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Abstract

Contextual entropy is a psycholinguistic mea-
sure capturing the anticipated difficulty of pro-
cessing a word just before it is encountered. Re-
cent studies have tested for entropy-related ef-
fects as a potential complement to well-known
effects from surprisal. For convenience, en-
tropy is typically estimated based on a language
model’s probability distribution over a word’s
first subword token. However, this approxima-
tion results in underestimation and potential
distortion of true word entropy. To address
this, we generate Monte Carlo (MC) estimates
of word entropy that allow words to span a
variable number of tokens. Regression experi-
ments on reading times show divergent results
between first-token and MC word entropy, sug-
gesting a need for caution in using first-token
approximations of contextual entropy.

1 Introduction

Recent studies of human sentence processing have
explored potential psycholinguistic effects from the
contextual entropy of the current word being pro-
cessed (Cevoli et al., 2022; Pimentel et al., 2023;
Wilcox et al., 2023; Giulianelli et al., 2024). Con-
textual entropy is an information-theoretic measure
quantifying a reader’s level of uncertainty about
the next word based on the current context; it is
computed purely based on the conditional probabil-
ity distribution of the next word without reference
to the word’s identity. As such, it contrasts with
surprisal, another commonly used psycholinguistic
measure whose effects can be understood as inte-
gration costs for an already observed word (Cevoli
et al., 2022; Pimentel et al., 2023).

Contextual entropy is commonly estimated us-
ing a language model (LM) like GPT2 (Radford
et al., 2019). However, because words can span
multiple subword tokens in an LM’s vocabulary—
making a full summation over their probability
distribution intractable—entropy is typically cal-

Byung-Doh Oh
New York University
oh.b@nyu.edu

William Schuler
The Ohio State University
schuler.77@osu.edu

culated over the probability distribution of each
word’s first token instead. This practice results
in a systematic underprediction of true word en-
tropy (Pimentel et al., 2023), which is magnified
in contexts in which multi-token words are prob-
able. This mismatch between the phenomenon of
interest (word-level predictive processing) and the
metric of choice (token-level entropy) may lead to
challenges in drawing psycholinguistic conclusions
from experimental results.

To address this issue, we calculate LM-based en-
tropy estimates using a technique based on Monte
Carlo (MC; Metropolis and Ulam, 1949) sampling
that allows words to span multiple tokens. While
this method still only provides an approximation
of true word entropy, the MC method can produce
unbiased estimates (Giulianelli et al., 2024) whose
variance decreases as the number of samples is
increased.

To test the difference between first-token entropy
and MC word entropy, both measures are evaluated
in a set of regression experiments using naturalistic
self-paced reading and eye-tracking data. Results
show contrasting predictions from the two mea-
sures, with MC word entropy making stronger esti-
mates on a corpus of self-paced reading times, but
yielding more mixed results on eye-tracking cor-
pora. The gap between the two entropy estimates
suggests that first-token entropy may not provide
a reliable approximation of true word entropy for
psycholinguistic modeling.!

2 Related Work

Much of the interest in information-theoretic pre-
dictors of human sentence processing traces back
to surprisal theory (Hale, 2001; Levy, 2008), which
posits a direct link between processing difficulty
and a word’s surprisal (negative log probability).

!Code for first-token and Monte Carlo entropy estimation

is available at https://github.com/christian-clark/
word-entropy.
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Robust effects from surprisal have been observed
across multiple languages and psycholinguistic
measures (e.g., Wilcox et al., 2023; Shain et al.,
2024). Entropy-based predictors are thus often eval-
uated as possible complements to well-established
surprisal predictors; we follow this practice by in-
cluding surprisal predictors in our regression mod-
els.

Several forms of entropy have been evaluated in
earlier work. Word-level (or token-level) contex-
tual entropy, the predictor of focus in the present
study, is studied by van Schijndel and Linzen
(2019) as well as several more recent studies
(Cevoli et al., 2022; Pimentel et al., 2023; Wilcox
et al., 2023; Giulianelli et al., 2024). Other work
considers the total entropy of the remainder of a
sentence—its raw value (Roark et al., 2009), the
reduction in this entropy at each incoming word
(Hale, 2003, 2006), or both (Linzen and Jaeger,
2016). Because total entropy is difficult to exactly
compute—especially with contemporary language
models—some additional work calculates the en-
tropy of a bounded number of future words as
a middle ground (Frank, 2013; Giulianelli et al.,
2024).

The work by Giulianelli et al. (2024) comes clos-
est to our proposed method of MC estimation of
contextual word entropy. These authors approxi-
mate the entropy of a continuation of a sentence by
generating samples of up to L € {5,10, 15} tokens
following a context string. This differs from our
work in that they aim to approximate continuation
entropy rather than next-word entropy.

3 Formulations of Contextual Entropy

3.1 Shannon Entropy

Shannon entropy (Shannon, 1948) is the standard
form of entropy studied in previous psycholinguis-
tic work. A word’s contextual Shannon entropy is
defined as its expected surprisal, i.e., its expected
negative log probability given the preceding words
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where V' is the vocabulary of all possible words
and W; is a random variable over V.

3.2 Rényi Entropy

Pimentel et al. (2023) discuss the possibility that
readers’ anticipatory processing may be guided
by strategies other than considering the expected
surprisal of the next word (i.e., Shannon entropy).
For instance, readers might rely on the surprisal of
the single most likely word; or, at the other extreme,
they might consider the number of possible next
words regardless of each word’s exact probability.

Rényi entropy (Rényi, 1961) is a generaliza-
tion of Shannon entropy which captures this spec-
trum of possible anticipatory reading strategies. A
word’s contextual Rényi entropy of order « is de-
fined as follows:
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When o = 0, Rényi entropy considers the num-
ber of possible next words. If & = 1, Rényi en-
tropy equals Shannon entropy (via an application
of L’Hopital’s rule to Eq. (2)). And when o = o0,
Rényi entropy measures the surprisal of the single
most likely word in context.

Pimentel et al. (2023) test several values of o and
find that Rényi contextual entropy with v = 1/2 is
a relatively strong predictor of reading times. Our
regression experiments evaluate both Shannon en-
tropy and Rényi entropy with « = 1/2 to get a
fuller picture of how first-token and MC approxi-
mation affect metrics describing anticipatory word
processing.

3.3 First-Token and MC Approximations

Contemporary LMs typically work with a finite
subword vocabulary—defined using a method like
Byte-Pair Encoding (Sennrich et al., 2016)—that
supports an infinite word vocabulary, as words can
span a variable number of subwords. Because sum-
ming over an infinite vocabulary is intractable, re-
cent work instead considers the entropy of a word’s
first subword token. First-token contextual Shan-
non entropy is defined as follows:
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where ¢ is a token drawn from the LM’s subword
vocabulary T'. First-token Rényi entropy can be
defined analogously. These approximation are a



lower bound on true word entropy (Pimentel et al.,
2023).

MC estimation of contextual word entropy is
performed by computing the average surprisal of a
multiset of words S sampled in context wy ;—1:

|S|Zlog2 S‘wlz 1)
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Each sampled word s € S is produced by randomly
generating successive subword tokens until a word
boundary (i.e., the subsequent whitespace in En-
glish) is reached. The surprisal of s is calculated by
summing over the surprisal of its subword tokens.
This form of MC estimation is unbiased because
it directly averages over samples drawn from the
ground-truth probability distribution P(s | wy_;—1)
(Giulianelli et al., 2024).

An MC estimate of Rényi entropy can be ob-
tained by replacing the summation term in Equa-
tion (2) with a sample-based approximation:
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Because of the log-transformation of the sample-
based estimate, Equation (5) is not an unbiased
estimate of true Rényi entropy.> However, in a
randomized trial we found that this approximation
of Rényi entropy results in negligible bias when
|S| > 64.

Due to limitations in the available compute bud-
get, all MC estimates in this work restrict the num-
ber of samples to |\S| = 512. An analysis of sam-
ple variance indicated that entropy estimates are
reasonably stable with this sample count. See Ap-
pendix A for this analysis and other details about
the MC estimation.

To illustrate the difference between first-token
and MC word entropy, Figure 1 shows the average
Shannon entropies of the 10 most frequent parts
of speech in the Natural Stories corpus (Futrell
et al., 2021), one of the English psycholinguistic
corpora used in subsequent regression experiments
(Sec. 4). As expected, MC word entropy is consis-
tently higher than first-token entropy. It can also
be observed that open-class parts of speech such

’This is due to Jensen’s inequality, which shows that in
general, f(E(z)) # E(f(z)), where E() is an expectation
and f in this case is log,,.
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Figure 1: Average Shannon entropy of the 10 most fre-
quent parts of speech in the Natural Stories corpus, using
either first-token or Monte Carlo word entropy approx-
imations. Part-of-speech tags are from Penn Treebank
annotations (Marcus et al., 1993). Error bars represent
+1 standard error of the mean (SEM).

Corpus Observations
Natural Stories SPR 770,259
Brown SPR 119,120
Dundee FP 195,507
Dundee GP 195,507
Provo FP 106,138
Provo GP 106,139
GECO FpP 289,892
GECO GP 289,892

Table 1: The number of observations in each reading-
time corpus. These observations were partitioned into
10 folds of roughly equal sizes for cross-validation.

as NN (noun) and JJ (adjective) show a larger rel-
ative difference between first-token and MC word
entropy compared to closed classes like IN (prepo-
sition). This likely reflects a wider range of multi-
token words available within these part-of-speech
categories; it also provides evidence that the first-
token approximation not only underpredicts word
entropy but also distorts the difference between
word classes.

4 Regression Experiments

To compare the psycholinguistic predictive power
of first-token entropy and word entropy, we per-
form linear mixed-effects (LME; Bates et al., 2015)
regression experiments on a set of naturalistic
reading-time corpora in English.

4.1 Corpora

The psycholinguistic corpora included two self-
paced reading (SPR) corpora and three corpora
with first-pass (FP) and go-past (GP) durations
from eye tracking. The self-paced reading corpora
were Natural Stories (Futrell et al., 2021), which



contains data from 181 subjects who read 10 natu-
ralistic stories; and Brown (Smith and Levy, 2013),
which contains data from 35 subjects who read 13
passages from the Brown corpus. The eye-tracking
corpora were Dundee (Kennedy et al., 2003), con-
taining fixation durations from 10 subjects who
read 67 newspaper editorials; Provo (Luke and
Christianson, 2018), containing fixation durations
from 84 subjects who read 55 passages from a vari-
ety of sources including news articles, magazines,
and works of fiction; and GECO (Cop et al., 2017),
containing fixation durations from 14 subjects who
read a 13-chapter Agatha Christie novel (Christie,
1920). Table 1 shows the number of observations
per partition in each corpus.

4.2 Predictors

Baseline predictors in the LME models included
word length, word index, unigram surprisal, LM
surprisal of the current and previous word (SPR,
FP, and GP), and whether the previous word
was fixated (FP and GP only). Unigram sur-
prisal was estimated on the 6.5 billion whitespace-
delimited words from the OpenWebText Corpus
(Gokaslan and Cohen, 2019) using the KenLM
toolkit (Heafield et al., 2013). SPR regression mod-
els included per-subject random slopes for word
length, word index, and LM surprisal (current and
previous word), and a per-subject random intercept.
Regression models for eye-tracking only included a
per-subject random intercept. Other random slopes
were removed to ensure convergence.

4.3 Evaluation

For each corpus and response type, k-fold cross-
validation with k£ = 10 was used to find an average
difference in log likelihood (ALL) between a re-
gression model containing only the baseline predic-
tors, and a regression model additionally contain-
ing an entropy predictor (either first-token entropy
or MC word entropy).? This evaluation was con-
ducted twice, once using Shannon entropy and once
using Rényi entropy (o = 1/2). GPT2-small was
the LM used to calculate entropy and surprisal pre-
dictors. The full ALL for each fold was divided by
its number of datapoints to calculate a per-datapoint
ALL value.

Paired permutation tests over the ALL val-
ues from each fold were conducted to determine

3Each observation was assigned to partition p = (m+mn)

mod 10, where m and n are subject ID and sentence number
respectively.

Corpus ALLpr ALLwMc
NS SPR 1.26e—4 3.05e—4 ***
Brown SPR 2.10e—6 —1.75e—5
Dundee FP 1.28e—5 —4.09e—6
Dundee GP 9.21e—6 —4.60e—6
Provo FP —7.54e—6 1.18e—5
Provo GP 2.13e—4 ** 6.48e—5
GECO FP 8.11e—5 *** 1.17e—5
GECO GP —1.38¢e—6 —3.45e—6
Combined 7.09e—5 1.17e—4*
(a) Shannon Entropy
Corpus ALLpr ALLpmc
NS SPR 2.6le—4 1.43e—3 ***
Brown SPR  —1.05e—5 1.99e—4
Dundee FP 1.02e—6 1.10e—4 **
Dundee GP  —4.09e—6 1.90e—4 **
Provo FP —1.29e—5 —8.95e—6
Provo GP 4.51e—5 6.57e—5
GECO FP 5.86e—6 2.76e—5
GECO GP 0.00 1.14e—5
Combined 9.85e—5 5.78e—4 **%*
(b) Rényi Entropy

Table 2: Increases in per-datapoint log likelihood (mea-
sured in nats) from adding a target entropy predictor to
a baseline regression model for predicting self-paced
reading (SPR) time, first-pass (FP) duration, or go-past
(GP) duration. ALLgr and ALLyc respectively refer
to log likelihood improvements from first-token and
MC entropy approximations. NS means Natural Stories.
Sigificance levels are * p < 0.05, ** p < 0.01, ***
p < 0.001.

whether the differences between models using first-
token and MC word entropy were statistically sig-
nificant. Aggregated significance tests for Shannon
and Rényi entropy were also performed using a
paired permutation test over the concatenated ALL
values across the 10 folds of each corpus.

4.4 Results

Table 2 presents the results from this experiment.
When using Shannon entropy (Table 2a), replacing
first-token estimates with MC estimates improves
ALL scores on the Natural Stories self-paced read-
ing corpus. However, results are less consistent
across other corpora, with two cases in which first-
token entropy significantly outperforms MC word
entropy. Nonetheless, the improvement from MC
word entropy on Natural Stories is strong enough to
lead to a significant improvement in the aggregated
permutation test.

The results using Rényi entropy (Table 2b) show



a more robust improvement in reading predictions
from MC word entropy. Higher ALL values are
observed across all corpora, with significant im-
provements from MC word entropy on several cor-
pora and in the aggregated evaluation. These results
suggest that—unlike Shannon entropy—word-level
estimates of Rényi entropy are consistently better
predictors of anticipatory processing.

Appendix B presents the effect sizes of the en-
tropy predictors as well as additional regression re-
sults. In general, it can be seen that entropy predic-
tors have smaller effects than surprisal predictors
(B.1, B.5), and that removing surprisal predictors
generally increases the improvements from entropy
predictors (B.4). It can also be observed that mean
squared error and R2, two alternative measures of
prediction quality, show generally consistent trends
to those reported for ALL (B.2), and that results
are similar when entropy is calculated using the
OPT-125M (Zhang et al., 2022) or Pythia-160M
(Biderman et al., 2023) LMs instead of GPT2-small
(B.3).

5 Conclusion

First-token approximations of contextual entropy
have often been used as a tool to study anticipa-
tory word-level processing (Cevoli et al., 2022;
Pimentel et al., 2023; Wilcox et al., 2023). How-
ever, this work shows that estimates of word en-
tropy from MC sampling often lead to experimen-
tal results that diverge from those using first-token
entropy; in many cases, MC estimates provide a
closer match to human behavioral data. The con-
crete difference across the two conditions warrants
caution against using first-token entropy in psy-
cholinguistic modeling.

Limitations

Concerns about first-token entropy estimates are
relevant for contemporary Transformer LMs that
use a vocabulary of subword tokens; however, they
do not apply to word-level LMs, such as the LSTM
used by van Schijndel and Linzen (2019) to study
contextual entropy.

This paper considers entropy measures for En-
glish based on GPT2-small. However, the degree
to which first-token entropy distorts true word en-
tropy may vary depending the language of study
and LM of choice (although we saw reasonably
stable results across two alternative English LMs,
as reported in Appendix B.3). For instance, LMs

with larger subword vocabularies may have a closer
to 1:1 relationship between tokens and words and
thus show less distortion. It is also possible that
languages with higher morphological complexity
than English (e.g., agglutinative languages) will
tend to have more multi-token words and therefore
will show a larger gap between first-token and word
entropy.

One further limitation is the higher cost of cal-
culating MC estimates of word entropy relative to
first-token entropy. Computing MC entropy esti-
mates based on |S| = 512 word samples took ap-
proximately 30 seconds per sentence and required
roughly 350 GB of memory.* While this cost was
manageable for the medium-scale psycholinguis-
tic corpora in this study, calculating MC entropy
estimates for larger-scale corpora used in other nat-
ural language processing applications may be less
practical.
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A Monte Carlo Sampling Details
A.1 Sampling Procedure

Sampling a potentially multi-token word w; from a
language model’s conditional probability distribu-
tion P(W; | wy_;—1) involves iteratively sampling
the subword tokens of w; until a word boundary is
reached. A challenge that arises is that LMs like
GPT?2 treat word boundaries as leading whitespaces
on tokens, meaning that the end-of-word bound-
ary for w; will be part of the first token for w; 1.
These word boundaries must be carefully managed
in order to ensure that probabilities of multi-token
words form a proper distribution (Oh and Schuler,
2024; Pimentel and Meister, 2024).

To properly track word boundaries, we follow
Oh and Schuler (2024) in separating the subword
vocabulary 7" of an LM into a subset containing
whitespace-initial tokens 7’z and a subset contain-
ing tokens with no initial whitespace 77. Note that
T =TgUTrand Tg N'T; = (. To sample w;,
we first sample a word-initial token from T’g, with
LM probabilities renormalized to sum to 1 over 1.
Subsequent tokens are drawn from 77 U {EOW},
where tokens in 77 are assigned their usual condi-
tional probabilities, and

P(EOW | w; i—1,t1.j) = Z P(t | wi.i-1,t1.5),
teTp
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Figure 2: Coefficient of variation by sample count for
Monte Carlo estimates of word entropy.

where ¢ ; are the subword tokens that have been
sampled so far. In other words, the probability of
EOW is the probability of sampling any whitespace-
initial token, which means the end of w; has been
reached. The surprisal of w; is the sum of the
surprisal of the initial token from 7'z, any middle
tokens from 77, and the final EOW.

To ensure that sampling was tractable in our ex-
periments, the number of possible subword tokens
in a word was capped at 20. Strictly speaking, this
means that the MC estimates in this work will tend
to underestimate true surprisal. However, words
with more than 20 tokens are exceptionally unlikely
to sample—empirically, we observe that around
1/50,000 samples reach 20 tokens—so the effect on
MC estimates should be minimal.

A.2 Variance Analysis

To measure the effect of sample count on the vari-
ance of the Monte Carlo estimates, we performed
a bootstrapping (Efron, 1992) analysis using the
first story from the Natural Stories corpus. We
followed a similar procedure to Giulianelli et al.
(2024, Sec. 5.1). First, foreach k € {27 | j =
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Shannon Entropy Rényi Entropy

Corpus FT MC FT MC
NS SPR 1.9752 3.7466 3.0044 6.0325
Brown SPR —0.0583 0.6345  —0.2484 1.4915
Dundee FP —0.8926 —0.3298 —0.5853 2.0721
Dundee GP —1.5943 —0.2209 —0.5138 5.1233
Provo FP —1.0993 —1.6591 0.2369 0.0957
Provo GP —9.8869 —5.7522  —4.898 4.8992
GECO FP 1.5739 0.6698 0.4851  —0.9177
GECO GP —0.4139 0.1021 0.5646 1.7777

Table 3: Effect sizes (ms) from regression predictors
based on first-token (FT) and Monte Carlo (MC) ap-
proximations of word entropy.

2,3,...,11} and word position 7 in the story, a set
of k word samples S}, ; was taken following the pro-
cedure in A.1. Next, a set of 1000 resamples with
replacement—each of size k—were taken from
each Sy ;, and entropy was calculated over each
resample. The coefficient of variation for word ¢
was then calculated as C'V},; = oy, ;/ ik i, Where
ok, and py ; are respectively the standard devia-
tion and mean of the entropy across all resamples.
Finally, the average coefficient of variation with
k samples, C'Vj, was found by averaging over all
CVy,; values.

Figure 2 plots the C'V}, value for each sample
size k for both Shannon and Rényi entropy. Gener-
ally speaking, Rényi entropy requires more samples
than Shannon entropy to attain a given coefficient
of variation. Both entropy measures benefit from
higher sample counts, but the C'V}, values are rea-
sonably stable near the sample count of 2 = 512
used in the regression experiments (Sec. 4).

B Additional Regression Results

B.1 Effect Sizes from GPT2 Entropy

Table 3 shows the effect sizes from the GPT2-based
entropy predictors evaluated in Section 4. The
effect sizes are averaged over the 10-fold cross-
validation models.

B.2 MSE and R? from GPT2 Entropy

Table 4 presents several measures from the regres-
sion models tested in main experiments. Along
with the ALL measures discussed in Section 4.2,
this table includes the following measures:

* MSEgt, MSEpM(c: mean squared error from
regression models containing first-token and
Monte Carlo estimates of entropy

e AMSEgr, AMSEp(c: changes in mean
squared error relative to a baseline regression
model with no entropy predictor

« RZ, RE,IC: coefficients of determination from
regression models containing first-token and
Monte Carlo estimates of entropy

« AR%, AR} -: changes in R? relative to a
baseline regression model with no entropy pre-
dictor

Like ALL, each of these measures is averaged over
results from 10-fold cross-validation.

B.3 Additional Language Models

To check whether the results in Section 4.4 gen-
eralize beyond the GPT2-small language model,
we collected regression results using entropy mea-
sures from two additional language models. Ta-
ble 5 presents results from the OPT-125M language
model (Zhang et al., 2022), and Table 6 presents
results from the Pythia-160M language model (Bi-
derman et al., 2023).

B.4 No Surprisal Control

Table 7 presents results from regression models
that use entropy estimates from GPT2-small but
no surprisal control. Comparing these results with
Table 4 shows the degree to which including a sur-
prisal control weakens effects from entropy.

B.5 Surprisal-Only Regression Model

Table 8 shows the effect sizes and improvements in
regression model fit due to GPT?2 surprisal, in order
to give a frame of reference for improvements from
entropy. LLgurp, MSEgyp, and Rfurp values come
from a regression model with GPT2 surprisal pre-
dictor as well as the other baseline predictors listed
in Section 4.2. ALLqyp, AMSEgyp, and ARZ,
compare this model to a baseline model with no
surprisal predictor. For this evaluation, neither the
baseline nor the main effect model included an

entropy predictor.



Corpus ALLgy ALLyic MSErr  MSEmc  AMSEpr  AMSEnc RE Ric ARE ARE.
NS SPR 1.26e—4 3.05e—4 20077 20070 —6.0094 —13.4711  0.2708  0.2711 2.18¢—4 4.89e—4
Brown SPR 2.10e—6 —1.75e—5 21893 21891 —3.1877 —4.3147 0.2238  0.2239 1.13e—4 1.53e—4
Dundee FP 1.28¢—5 —4.09e—6 17012 17013  —0.4241 0.1208  0.126  0.126 2.18¢—5 —6.21e—6
Dundee GP 9.21e—6  —4.60e—6 62203 62205 —1.1001 0.6039  0.0576  0.0576 1.67e—5 —9.15¢—6
Provo FP —7.54e—6 1.18¢—5 36175 36173 0.5538  —0.8149  0.1091  0.1092 —1.36e—5 2.0le—5
Provo GP 2.13e—4 6.48e—5 150401 150447 —70.3786 —24.3149 0.0709  0.0706 4.35e—4 1.50e—4
GECO FP 8.1le—5 1.17e—5 11973 11975 —1.9361 —0.2672  0.1436  0.1435 1.38e—4 1.91e—5
GECOGP  —1.38¢—6 —3.45¢—6 91133 91133 0.1751 0.5549  0.0564 0.0564 —1.8le—6 —5.75¢—6
Combined 7.09¢—5 1.17e—4 40171 40171 —6.3828 —6.4331  0.1569  0.1569 1.34e—4 1.35e—4

(a) Shannon Entropy

Corpus ALLgy ALLyc MSErr  MSEyc  AMSEpr  AMSEyc RE Ric ARE ARYe
NS SPR 2.6le—4 1.43e—3 20069 20028 —14.5593 —55.574  0.2711  0.2726 5.29e—4 2.02e—3
Brown SPR  —1.05¢—5 1.99e—4 21890 21883  —5.9747 —12.8295 0.2239  0.2242 2.12e—4 4.55¢0—4
Dundee FP 1.02¢—6 1.10e—4 17013 17009 —0.0389 —3.7241 0.126  0.1262 2.00e—6 1.91e—4
Dundee GP —4.09¢—6 1.90e—4 62205 62181 0.5899 —23.406  0.0576 0.0579 —8.94e—6 3.55e—4
Provo FP —1.29e—5 —8.95e—6 36175 36175 0.9899 0.6182  0.1091  0.1091 —2.44e—5 —1.52e—5
Provo GP 4.51e—5 6.57e—5 150454 150453 —17.3379 —17.6413  0.0705  0.0705 1.07e—4 1.09e—4
GECO FP 5.86e—6 2.76e—5 11975 11974 —0.128  —0.6585 0.1435  0.1435 9.16e—6 4.71e—5
GECO GP 0.00 1.14e—5 91132 91130 —0.0233 —2.0846 0.0564  0.0565 2.42e—7 2.16e—5
Combined 9.85¢—5 5.78e—4 40171 40152 —6.561 —25.2072  0.1569  0.1573 1.38¢—4 5.29¢—4

(b) Rényi Entropy

Table 4: Regression results using first-token (FT) and Monte Carlo (MC) entropy estimates from GPT2-small.

Corpus ALLgy ALLyic MSErr  MSEmc  AMSEgr  AMSEnc RE% Ric ARE ARE.
NS SPR 1.6le—4 4.15e—4 20076 20064 —6.0137 —17.403  0.2708 0.2713 2.18¢—4 6.32¢—4
Brown SPR  —1.05e—4 —4.65¢—5 21896 21893 —0.2538 —3.0596 0.2237  0.2238 9.00e—6 1.08¢e—4
Dundee FP 51le—6 —3.07e—6 17009 17009  —0.1497 0.088  0.1262  0.1262 7.69¢e—6  —4.52¢—6
Dundee GP 6.65e—6 —3.07e—6 62206 62207 —0.7871 0.4156  0.0576  0.0575 1.19e—5 —6.30e—6
Provo FP 7.82e—6 6.03e—5 36176 36172 —0.4543 —3.9773  0.1091  0.1092 1.12e—5 9.79¢—5
Provo GP 2.27e—4 9.76e—5 150389 150429 —72.3363 —32.4111  0.0709  0.0707 4.47e—4 2.00e—4
GECO FP 1.54e—4 4.17e—5 11975 11978  —3.7058 —1.0149  0.1435  0.1433 2.65¢—4 7.26e—5
GECOGP  —1.38¢—6 —1.72¢—6 91141 91141 0.2182 0.2928  0.0564 0.0564 —2.26e—6 —3.03¢—6
Combined 8.82¢—5 1.65e—4 40171 40169 —6.5538 —8.5611  0.1569  0.1569 1.38e—4 1.80e—4

(a) Shannon Entropy

Corpus ALLgy ALLyic MSErr  MSEmc  AMSEpr  AMSEwc RE Ric ARE ARYe
NS SPR 3.16e—4 1.50e—3 20067 20025 —14.7888 —56.4398 0.2712  0.2727 5.37e—4 2.05e—3
Brown SPR  —8.95¢—5 5.47e—5 21894 21891 —1.4869 —4.7233  0.2238  0.2239 5.27e—5 1.67e—4
Dundee FP —5.11e—7 7.67e—6 17009 17009 0.0282  —0.2357 0.1262 0.1262 —1.45¢—6 1.21e—5
Dundee GP —5.11e—6 2.7le—5 62207 62203 0.6228  —3.3687  0.0575 0.0576 —9.44e—6 5.10e—5
Provo FP —8.0le—6 —1.23e—5 36177 36177 0.5607 0.9020  0.1091 0.1091 —1.38¢e—5 —2.22¢—5
Provo GP 6.55¢—5 1.93e—5 150439 150456 —22.9908 —5.3332  0.0706  0.0705 1.42¢—4 3.29¢—5
GECO FP 5.00e—5 5.86e—6 11977 11978 —1.2196 —0.144  0.1433  0.1432 8.72e—5 1.03e—5
GECO GP 2.41e—6 6.2le—6 91140 91140 —0.5322 —1.0788  0.0564  0.0564 5.51e—6 1.12e—5
Combined 1.22e—4 5.6de—4 40171 40156 —6.9143 —21.9862 0.1569  0.1572 1.45e—4 4.6le—4

(b) Rényi Entropy

Table 5: Regression results using first-token (FT) and Monte Carlo (MC) entropy estimates from OPT-125M.



Corpus ALLgr ALLyc MSErr  MSEmc  AMSEgr  AMSEyc RZ, Ric ARZ, ARYe

NS SPR 1.44e—4 3.6de—4 20079 20069 —6.4502 —16.5472  0.2707 0.2711 2.34e—4 6.0le—4
Brown SPR  —2.28e—5 3.27e—6 21920 21918 —0.2588 —2.0246 0.2229  0.2229 9.18¢—6 7.18¢—5
Dundee FP 1.33¢—5 0.00 17018 17019 —0.4729 —0.0079  0.1257  0.1257 2.43¢—5 4.07e—7
Dundee GP 2.30e—5 1.53¢—6 62228 62231 —2.8315 —0.2539 0.0572  0.0572 4.29¢—5 3.85¢—6
Provo FP —8.20e—6 1.35e—5 36163 36161 0.6008 —0.8809 0.1094 0.1095 —1.48¢—5 2.17e—5
Provo GP 1.12e—4 2.56e—5 150498 150526 —37.6887 —9.4808  0.0703  0.0701 2.33e—4 5.86e—5
GECO FP 8.49¢—5 1.66e—5 11985 11987 —2.0528 —0.3869  0.1427  0.1426 1.47e—4 2.77e—5
GECOGP  —1.38¢—6 6.90e—7 91172 91172 0.245 —0.0412  0.056  0.056  —2.54c—6 4.27e—7
Combined 7.25e—5 1.40e—4 40187 40185 —4.8762 —6.8816 0.1566  0.1566 1.02e—4 1.44e—4

(a) Shannon Entropy

Corpus ALLgy ALLyic MSEgr  MSEmc  AMSEgr  AMSEyc R% Ric ARZL AR%.
NS SPR 3.82¢—4 1.92e—3 20066 20020 —19.3132 —64.9823 0.2712  0.2729 7.0le—4 2.36e—3
Brown SPR  —5.14e—5 1.75e—4 21920 21908 0.6322 —11.878  0.2228 0.2233 —2.24e—5 4.21e—4
Dundee FP 0.00 —1.53e—6 17019 17019  —0.0135 0.0349  0.1257  0.1257 6.92¢—7 —1.79¢—6
Dundee GP 1.49¢e—16  0.00 62231 62231 —0.0147 —0.1743  0.0572  0.0572 2.22e—7 2.64e—6
Provo FP —2.64c—6 1.72e—5 36162 36162 0.2361  —0.7079  0.1094 0.1095 —5.8le—6 1.74e—5
Provo GP 1.54e—5 3.77e—7 150529 150535 —6.4558 —0.518  0.0701  0.07 3.99e—5 3.20e—6
GECO Fp 3.38¢—5 1.66e—5 11986 11987 —0.8126 —0.4139  0.1427  0.1426 5.8le—5 2.96e—5
GECO GP 3.79¢—6 2.38—5 91171 91168 —0.6358 —4.0685 0.056  0.0561 6.58¢—6 4.21e—5
Combined 1.45¢—4 7.30e—4 40185 40167 —7.6655 —25.5373  0.1566  0.157 1.6le—4 5.36e—4

(b) Rényi Entropy

Table 6: Regression results using first-token (FT) and Monte Carlo (MC) entropy estimates from Pythia-160M.

Corpus ALLgy ALLyc  MSEpr  MSEmc  AMSErr  AMSEyc RE Ric ARE, AR
NS SPR 2.4Te—4  5.40e—4 20337 20327 —12.2038 —22.4254 0.2613  0.2617 4.47e—4  8.1de—4
Brown SPR  5.17e—5 1.9de—4 22543 22536  —6.7647 —14.0904 0.2008  0.201 2.40e—4  5.00e—4
Dundee FP 3.32e—4  4.18e—4 17189 17186 —11.4406 —14.3736 0.1169  0.1171 5.88e—4  7.38e—4
Dundee GP 1.29e—4  2.1le—4 62530 62519 —16.3992 —26.6459 0.0526  0.0528 2.48e—4  4.04e—4
Provo FP 2.09e—4 1.35e—4 36420 36426 —17.046  —11.7245 0.1031  0.103 4.20e—4  2.89e—4
Provo GP 1.88e—7 4.56e—5 151191 151178 0.0633 —12.7081 0.066  0.0661 —3.9le—7 7.85e—5
GECOFP  9.35e—4 5.7le—4 12082 12091 —22.6558 —13.8392 0.1358  0.1352 1.62e—3  9.90e—4
GECOGP  1.73e—4 1.8le—4 91596 91595 —31.9843 —33.1864 0.0516 0.0517 3.3le—4  3.44e—4
Combined ~ 3.04e—4  3.86e—4 40485 40481 —16.097  —20.8434 0.1503  0.1504 3.38e—4  4.3Te—4

(a) Shannon Entropy

Corpus ALLgy ALLyc MSEgr  MSEmc  AMSEgr AMSEyc R%4 R ARZ ARZ.
NS SPR 4.90e—4 1.91e—3 20325 20278 —24.1903 —71.3104 0.2618  0.2635 8.79¢—4 2.59¢—3
Brown SPR 1.40e—4 5.92e—4 22535 22520 —14.5117 —29.5981 0.201  0.2016 5.15e—4 1.05e—3
Dundee FP 4.48¢—4 8.26e—4 17185 17172  —15.4315 —28.3935 0.1171  0.1178 7.93¢—4 1.46e—3
Dundee GP 2.28¢—4 6.89e—4 62517 62460 —28.7317 —86.4387  0.0528  0.0537 4.35e—4 1.31e—3
Provo FP —1.39e—2 1.89e—4 36713 36420  275.5705 —17.0949 0.0959  0.1031 —6.79¢—3 4.21e—4
Provo GP 9.28¢—5 3.99e—4 151164 151068 —26.3901 —122.6861 0.0661  0.0667 1.63e—4 7.58e—4
GECO FP 5.48e—4 6.28¢—5 12091 12103 —13.3075  —1.5096 0.1352  0.1343 9.52¢—4 1.08e—4
GECO GP 2.18e—4 1.77e—4 91588 91596  —40.1815 —32.2722 0.0517  0.0516 4.16e—4 3.34e—4
Combined ~ —3.46e—4 9.50e—4 40493 40451 —8.7115  —50.9217  0.1502  0.151 1.83e—4 1.07e—3

(b) Rényi Entropy

Table 7: Results from a regression models without a surprisal control. First-token (FT) and Monte Carlo (MC)
entropy estimates are from GPT2-small.



Corpus Effect Size ALLgurp MSEgup AMSEu, R? AR?

surp surp
NS SPR 5.0588 8.06e—4 20320 —29.1578  0.262 1.06e—3
Brown SPR 7.4358 1.07e—3 22510 —39.7916  0.2019 1.41e—3

Dundee FP 12.811 4.07e—3 17063 —137.5839  0.1234 7.07e—3
Dundee GP 16.9272 1.91e-3 62284 —261.8856  0.0564 3.97e—3

Provo FP 14.9367 5.38e—3 36 105 —332.7122  0.1109 8.19e—3
Provo GP 27.0395 2.49e—-3 150431 —1759.4566  0.0707 4.69e—3
GECO FP 12.1977 5.86e—3 11960 —144.4364  0.1445 1.03e—2

GECO GP 21.3154 1.77e—3 91283  —344.5515  0.0549 3.57e—3

Combined — 2.39e—3 40 326 —175.1417  0.1536 3.68e—3

Table 8: Effect size (ms) and improvements in regression model fit from GPT-2 surprisal, with no entropy predictors
included.
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