that it arises because human processing in such
regions involves an initial shallow prediction with
surface-level features, such as unigram frequency
or local co-occurrence information, which must be
subsequently revised by considering a broader lin-
guistic context, incurring a higher processing cost.
In this section, we propose a method for identifying
such data points by inspecting the difference in pre-
dictions between LM layers, i.e., the advantage that
deeper contextualization buys you for prediction.

5.1 Measurements
We explore several information-theoretic measures
that quantify the change in predictive distributions
between shallow and deep processing. Our first
formulation computes the change in surprisal of a
word wt between a shallow and a deep layer, rather
than just computing surprisal at a certain layer. We
term this the surprisal update (SU) defined as:

SU(wt|w<t) = Sshallow
t − Sdeep

t

= − logPt(wt|w<t)− (− logQt(wt|w<t))

= log
Qt(wt|w<t)

Pt(wt|w<t)
. (4)
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Figure 4: PPP obtained by probability-update measurements introduced in § 5.1 on ten different data conditions {5
phenomena}×{Full, RoI}. PPP scores from 19 LMs are averaged, and error bars indicate 95% confidence interval.
PPP with surprisal (gray) and the one with both surprisal and JS divergence (green) are also reported.

where Pt(wt|w<t) and Qt(wt|w<t) denote the
probability of wt in context estimated by the first
and last layer, respectively.6 We henceforth denote
the corresponding probability distributions over the
model’s subword vocabulary as Pt and Qt.

As a second measure, we extend surprisal up-
date to the full next-(sub)word distribution using
the Kullback-Leibler divergence (KL), i.e., the
expected value of SU under Qt:

KL(Qt||Pt) =
∑

w∈W
Qt(w|w<t) log

Qt(w|w<t)

Pt(w|w<t)

= Ew∼Qt [SU(w|w<t)] . (5)

This quantifies the discrepancy between the final
prediction Qt and the initial one Pt. As the KL is
asymmetric, we also examine its symmetric ver-
sion, namely, Jensen–Shannon divergence (JS):

JS(Qt||Pt) =
1

2
(KL(Qt||Mt) + KL(Pt||Mt))

Mt :=
1

2
(Pt +Qt) . (6)

We compute these measures for each token7 and
assess their effectiveness in modeling human read-
ing times. We hypothesize that larger discrepancies
between shallow and deep predictions, as quanti-
fied by SU, KL, and JS, may be associated with
higher processing effort, as they indicate a greater
room to revise initial predictions based on broader
context. Conversely, if surprisal or probability dis-
tribution does not change much after extensive con-
textualization, it suggests that the word is easier to
integrate, requiring less cognitive effort. Our pro-
posal is similar in spirit to the information-theoretic
model of shallow vs. deep processing presented in
Li and Futrell (2024).

6In the regression analysis, we applied Z-score normal-
ization to each layer’s surprisals before computing surprisal-
update to mitigate layer-dependent scale differences.

7KL and JS are computed for each subword position, and
if a token consists of multiple subwords, we simply sum up
the subword-level scores, similarly to cumulative surprisal.

5.2 Problem setting

As in Experiment 2, we model reading time in
data from Huang et al. (2024) using a linear re-
gression model. We replace surprisal with one
of our probability-update predictors (i.e., SU, KL,
or JS). To evaluate whether the probability-update
captures processing effort difference across chal-
lenging and unchallenging conditions, we report
results for RoI regions (as defined in § 4) as well
as for full data points, yielding ten conditions: {5
phenomena}×{Full, RoI}. Note that each condi-
tion includes both syntactically challenging and
unchallenging items.

5.3 Results

Figure 4 shows the average PPP across 19 mod-
els for each data condition. Detailed results with
likelihood ratio test (Wilks, 1938) are also shown
in Tables 6, 7, and 8 in Appendix B.2. Consistent
with our hypothesis, probability-update measures
significantly improve the model fit in most cases,
in both full and RoI conditions. This indicates that
words associated with larger probability updates
correspond to increased reading times in humans.
Among the three measures, JS typically exhibited
the best PPP empirically.

Nevertheless, following the setting of § 3, the es-
timated slowdown by probability-update measures
was under 10 ms (Appendix B.3). In addition, as
shown in Figure 4, PPP gains are more nuanced for
the RoI data points compared to the full data con-
ditions. Thus, we tentatively conclude that, while
probability-update measures explored in this sec-
tion are potentially effective features for reading
time modeling, their advantage is not specifically
associated with the processing cost of syntactically
ambiguous sentences.
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5.4 Analysis

Is the advantage of the probability-update measure
in terms of PPP orthogonal to surprisal? Taking the
JS value as an example, we evaluate the additive
effect of the JS to the last layer’s surprisal. Fig-
ure 4 also includes the results for surprisal (gray)
and both surprisal and JS (green), where these fea-
tures are added to the same baseline regression
model (§ 3.1). As shown in Figure 4, the Surprisal
+ JS (green) setting typically exhibits an advantage
over the Surprisal ones, supporting the complemen-
tary effect of JS-based probability-update to the
commonly-used surprisal feature. In Appendix B.4,
likelihood ratio tests are conducted between the two
nested regression models: one with surprisal plus
baseline features and the other with surprisal, JS,
and baseline features, showing that MVR (Full),
RC (Full), and Attachment (Full/RoI) settings tend
to yield statistical significance.

6 Discussion

We have investigated the alignment between
internal-layer surprisal from LMs and human read-
ing behavior in syntactically challenging construc-
tions. It is a natural extension of previous work
connecting layer-wise dynamics to offline language
processing (Tenney et al., 2019; He et al., 2024;
Hu et al., 2026). On the one hand, the dual align-
ment we observe is consistent with the shallow vs.
deep processing that characterizes human language
comprehension (Barton and Sanford, 1993; Chris-
tianson et al., 2001; Ferreira et al., 2002). This
suggests that LMs have stages of processing, per-
haps analogous to the two-stage model of human
sentence processing (see discussion in van Schi-
jndel and Linzen, 2021). On the other hand, our
results pose challenges to cognitive modeling with
LMs. First, while human processing dynamics un-
fold over time, model dynamics unfold over inter-
nal layers, thus requiring another (perhaps thorny)
theoretical link between the two. Second, we are
unable to identify a single component of an LM
that is the optimal basis for modeling (all) human
language processing behavior. While early layers
function best for naturalistic reading are relatively
worse predictors for reading times of ambiguous
sentences. Finally, in human reading, reanalysis is
thought to be a specialized operation, triggered by
abnormally high surprisal (Warner and Glass, 1987;
Levy et al., 2008) or entropy (Botvinick et al., 2001;
Ness et al., 2025). In contrast, LM architectures ap-

ply essentially the same computational operations,
i.e., highly contextualized processing, to all inputs.

Our contribution sharpens what commitments
must be made about LMs when using them as cog-
nitive models of human processing. Rather than
using LM surprisal as one single model to cap-
ture human sentence processing, we should look to
parts of LMs as models of sub-processes or com-
ponents of human language processing. In this
spirit, we suggest several probability-update mea-
sures over internal layers as a way to model the
cognitive distance between early- and late-stage
processing when processing a word.

Our exploration of probability updates across
layers in relation to cognitive cost (§ 5) connects
to the Bayesian approaches to sentence process-
ing (Ratcliff, 1978; Narayanan and Jurafsky, 1998;
Levy, 2008b; Ratcliff and McKoon, 2008; Norris,
2006, 2009; Itti and Baldi, 2009). While these the-
ories typically focus on incremental, input-driven
updates to the probability distribution, our analy-
sis may align with the memory-based contextual
integration, whereby internal layers iteratively re-
fine representations and update predictive distri-
bution. Establishing theoretical links between our
approach and psycholinguistic theories is an impor-
tant future work, both for better situating LMs as
a tool for psycholinguistics and for addressing an
NLP interpretability question — if the goal is to
identify syntactic ambiguity processing within an
LM, which approach is more appropriate?

7 Conclusions

This study provides evidence that surprisal from
later layers with richer contextualization better cap-
tures human ambiguity processing. This contrasts
with prior work on holistic reading-time model-
ing, which reported stronger alignment with earlier-
layer surprisal (Kuribayashi et al., 2025), and we
introduce a dual alignment between LM layers and
human sentence processing. These findings sug-
gest that, rather than treating LM surprisal as a
single unified predictor of human sentence process-
ing, it may be more fruitful to look to parts of
LMs as models of sub-processes or components
of human language processing. In this spirit, we
propose probability-update measures across layers
as a way to quantify the cognitive distance between
early- and late-stage processing, demonstrating the
potential of layer-contrastive information-theoretic
measures for modeling sentence processing effort.
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Limitations

We only investigated English LMs and human read-
ing data in the English syntactic ambiguity pro-
cessing. Extending the analysis to other languages
with different syntactic structures and ambiguity
types will enhance the universality of our findings.
We used self-paced reading time data from Huang
et al. (2024), and a concurrent study has released
eye-tracking corpora (Timkey et al., 2025). The
use of eyetracking data will provide fine-grained
information about layer-wise alignment; for exam-
ple, it is likely that first-pass forward reading time
aligns with earlier layers, while later regressive
behavior relatively aligns with deeper layers. In-
tegrating reading behavior data over grammatical
violations (Wilcox et al., 2021), which has also
been underestimated by surprisal, will be worth ex-
ploring, and similar results may be expected, given
that earlier layers’ surprisal was not sensitive to
grammatical structure. More generally, our paper
alone does not answer whether the dual alignment
is specifically related to syntactic ambiguity or gen-
eralizes to other well-studied sources of process-
ing difficulty, such as agreement attraction, long-
distance dependencies, or similarity-based interfer-
ence. More controlled experiments will clarify our
findings.

On the LM side, there are several technical is-
sues. First, internal probabilities are obtained from
logit-lens (nostalgebraist, 2020). Although, at least
compared to tuned-lens (Belrose et al., 2023), the
selection of the probability extraction method did
not substantially affect the results, our analysis re-
lies heavily on the method for obtaining internal
probabilities, potentially leading to methodological
biases. Second, for KL- and JS-based probability
update measures, we treat the LMs’ subword vo-
cabulary as the vocabulary space, which would not
be cognitively plausible. More generally, the token
granularity of LMs has been reported to affect the
quality of information-theoretic values, e.g., sur-
prisal, and cognitive modeling results (Nair and
Resnik, 2023; Oh and Schuler, 2025), and this is-
sue also applies to our experiments. Third, explor-
ing other variants of layer-contrastive information-
theoretic measures beyond the metrics studied in
this paper and establishing their theoretical con-
nections to psycholinguistic theories will also be a
promising future direction.
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Appendix

A Artifacts

A.1 Languauge models

Table 3 lists the LMs we used.

A.2 Data and tools

Table 4 lists data and tools we used. The experi-
ments used a single NVIDIA RTX 6000 Ada GPU
for several hours for surprisal computation.

A.3 Reading material statistics

We posit the assumption that the SAP
dataset (Huang et al., 2024) involves more
syntactically challenging constructions than other
naturalistic reading corpora. As a quantitative
support for this assumption, we computed two
general syntactic complexity measures for different
corpora: (i) average syntactic tree depth and (ii)
average dependency length of a sentence. Note
that these two scores are normalized by average
sentence length, and length control is usually done
for a fair inter-corpus comparison (Futrell et al.,
2020). These measures are computed with the
Spacy en_core_web_sm parser (Honnibal et al.,
2020). In addition to SAP data, we analyzed
two other naturalistic reading time corpora of the
Natural Stories Corpus (NSC) (Futrell et al., 2018)
and the Dundee Corpus (Kennedy et al., 2003).

Table 5 shows the statistics. These statistics
show that SAP is, on average, syntactically more
complex. Note that even in the NSC, one of the
relatively syntactically challenging corpus used in
naturalistic reading time modeling experiments, in-
cluding Kuribayashi et al. (2025), only 0.02% sen-
tences, for example, have MVRR ambiguity (see
Appendix in Futrell et al. (2018)); we believe that
large-scale targeted datasets such as SAP would
still be a reasonable option for our research pur-
pose to obtain statistically reliable results.

It will also be interesting to analyze the effec-
tive layer depth even within the naturalistic reading
time corpus by dividing it into relatively syntac-
tically challenging data points and others, which
will be future work, and our study opens such new
analysis directions.

A.4 Regression models

In § 3 and § 4, we use a linear regression model:

RT(wt) = β0 + β1 · Surprisal(wt) + β2 · Length(wt)

+ β3 · LogFreq(wt) + β4 · Surprisal(wt−1)

+ β5 · Length(wt−1) + β6 · LogFreq(wt−1)

+ β7 · Surprisal(wt−2) + β8 · Length(wt−2)

+ β9 · LogFreq(wt−2) + ϵ. (7)

For the baseline, we used the regression model
without Surprisal(wt) Surprisal(wt−1), and
Surprisal(wt−2). Word frequency is computed
with wordfreq package (Speer, 2022), and word
length is character-based. Surprisal is computed
with an intra-sentential context.

In § 5.4, we analyzed the additive effect of JS to
surprisal, where the full model is:

RT(wt) = β0 + β1 · Surprisal(wt) + β2 · JS(wt)

+ β3 · Length(wt) + β4 · LogFreq(wt)

+ β5 · Surprisal(wt−1) + β6 · JS(wt−1)

+ β7 · Length(wt−1) + β8 · LogFreq(wt−1)

+ β9 · Surprisal(wt−2) + β10 · JS(wt−2)

+ β11 · Length(wt−2) + β12 · LogFreq(wt−2) + ϵ. (8)

B Supplimentary results

B.1 Tuned-lens
We also preliminarily performed the main exper-
iment § 3 with TunedLens (Belrose et al., 2023).
Figure 5 shows the results for models whose tuned-
lens parameters are publicly available. The patterns
generally hold the same as those with LogitLens
(Figure 2); no layer can simulate the degree of hu-
man reading slowdown. These results motivate us
to focus on experiments with the simpler LogitLens
in the subsequent analyses.

B.2 PPP by probability-update measures
Tables 6, 7, and 8 show the model-wise breakdown
of PPPs, which are aggregated in Figure 4.

B.3 Slowdown estimates by
probability-update measures

Tables 9, 10, and 11 show the estimated reading
time slowdowns for t* and t*+1 data points, follow-
ing the method of § 3.

B.4 Additive effect of JS to surprisal
Table 12 shows the model-wise breakdown of the
additive effect of the JS value on top of surprisal.
For the log likelihood ratio test, we compare the
likelihood of two nested models: (i) the above full
model vs. (ii) the model without JS factors (but still
with surprisals). That is, the difference in degrees
of freedom between the two models is three.
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Model URL #params

GPT2-small https://huggingface.co/gpt2 117M
GPT2-medium https://huggingface.co/gpt2-medium 345M
GPT2-large https://huggingface.co/gpt2-large 774M
GPT2-xl https://huggingface.co/gpt2-xl 1B

OPT-125m https://huggingface.co/facebook/opt-125m 125M
OPT-1.3b https://huggingface.co/facebook/opt-1.3b 1.3B
OPT-2.7b https://huggingface.co/facebook/opt-2.7b 2.7B
OPT-6.7b https://huggingface.co/facebook/opt-6.7b 6.7B
OPT-13b https://huggingface.co/facebook/opt-13b 13B
OPT-30b https://huggingface.co/facebook/opt-30b 30B
OPT-66b https://huggingface.co/facebook/opt-66b 66B

Pythia-70m-deduped https://huggingface.co/EleutherAI/pythia-70m-deduped 70M
Pythia-160m-deduped https://huggingface.co/EleutherAI/pythia-160m-deduped 160M
Pythia-410m-deduped https://huggingface.co/EleutherAI/pythia-410m-deduped 410M
Pythia-1b-deduped https://huggingface.co/EleutherAI/pythia-1b-deduped 1B
Pythia-1.4b-deduped https://huggingface.co/EleutherAI/pythia-1.4b-deduped 1.4B
Pythia-2.8b-deduped https://huggingface.co/EleutherAI/pythia-2.8b-deduped 2.8B
Pythia-6.9b-deduped https://huggingface.co/EleutherAI/pythia-6.9b-deduped 6.9B
Pythia-12b-deduped https://huggingface.co/EleutherAI/pythia-12b-deduped 12B

Table 3: LM details

Artifact License Usage

Statsmodels (Seabold and Perk-
told, 2010)

BSD 3-Clause “New” or “Re-
vised” License

To train and run regression
models

Syntactic Ambiguity Process-
ing Benchmark (Huang et al.,
2024) (https://github.com/
caplabnyu/sapbenchmark)

MIT License To use human reading time
data

TunedLens package (Belrose
et al., 2023) (https://github.
com/AlignmentResearch/
tuned-lens)

MIT License To compute next-word proba-
bilities

WordFreq (Speer, 2022)
(https://github.com/
rspeer/wordfreq)

Apache 2.0 To compute unigram fre-
quency of words

Transformers (Wolf et al.,
2020) (https://github.com/
huggingface/transformers)

Apache 2.0 To download and run models

Table 4: Artifacts used in this paper.

Corpus Tree depth Dep. length

SAP 0.396 0.152
NSC 0.302 0.139
Dundee corpus 0.313 0.139

Table 5: Corpus statistics on syntactic complexity
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Figure 5: Estimated reading time slowdown by layers for each syntactic construction with TunedLens (Belrose
et al., 2023)

MVRR NPS NPZ RC Att.

Model All ROI All ROI All ROI All ROI All ROI

G2-sm 11.7†14.1†1.1 13.8† 7.8†24.5†12.0†1.7 4.5†0.8
G2-md 10.8† 8.7†0.8 6.9†12.5†26.3†13.6†1.5 4.9†1.9
G2-lg 11.3† 7.0†0.7 10.3†10.5†27.0†14.1†1.8 3.2 2.2
G2-xl 11.4† 5.5†0.8 7.3†10.5†28.1†12.3†1.6 4.2†2.1

OT-125m11.5†13.5†0.4 11.9† 3.8 20.1†11.6†1.9 4.5†1.1
OT-1.3b 7.8† 7.8†0.6 8.2† 6.8†20.9†12.7†2.1 4.8†1.9
OT-2.7b 8.3†11.0†0.5 7.0† 6.3†20.0†11.1†1.7 4.9†1.7
OT-6.7b 8.2† 7.1†0.8 8.3† 5.9†19.0†10.1†1.3 5.6†1.8
OT-13b 8.4†11.1†0.4 6.6† 5.5†17.8† 8.4†2.6 7.3†1.8
OT-30b 6.7† 3.1 0.7 3.7 5.9†10.5† 7.3†2.0 7.8†1.4
OT-66b 7.9† 7.7†0.6 5.1† 4.3†15.3†10.7†1.8 6.9†1.1

PT-70m 6.8† 2.6 1.6 1.5 3.5 8.7† 9.6†0.3 2.4 0.6
PT-160m 7.8† 1.6 1.5 1.6 11.3† 0.9 6.7†0.7 5.8†4.2†

PT-410m 8.9† 8.8†0.1 11.9† 2.4 14.8†14.0†0.8 9.3†0.9
PT-1b 9.5† 8.7†0.6 8.5† 1.8 6.2† 9.1†0.7 2.9 1.7
PT-1.4b 6.0† 9.1†1.5 6.6† 1.1 11.1† 7.0†0.3 6.2†2.2
PT-2.8b 5.8† 3.7 0.1 7.3† 4.3†13.8† 6.9†0.3 4.8†1.2
PT-6.9b 8.5† 8.6†2.2 10.8† 1.9 15.0†11.6†0.6 8.9†1.5
PT-12b 6.8†10.4†1.0 9.8† 2.7 10.8† 8.2†0.3 10.8†1.8

Table 6: PPP (∆LL) of surprisal update by model, phe-
nomenon, and data group. The value with † indicates
statistical significance (p < 0.05) with a likelihood ratio
test.

MVRR NPS NPZ RC Att.

Model All ROI All ROI All ROI All ROI All ROI

G2-sm 10.0†2.5 0.4 0.7 1.7 9.7† 11.2†0.6 5.3† 2.6
G2-md 9.7† 2.0 0.8 5.1†2.6 15.0†18.9†0.2 20.9†4.9†

G2-lg 7.4† 2.2 0.5 0.8 1.8 16.0†16.5†0.1 16.3†7.4†

G2-xl 3.1 2.2 1.0 0.3 1.4 15.5†15.5†0.4 16.2†4.3†

OT-125m7.7† 0.2 0.4 2.1 2.7 8.5† 8.5† 2.4 19.1†6.0†

OT-1.3b 9.6† 1.6 2.6 1.4 4.3† 13.3†15.4†0.5 34.8†4.0†

OT-2.7b 9.5† 1.9 2.1 1.2 4.4† 10.8†11.5†0.6 34.3†3.7
OT-6.7b 2.7 2.9 0.8 4.0†1.1 8.9† 10.2†0.7 24.6†2.4
OT-13b 6.5† 4.6†1.7 2.8 3.8 8.2† 17.5†0.7 26.4†2.9
OT-30b 4.8† 5.9†1.3 7.4†3.1 7.1† 17.0†0.6 31.4†3.3
OT-66b 2.2 1.7 0.7 1.2 2.9 12.1†9.3† 1.2 17.5†3.5

PT-70m 10.6†2.0 1.6 1.4 0.7 0.8 22.5†3.3 22.6†7.0†

PT-160m 24.5†0.5 3.1 2.6 26.1†1.8 50.3†3.8 35.1†9.7†

PT-410m 9.9† 2.9 1.2 1.7 0.6 2.4 9.2† 1.2 26.7†9.2†

PT-1b 38.5†3.2 1.9 1.9 8.6† 19.6†34.8†2.1 22.3†11.7†

PT-1.4b 7.6† 0.3 0.1 1.9 1.1 5.9† 14.9†1.8 16.0†6.2†

PT-2.8b 20.3†0.7 1.4 3.3 6.1† 12.7†38.0†3.7 31.7†5.0†

PT-6.9b 4.3† 0.2 0.9 2.2 1.8 8.8† 18.7†2.2 21.6†6.6†

PT-12b 4.5† 0.3 0.2 1.3 1.5 8.0† 18.2†2.3 21.9†5.5†

Table 7: PPP (∆LL) of KL-divergence KL(Q||P ) by
model, phenomenon, and data group. The value with
† indicates statistical significance (p < 0.05) with a
likelihood ratio test.
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MVRR NPS NPZ RC Att.

Model All ROIAllROI All ROI All ROI All ROI

G2-sm 10.4†2.4 0.42.5 2.2 12.3†15.4†0.5 17.2†3.5
G2-md 17.2†3.0 2.52.8 6.6†13.9†30.8†0.4 32.2†6.5†

G2-lg 9.5† 5.2†1.61.3 1.9 12.0†19.9†0.1 27.4†5.1†

G2-xl 7.7† 2.6 1.50.9 2.2 11.9†22.4†0.3 29.5†5.0†

OT-125m33.7†0.8 2.12.3 2.2 8.1† 23.6†0.5 29.5†5.3†

OT-1.3b 12.7†2.1 2.60.4 6.2†10.9†30.1†0.7 30.7†4.6†

OT-2.7b 12.1†1.6 2.00.9 6.7†9.8† 30.1†1.0 30.3†4.3†

OT-6.7b 6.1† 3.4 1.13.4 3.1 13.3†24.1†0.9 25.8†3.1
OT-13b 9.1† 4.7†1.62.1 5.2†9.2† 28.5†0.8 28.7†3.4
OT-30b 7.1† 8.8†1.06.5†4.3†14.2†25.0†0.7 28.4†3.3
OT-66b 2.4 2.6 0.21.7 2.5 9.7† 11.6†1.3 16.0†3.8

PT-70m 24.4†0.6 1.81.5 3.7 6.0† 28.5†3.5 33.5†8.8†

PT-160m 20.9†0.2 2.34.0†3.7 6.9† 26.0†3.1 30.9†7.3†

PT-410m 20.8†1.5 1.72.2 1.6 5.3† 19.9†2.3 28.6†5.3†

PT-1b 18.9†0.6 1.82.1 3.0 7.4† 26.5†2.4 32.4†7.9†

PT-1.4b 14.4†0.7 0.94.0†1.5 5.9† 19.8†1.8 24.6†7.2†

PT-2.8b 22.2†0.4 2.32.7 3.9 5.8† 30.4†3.4 32.5†7.7†

PT-6.9b 8.7† 0.9 1.10.4 1.8 5.4† 22.4†1.9 23.8†7.1†

PT-12b 12.9†0.4 1.01.1 1.7 5.1† 23.7†2.3 25.8†7.5†

Table 8: PPP (∆LL) of JS-divergence by model, phe-
nomenon, and data group. The value with † indicates
statistical significance (p < 0.05) with a likelihood ratio
test.

Models MVRR NPS NPZ RC Attach.

GPT2-small 5.00 4.30 7.97 5.91 2.61
GPT2-medium 2.13 2.25 5.40 5.29 1.55
GPT2-large 1.18 1.30 3.66 5.02 1.01
GPT2-xl −0.27 1.14 2.52 5.16 0.34

OPT-125m 3.41 2.53 2.41 4.84 1.06
OPT-1.3b 0.01 0.80 0.77 3.99 −0.43
OPT-2.7b 0.23 0.79 0.78 2.70 −0.62
OPT-6.7b 1.39 2.29 2.72 3.86 −0.38
OPT-13b −0.20 1.09 0.64 2.33 −0.80
OPT-30b −0.41 1.98 1.87 2.58 −1.11
OPT-66b −0.83 −0.38 −1.56 0.38 −0.70

Pythia-70m 1.36 2.14 3.70 0.04 1.26
Pythia-160m 0.59 0.65 3.06 −3.73 −0.10
Pythia-410m −2.18 0.28 −0.33 −0.30 −1.74
Pythia-1b −2.80 −1.90 −2.59 −0.79 −0.55
Pythia-1.4b −2.67 −0.92 −2.83 −1.01 −0.59
Pythia-2.8b −1.91 0.16 −1.11 −0.58 −1.61
Pythia-6.9b −1.51 −0.03 −1.38 −1.21 −1.07
Pythia-12b −0.80 1.02 −0.25 −1.22 −1.03

Table 9: Estimated slowdown by surprisal-update

Models MVRR NPS NPZ RC Attach.

GPT2 0.07 −0.51 −0.86 3.36 0.08
GPT2-medium −0.34 −1.42 −1.85 0.52 0.06
GPT2-large 0.20 −0.63 0.46 1.85 0.29
GPT2-xl −0.31 −0.42 0.47 0.81 0.55

OPT-125m 0.08 −0.33 0.14 −0.86 −0.05
OPT-1.3b −0.39 −1.12 −1.16 0.08 −0.23
OPT-2.7b 0.26 −1.23 −0.83 0.27 −0.01
OPT-6.7b 0.44 −0.85 −1.06 −0.98 0.02
OPT-13b −0.60 −1.77 −0.68 −0.86 −0.15
OPT-30b −1.08 −1.76 −1.58 −0.49 −0.15
OPT-66b 0.85 −0.58 −0.54 −1.27 −0.13

Pythia-70m 2.36 2.20 1.52 −0.10 0.38
Pythia-160m 0.50 0.91 0.32 −3.01 0.22
Pythia-410m 0.98 −0.65 −1.09 −0.77 −0.26
Pythia-1b 3.83 1.03 4.15 −0.19 0.30
Pythia-1.4b 2.07 0.77 0.50 −0.34 −0.31
Pythia-2.8b 1.98 0.69 3.84 −2.67 −0.29
Pythia-6.9b 1.21 −0.19 −0.67 −0.99 −0.66
Pythia-12b 2.24 −0.39 −0.19 −1.18 −0.83

Table 10: Estimated slowdown by KL-divergence
KL(Q||P )

Models MVRR NPS NPZ RC Attach.

GPT2 −0.06 −0.56 −0.59 2.97 0.19
GPT2-medium −0.59 0.28 0.38 0.69 0.15
GPT2-large −0.58 −0.33 0.08 1.27 0.14
GPT2-xl −0.40 0.23 0.31 0.58 0.49

OPT-125m 0.04 −0.01 −0.03 0.65 0.09
OPT-1.3b −0.39 −0.28 0.27 −0.08 −0.09
OPT-2.7b 0.09 −0.98 0.06 0.23 −0.04
OPT-6.7b 0.22 −1.24 −1.26 −0.28 −0.13
OPT-13b −0.53 −1.21 0.03 −0.81 −0.09
OPT-30b −1.56 −2.70 −1.81 −0.45 −0.15
OPT-66b 0.53 −0.80 −0.65 −1.36 −0.10

Pythia-70m 0.20 0.08 0.21 0.47 −0.28
Pythia-160m −0.01 0.07 0.15 0.09 −0.04
Pythia-410m 0.39 0.05 0.23 0.49 −0.22
Pythia-1b −0.17 0.22 0.90 0.41 −0.17
Pythia-1.4b 0.35 0.00 0.01 0.03 −0.38
Pythia-2.8b 0.00 −0.03 0.26 0.44 −0.21
Pythia-6.9b 0.24 −0.36 −0.48 −0.39 −0.50
Pythia-12b 0.26 −0.36 −0.14 −0.26 −0.44

Table 11: Estimated slowdown by JS-divergence
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MVRR NPS NPZ RC Att.

Model All ROI All ROI All ROI All ROI All ROI

G2-sm 31.9†0.5 2.2 3.7 1.7 4.2†24.7†0.7 23.5†3.6
G2-md 33.2†2.1 4.4†4.6†6.3†6.1†30.5†0.4 33.0†5.8†

G2-lg 34.8†3.9 3.3 2.2 4.5†3.0 35.0†0.6 33.9†4.5†

G2-xl 31.4†2.2 4.2†1.0 5.5†2.5 36.0†0.4 33.7†4.3†

OT-125m46.0†0.2 3.2 1.4 1.9 5.4†24.8†0.2 28.2†3.8
OT-1.3b 32.4†2.7 5.8†0.9 6.6†2.3 29.2†0.6 30.8†3.9
OT-2.7b 33.0†2.3 5.2†0.9 7.8†2.7 30.5†0.9 29.6†4.1†

OT-6.7b 28.6†3.4 4.6†2.8 7.0†4.2†29.9†0.5 27.9†3.1
OT-13b 31.4†4.0†5.0†0.6 7.3†3.2 29.1†0.2 28.7†3.3
OT-30b 31.0†9.5†3.8 3.3 6.0†5.0†25.4†0.3 27.6†3.3
OT-66b 28.5†2.4 2.7 0.3 2.9 4.9†21.5†1.7 21.6†4.1†

PT-70m 17.5†0.4 1.6 1.2 1.7 1.2 21.0†1.6 24.8†7.0†

PT-160m 15.4†0.2 2.0 5.3†3.7 2.2 23.6†2.6 30.8†6.1†

PT-410m 30.3†0.3 3.3 0.7 1.5 2.9 27.2†3.3 28.2†4.8†

PT-1b 29.5†1.1 3.6 2.1 3.3 5.9†31.6†2.9 31.6†6.5†

PT-1.4b 38.1†1.0 3.4 4.5†1.9 2.9 25.6†2.6 24.5†5.0†

PT-2.8b 26.5†0.1 3.3 2.2 3.9†2.7 32.3†2.7 29.5†6.4†

PT-6.9b 29.8†2.2 4.4†1.3 2.9 1.2 30.0†3.4 25.6†6.7†

PT-12b 34.2†0.9 3.2 1.4 2.9 2.9 28.9†3.2 25.2†5.1†

Table 12: ∆LL between Surprisal vs. Surprisal+JS
settings. † indicates statistical significance (p < 0.05)
with a likelihood ratio test.
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