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Abstract

Lexical surprisal correlates with human read-
ing times and is easy to extract from large
language models (LLMs), thus appearing use-
ful for readability assessment. However, re-
cent evidence suggests that LLMs tend to as-
sign very low surprisal to texts that are demon-
strably difficult for lay readers. In this pa-
per, we investigate the stability and genre
sensitivity of lexical surprisal estimates for
Czech across five language models. Using di-
verse single-genre corpora, we analyze word-
level surprisal distributions and inter-model
correlations, observing inter-model agreement
to be generally low and strongly modulated
by genre. Detailed distributional analyses
reveal sharp differences between generative
and n-gram models, particularly in legal gen-
res, where Transformer-based models assign
disproportionately low surprisal to technical
nouns. Correlations between lexical surprisal
and TF-IDF further suggest that large models
are more sensitive to structural patterns than
to domain-specific lexical difficulty. These
findings caution against using lexical surprisal
from general-purpose LLMs for readability as-
sessment in institutional and legal texts, high-
lighting the need for genre-aware and cogni-
tively grounded evaluation.

Keywords: readability; lexical surprisal; lan-
guage models

1 Introduction

Lexical surprisal is a linguistic concept adopted
from Information Theory (Shannon, 1948), which
models the predictability of a text by determining
the probability of each word given its preceding
context. There is ample empirical evidence of
lexical surprisal reflecting the cognitive load on
a reader, operationalized as reading time (Levy,
2008; Hale, 2001; Smith and Levy, 2013; Wilcox
et al., 2023).
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Assuming that there is an optimum pattern
of surprisal distribution (Frank and Jaeger, 2008;
Clark et al., 2023), lexical surprisal lends itself as
an aid to automatic readability assessment.

Novotna et al. (2025); Cerny (2025) describe
their experiments with lexical surprisal (computed
by GPT-2) to assess the readability of Czech legal
and administrative texts in an application. Inter-
estingly, their initial observations did not reveal
an interpretable pattern. The token-wise values
were uniformly very low, suggesting that the texts
would be both information-light and easy to read,
which could by no means comply with the judg-
ment of a common reader. We speculate that GPT-
2 is too well-trained in legal writing to model the
mental lexicon of a legal layman. This initial find-
ing has motivated our current research questions:

1. Do language models agree on lexical sur-
prisal values in Czech texts?

2. Is the agreement affected by text genre?

2 Related work

We build on prior work that established the rela-
tionship between lexical surprisal and text read-
ability, using probabilistic language models to
quantify surprisal (Demberg and Keller, 2008;
Pimentel et al., 2023; Sun and Wang, 2025).
Whereas these studies confirm the correlation be-
tween word surprisals and their reading times in
the English language, Wilcox et al. (2023) extend
the evidence for surprisal theory to multiple lan-
guages.

Fernandez Monsalve et al. (2012); Goodkind
and Bicknell (2018) postulate that the predictive
power of word surprisal on reading times increases
with the decreasing model perplexity. In contrast,
Oh and Schuler (2023) demonstrate that for Trans-
former models, the predictive accuracy declines



when the model was exposed to too much data
(over 2 billion tokens) during training.

Regarding surprisal across different text styles,
Gehrmann et al. 2019 use word predictability to
discern natural texts from automatically generated
ones using the fact that the latter are based on prob-
abilistic distribution samples and hence maintain
particularly low surprisal levels.

3 Experiment setup

In this work, we focus exclusively on the Czech
language and analyze the surprisal distributions
across different genres.

3.1 Surprisal Computation

We prepared seven Czech corpora to represent dif-
ferent genres (see 4). We ran each language model
from our selection (as listed in 3.2) to compute the
lexical surprisal on each text, using an earlier in-
house re-implementation of gltr (Gehrmann et al.,
2019; Cerny, 2025). Word surprisal is approxi-
mated as the negative log probability assigned to
each word by the model given its preceding con-
text. For Transformer models, the context is lim-
ited to the previous 512 tokens, whereas n-gram
models, by construction, condition only on the
four preceding words.

As a next step, we mapped the model-specific
subword tokens on word boundaries as defined by
a Czech tokenizer (Straka et al., 2016), transform-
ing the lexical surprisal to word-wise sums of their
negative log probabilities (Pimentel and Meister,
2024).

3.2 Language models

When selecting language models, we included two
Transformer models trained on Czech data and
one multilingual model. Suspecting that heav-
ily trained Transformer models may exhibit super-
reader capabilities, as observed by Oh and Schuler
(2023), we also constructed two n-gram models on
datasets over which we have greater control. The
model overview is displayed in table 1.

3.2.1 Qwen2.5

Qwen2.5 (Qwen et al., 2025) represents one of the
most advanced multilingual language models. The
base models were pretrained on a large-scale, high-
quality mixture of web text, books, code across
languages and curated synthetic datasets totaling
18 trillions of tokens. No fine-tuning for Czech
was performed. We used the variant with 7 billion
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Model Params Train Tokens Language
gpt2_small  117M 5B cs
gpt2_XL 1.5B 11B cs
gwen 7B 18T multiling
ngram_web - 1B cs
ngram_cnk - 5B cs

Table 1: Overview of language models used in the ex-
periments

parameters which already has the ability to gener-
ate texts in the Czech language and its size is fea-
sible for running inference on a GPU with 16 GB
of GPU VRAM.

3.2.2 Czech-GPT-2-XL-133k

Czech-GPT-2-XL-133k (gpr2_XL) was trained on
a 11-billion word corpus of Czech obtained by
web crawling. Its architecture was adapted from
GPT-2 XL by replacing the tokenizer, correspond-
ing embeddings, and copying over 1,000 English
representations corresponding to the 1,000 most
frequent tokens into new embeddings based on a
bilingual dictionary. (BUT-FIT, 2024).

3.2.3 General GPT-2 Czech

The General GPT-2 Czech model (Chaloupsky,
2022) (gpt2_small) represents a first-generation
model fine-tuned to Czech. It is based on the
English pre-trained GPT-2 (Radford et al., 2019),
fine-tuned with a Czech tokenizer and word em-
beddings, and trained on the Czech subset of the
OSCAR dataset (Ortiz Su’arez et al., 2020). The
dataset is derived from the Web Crawl corpus
and the authors filtered the output to only include
longer web articles (over 1,200 characters).

3.2.4 n-gram models: NewsCrawl and CNC

For this experiment, two n-gram models were
trained to provide contrast to the neural models:
ngram_web and ngram_cnc. The NewCrawl' cor-
pus consists of texts crawled between the years
2007 and 2019 from online news sites. The Czech
National Corpus (CNC) is the public release of
the balanced Czech corpus, where the texts are
divided into randomly shuffled chunks of approx-
imately 100 words (respecting sentence bound-

aries), for copyright reasons?.

"https://data.statmt.org/news-crawl/
cs/

https://wiki.korpus.cz/doku.php/en:
cnk:syn:verze9
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4 Data

4.1 Czech Documents Corpus (newswire)

The Czech Text Document Corpus v 2.0 (Krdl and
Lenc, 2018) is a collection of newswires and press
releases provided by the Czech News Agency,
spanning more than sixty labeled topics. For our
experiment, we used a random sample of 500 doc-
uments, which we dub newswire.

4.2 Prague Dependency Treebank
Consolidated 2.0 (press)

PDTC 2.0 (Haji¢ et al., 2024) consists mainly of
Czech press texts from the 1990s and Czech trans-
lations of the Penn Treebank (Santorini, 1990)
(Wall Street Journal articles), with a small propor-
tion of narrative speech transcriptions. It repre-
sents a somewhat more diverse press corpus than
the Czech Documents Corpus.

4.3 FicTree (fiction)

FicTree (Jelinek et al., 2017) consists of eight fic-
tion texts (books) from the Czech National Corpus.
The texts are shuffled in random chunks of a max-
imum of 100 words (respecting sentence bound-
aries). We divided the train section of its Univer-
sal Dependencies release (Zeman et al., 2025) into
the original shuffled chunks and randomly selected
300 items.

4.4 Czech Court Decisions Corpus (justice)

The Czech Court Decisions Corpus (CzCDC) is
a corpus of whole decisions from three top-tier
Czech courts (Supreme, Supreme Administrative,
and Constitutional court) (Novotna and Harasta,
2019). We used a random sample of 500 doc-
uments, which we dub justice. The typical text
would contain an abundance of file reference num-
bers, addresses, dates, and numbered headings.
New lines are used to emphasize the main points
in the decision sentence. The register is extremely
formal and practically unreadable for a legal lay-
man (cf. Example 1, machine-translated).

(1) By the defendants decision (hereinafter also
referred to as the complainant) of 6 May
2008, Ref. No. OAM347/VL07112008, the
claimants application for the granting of in-
ternational protection was rejected as mani-
festly unfounded pursuant to Section 16(2)
of Act No. 325/1999 Coll., on Asylum
and on Amendments to Act No. 283/1991
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Coll., on the Police of the Czech Republic,
as amended (hereinafter the Asylum Act).
The Regional Court decided on the costs of
the proceedings by ruling that none of the
parties is entitled to reimbursement thereof.

4.5 KUKY 1.0 (legal_admin)

KUKY 1.0 (Cinkova et al., 2024) is a corpus of
226 diverse legal and administrative texts, mostly
findings and communications of the Office of the
Czech Public Defender of Rights, generic legal
advice from the Frank Bold law firm, and vari-
ous court and office filings. In the experiment, it
is labeled as legal_admin. This corpus contrasts
several legal writing styles, the distinction being
readability (assessed by experts in plain legal lan-
guage). Unlike court decisions in CzCDC, these
documents also capture communication with the
general public, often with observable intentions to
be comprehensible to the layman recipient. How-
ever, they are still official documents written by
legal experts to withstand scrutiny from peers (Ex-
ample 2, machine-translated).

(2) I am responding to your submission dated

12 September 2011, which concerns the pro-
cedure followed by the Ministry of Justice in
handling your application for compensation
for damage pursuant to the Act on Liability
for Damage Caused in the Exercise of Public
Authority.
The said file was sent to me on 28 November
2011. In reviewing this file, I focused in par-
ticular on the question of whether delays oc-
curred in your matter in decisionmaking un-
der Section 419 of Act No. 40/2009 Coll.,
the Criminal Code, as amended (hereinafter
also referred to as the Criminal Code).

4.6 ParCzech 4.0 (parl_debates)

The ParlaCzech 4.0 corpus (Kopp, 2024) is a cor-
pus of transcribed debates in the Czech parliament,
corresponding to the Czech subset of the Par-
laMint corpora (Erjavec et al., 2025). We used a
random sample of 500 items, called parl_debates.

4.7 CAC (academic)

The Czech Academic Corpus 2.0 (CAC) (Hladka
et al., 2008) consists of 650,000 words from var-
ious newspapers, magazines, and TV broadcast
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Figure 1: Correlations of lexical surprisal (negative log probability) in model pairs

transcripts gathered by a team of linguists between
1971 and 1985 to reflect the so-called “practical
style”. The “practical style” (“vécny styl”) in
Czech stylistics describes the consultative and for-
mal register used in academia and public service
journalism. We used all (68) documents labeled
as “scientific” by the corpus creators, dubbing this
sample academic.

5 Results

5.1 Pairwise correlations between models

We first analyzed the consistency of surprisal es-
timates across different models by examining pair-
wise correlations between model outputs. For each
document within a pair of models, we obtained
seven distributions of correlation measurements

(Fig. 1). Each subplot represents one pair of mod-
els, e.g. gwen vs. gpt2_XL. Each boxplot rep-
resents one genre corpus (labeled on the Y-axis).
Each data point underlying a boxplot represents
one document in the given genre corpus. Its value
is the Pearson correlation estimate of the word-
wise aggregated lexical surprisal values by two
models.
We observe that the correlations in Fig. 1:

1. are considerably low
2. differ between genres.

The genre-wise correlation distributions are sig-
nificantly different from each other in each pair of
language models (Kruskal-Wallis rank sum test).
The post-hoc Dunn’s test of pairwise differences
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Figure 2: Distributions of negative log probabilities of lexical surprisals of all word types (top) and common and
proper nouns (bottom) on individual corpora by different language models

between groups (with Holm’s p-value adjustment)
reveals statistical significance between all genres
except parl_debates and newswire. This applies

to all model pairs. Table 2 shows a prominent ef- )

model pair € lower ci upper ci

fect of genre on the correlation in all model pairs
except gwen vs. ngram_cnk.

opt2_XL/ngram_web  0.560 0.536  0.584

‘ ) gpt2_small/ngram_web 0.580 0.558 0.602
The genre ranking was almost consistent across qwen/ngram_web 0.440 0414 0465

Fhe model. pairs: the highest correlgtion occurred ngram_cnk/ngram_web 0.548 0523  0.571
in the ﬁctz?n corp}ls gnd the lowest in the corpora opt2_XL/ngram_cnk 0.447 0420 0473
legal_admin and justice. The best correlating pair opt2_small/ngram_cnk 0373 0345  0.398

were the two Czech n-gram models, but even here qwen/ngram_cnk 0.187 0.159 0212
there occurred a gap between the two l.egal corpora qwe/gpt2_XL 0616 0592 0639
(max 0.75) and the other genres, which clustered qwen/gpt2_small 0566 0541 0.589
around 0.9.
Table 2: Effect size of corpus (genre) on the correla-
5.2 Comparison of the individual tion between lexical surprisal judgments provided by
distributions two models for each document, with a 95% confidence
interval

Although individual lexical surprisal distributions
are all right-skewed across models and genres,
a closer look reveals a difference between the
large generative models (gpt2_XL, gpt2_small and
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gwen) and the n-gram models. In all corpora, the
generative models tend to assess most contexts as
highly predictable with long right tails, whereas
the n-gram based models exhibit considerably flat-
ter distributions across all genres. The difference
is particularly strong in legal_admin and justice.
Among generative models, gpt2_XL has the steep-
est right slope in most genres. The n-gram models
have a very high correlation with all models, ex-
cept legal_admin and justice.

In Fig. 2, the tails were cut to zoom in on the ini-
tial slope. The actual maxima were mostly around
75. The absolute maximum was 122.4 (gpt2_small
on justice). Both the slope and the tail are in this
case best reflected by kurtosis (Fig. 3).

In order to better understand the surprisal pat-
terns in text, we examine the distributions by dif-
ferent parts of speech. In particular, we look
at how difficult it is for the models to predict
nouns and verbs, based on their preceding con-
text. We observe across all models that the dis-
tributions of lexical surprisal in nouns largely mir-
ror the complete distributions, with more extreme
values in justice, legal_admin, and parl_debates
where nouns seem to be over-represented among
the most predictable words (see Fig. 2)°. This con-
trasts with expectations regarding readability, as
many of these low-surprisal terms consist of tech-
nical legal jargon. The effect is most pronounced
for the gpr2_XL. This result is consistent with Oh
and Schuler (2023) who found that the surprisal es-
timates of nouns and adjectives produced by large
Transformer models have a severe tendency to un-
derpredict their reading times.

When analyzing the surprisal of verbs, we ob-
serve completely different patterns (see Fig. 4).
In particular, the distribution for content verbs ex-
hibits a higher mean and a more symmetric, bell-
shaped distribution. In our data, it is, on average,
easier for all models to predict nouns and than con-
tent verbs. However, this raises the question of
whether technical nouns are also easier for humans
to process.

The observed high variation in verbs is con-
sistent with the findings of Gennari and Poep-
pel (2003) on reading times of different seman-
tic classes of verbs in context. Since processing
the verb means processing the entire event, verbs
naturally carry more information, and the informa-

3The subplots come in a slightly different order in the two

figures, as they are always sorted according to the median of
the negative log probability across all models).
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qwen -
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Figure 3: Kurtosis of the distributions of negative log
probabilities of lexical surprisals on individual corpora
by different language models

tion is even scattered in context, verbs denoting
complex events naturally tend to have higher reac-
tion times in self-paced reading. From the perspec-
tive of nouns, different verb senses pose different
collocability constraints on their noun arguments,
which in turn makes the nouns more predictable
(e. g., the set of typical objects of read is at least
conceptually easy to oversee)”.

The curves of auxiliary (function) words resem-
ble the noun curves, but with substantially lower
kurtosis. The difference is particularly promi-
nent in GPT-2-based models on justice and le-
gal_admin. As auxiliary words typically conform
to grammatical structure, their higher predictabil-
ity is expected. However, the probability density
of lexical surprisal for auxiliary words indicates
that, in GPT-2-based models, they are still less pre-
dictable than nouns, particularly in legal language.

5.3 Correlation between TF-IDF and lexical
surprisal

While lexical surprisal approximates the contex-
tual unpredictability of a word given its preceding
context, TF-IDF measures its importance within a
document relative to a corpus. It is therefore use-
ful to combine the two, as they capture comple-
mentary aspects of linguistic information.

We observe weak-to-moderate positive correla-
tion effects of TF-IDF (Silge and Robinson, 2016)
and lexical surprisal in n-gram-based models on
all corpora. All models exhibit weak-to-moderate
positive correlation on fiction and, with the excep-
tion of gpt2_XL, on academic (see Fig. 5). TF-
IDF was computed on all word forms converted to

4see also (Hanks, 2013)
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Figure 4: Distributions of negative log probabilities of lexical surprisals of content verbs (top) and lexical surprisals
of auxiliary verbs, prepositions, and conjunctions (bottom) on individual corpora by different language models
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Figure 5: Weak to moderate positive correlation
between lexical surprisal (negative log probability)
and TF-IDF of all words in combinations of models
and corpora
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lower case, including symbols and function words
but not punctuation, which had already been fil-
tered away from lexical surprisal values. Each cor-
pus represented one document.

With TF-IDF computed only on content words,
excluding stopwords (Cinkova and Eder, 2021),
the positive correlation effects in fiction prevailed,
whereas a very weak weak negative correlation
was observed in judgments by GPT-2-based mod-
els in legal_admin and justice (Fig. 6).

All correlation values (Spearman’s rank correla-
tion p) in these two experiments were highly sta-
tistically significant.

6 Discussion

We observe differing surprisal patterns across gen-
res’. Fiction exhibits consistent alignment be-
tween surprisal estimates across different mod-
els. In contrast, legal and institutional texts show
weak correlations between Transformer-based and
n-gram models, likely due to the high predictabil-
ity of formulaic technical language for models
extensively exposed to such data during training.
Furthermore, technical jargon in legal texts typi-
cally consists of content words with high TF-IDF
values. The negative correlations shown in Fig. 6
suggest that GPT 2-based models assign particu-
larly low surprisal to these terms.

As each model reflects the characteristics of its
training data, the divergence is expected: the n-
gram models were trained in controlled settings
on a balanced corpus (ngram_cnk) and on news-
domain text (ngram_web) whereas the Trans-
former models were trained on large-scale data
scraped from web. However, in the context of
readability estimation, it is crucial to select the
model that best approximates human reader be-
havior. Our findings suggest that model capacity,
training data, and domain together play a crucial
role in determining the cognitive plausibility of
surprisal estimates.

7 Future work

So far, we have explored five models for Czech
texts, which represented: large multilingual gener-
ative models fine-tuned to Czech, a purely multi-
lingual generative model, and n-gram based mod-
els trained on different data sets. If we do not learn
about similar work for other languages shortly, we

SWe consider genre in a broad sense, disregarding the in-
terplay of style and content domain for the moment.
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will need to conduct experiments on other lan-
guages and comparable datasets. This requires the
proper construction of a set of domain-specific cor-
pora for each language, as well as a set of compa-
rable models.

Assuming that we are going to need a hu-
man reference, we are preparing an Self-Paced-
Reading experiment on samples of the legal and
the press corpus. We are going to approximate the
lexical surprisal with reading time and hope to find
models whose lexical surprisal judgments display
a satisfactory correlation with the human reading
times.

8 Conclusion

In contrast to previous work, we point out that
there are certain kinds of text that are highly pre-
dictable for the language models but incompre-
hensible for human readers, such as legalese in
Czech. We have gathered evidence that, in Czech
texts, there are substantial differences in lexical
surprisal judgments by different LLMs and, on top
of that, that they depend on genre, with the le-
gal domain being particularly sensitive to model
choice. Hence, we assume that the performance of
language models is not only language-specific but
also specific to a given genre.
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