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Abstract

It is common in cognitive computational lin-
guistics to use language model surprisal as a
measure of the information content of units in
language production. From here, it is tempting
to then apply this to information structure and
status, considering surprising mentions to be
new and unsurprising ones to be given, provid-
ing us with a ready-made continuous metric of
information givenness/newness. To see if this
conflation is appropriate, we perform regres-
sion experiments to see if surprisal is actually
well predicted by information status as manu-
ally annotated, and if so, if this effect is sepa-
rable from more trivial linguistic information
such as parts of speech and word frequency.
We find that information status alone is at best
a very weak predictor of surprisal, and that sur-
prisal can be much better predicted by the effect
of parts of speech, which are highly correlated
with both information status and surprisal; and
word frequency. We conclude that surprisal
should not be used as a continuous representa-
tion of information status by itself.

1 Introduction

Language model surprisal — a measure of the un-
expectedness of a following word in a sequence —
is commonly used as a measure of the difficulty of
processing language, and is surprisingly adaptable
to a wide range of tasks (Goldstein et al., 2022),
most notably reading times (de Varda and Marelli,
2022; Wilcox et al., 2023), among others. While
the concept of surprisal is agnostic to the architec-
ture of the language model used, increasingly neu-
ral, and particularly transformer-based language
models are used.

Transformer-based language models are able to
pay attention to previous context when making
their next-word predictions (Vaswani et al., 2017).
For this reason, they are ubiquitous in coreference
and anaphora resolution, a task which requires
connecting an often ambiguous, closed-class men-
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tion of a referent to its previously mentioned an-
tecedent (Ogrodniczuk et al., 2025). This makes
them promising in classification of information sta-
tus — the givenness or newness of mentions and the
referents they refer to (Chafe, 1976). Probes on
transformer language models have also shown that
their hidden representations can be used to predict
information status, without finetuning for the task
(Lodiciga et al., 2022).

With this in mind, it is tempting to then consider
surprisal as a measure of that which which is "novel
and unexpected” (Xu and Futrell, 2024), and this
would fit with the conception of given information
as that which is predictable or topical in context
(Giv6n, 1983). It would certainly be intuitive that,
if a mention refers to an entity that has been en-
countered in discourse previously, it should be less
surprising for a language model that can encode
this context.

In this study, we aim to test whether this intuition
holds by measuring the extent to which surprisal
is predicted by information status of mentions in
a multilingual corpus. In doing so, we also exam-
ine whether information status itself is predicted
by two morphosynactic cues: parts of speech and
dependency relations, so that we can see whether
the effect of information status rises to the surface
in surprisal beyond the context-free information
provided by these cues. We report results for nine
languages: Chinese (Mandarin), English, German,
Greek, Hindi, Indonesian, Portuguese, Turkish and
Ukrainian.

2 Related work

Lodiciga et al. (2022) conducted a probing experi-
ment on two English-language transformer-based
language models (Transformer-XL and GPT?2) to
determine whether their parameters can be used to
predict given- or newness of mentions. They found
that hidden representations of tokens in contextual
language models were indeed sufficient to clas-
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sify a mention (or mention head) as given or new,
though they were less good at extracting mentions
from text. They used a part-of-speech baseline in
their study, whereby pronouns and definite noun
phrases were considered given, and found that the
systems regularly beat this baseline.

3 Experimental setup

3.1 Design

Our experiments are simple regression experiments
to investigate the following:

1. First, to see whether information status itself
is predicted by two syntactic features: univer-
sal parts of speech (UPOS) and dependency
relations (deprel). We do this using logistic
regression, with information status as the re-
sponse variable and UPOS and deprel as ex-
planatory variables. F1 score is reported in
this experiment.

Second, to measure the extent to which infor-
mation status predicts surprisal, independently
of the two syntactic predictors (UPOS and de-
prel) and word frequency. R2 score is reported
in this experiment.

In both experiments, we run analyses with dif-
ferent input features, including combinations of
features, to see which contribute to the regression
model and which can be removed without degrad-
ing the fit of the model.

3.2 Data

For our experiments, we use Cieplnf (Dyer et al.,
2024), a parallel corpus of modern prose built
on top of the mini-CIEP+ corpus (Verkerk and
Talamo, 2024), annotated into Universal Depen-
dencies (Nivre et al., 2020) using UDPipe v.2
(Straka, 2018), and annotated for information sta-
tus. The corpus is available in conllu format, and
mention annotation follows the CorefUD format
(Nedoluzhko et al., 2022). The corpus currently has
annotated data in nine languages: English, Chinese
(Mandarin), German, Greek, Hindi, Indonesian,
Portuguese, Turkish, and Ukrainian. We show the
data sizes in Table 1.

We extract mentions from CiepInf using Udapi
(Popel et al., 2017). As mentions can have varying
lengths, we extract surprisal of the syntactic head
of the mention, rather than full spans.
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Mentions
Sentences New old
(approx)
Chinese 3500 8294 7940
English 6380 18998 14560
German 560 810 1161
Greek 900 1361 2086
Hindi 3100 6963 3857
Indonesian 1880 3459 3176
Portuguese 2830 4252 4121
Turkish 580 714 813
UKkrainian 900 1310 1042

Table 1: Table of approximate number of sentences and
mentions in CiepInf.

3.3 Resources

For all regressions, we use the sk-learn package in
Python (Buitinck et al., 2013). For the first experi-
ment (predicting information status from parts of
speech and dependency relations) we use logistic
regression. For the second experiment (predicting
surprisal from given predictors) we use poisson re-
gression, as surprisal is non-negative and has a long
tailed distribution. In all cases, we apply the default
L2 regularisation to constrain weights and reduce
overfitting. We also use eight-fold cross-validation,
and report averaged results across runs.

For surprisal, we use the Huggingface mGPT
(Shliazhko et al., 2024) model!, a multilingual
model which covers all the languages that are of
interest to us, and is autoregressive (i.e. unidirec-
tional), which is suitable for measuring surprisal
as the unexpectedness of following words. We tok-
enize using the mGPT tokenizer with a context size
of 256 tokens, and a stride of 128. Because pre-
trained mGPT models are trained using byte-pair
encoding, which produces token boundaries incon-
gruous with Universal Dependencies token bound-
aries, we enforce byte-pair splitting only within
UD token boundaries, and after inference merge
these subtokens into their parent UD token, along
with their surprisals, which are summed.

For word frequencies, we use the wordfreq pack-
age in Python (Speer, 2022) to get word frequen-
cies, and specifically the zipf_frequency function
to scale frequencies between languages. Since the
Chinese lookup is not functional in this package at
time of writing, we exclude Chinese from this part
of the analysis.

1https: //huggingface.co/ai-forever/mGPT
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UPOS | UPOS
UPOS | deprel + *
deprel | deprel
Chinese .84 .68 .84 .84
English .82 .68 .82 .82
German .98 .8 .98 .98
Greek .88 .76 .88 .88
Hindi .79 43 .8 .8
Indonesian .76 71 77 77
Portuguese 75 .69 .76 .76
Turkish 78 .65 .78 .78
UKrainian .83 .65 .84 .84

Table 2: logistic regression scores (F1) of information
status by UPOS and dependency relations. + means two
features being used in a model independently, while *
means the interaction between the two of them.

4 Results

4.1 Experiment 1: Correlates of information
status

Table 2 shows the F1 scores of the first experiment.
We run regression models with different combina-
tions of features: UPOS alone, deprel alone, UPOS
and deprel as independent features, and the interac-
tion between UPOS and deprel.

In all languages, we find that information status
is well predicted by parts of speech and dependency
relations; particularly the former. Dependency rela-
tions are a weaker predictor, and when combined
with parts of speech in an interaction, the F1 is no
higher, suggesting that this feature adds little infor-
mation not already captured by parts of speech.

Figure 1 shows the weights (coefficients) of
UPOS as predictors of surprisal between languages
(from the analysis using only UPOS). Pronouns
tend to be given, while nouns tend to be new.
Proper nouns have a generally weak effect: they
can be given or new. The trend is relatively consis-
tent between our nine languages, though Greek
shows an unusually higher tendency of proper
nouns to signal new information.

So far, this is in line with the observation that
pronouns, as reduced, closed class mentions, are
indicative of given referents, and open class, full
referring expressions are indicative of new ones
(Gundel et al., 1993). It also tells us that when
it comes to information status, there is a colinear
effect of parts of speech that is hard to separate.
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Figure 1: Weights towards information status newness
by UPOS per language.

4.2 Experiment 2: Predictors of surprisal

Next, we explore the extent to which surprisal re-
sponds to information status as compared to other
predictors, including parts of speech. Table 3
shows the results of the poisson regressions. Again,
we run analyses with different features. The first
two analyses are with UPOS and information status
alone, respectively. The third is the interaction be-
tween information status and UPOS. The last two
use word frequency: in a multiple model with the
infstat-UPOS interaction, and alone, respectively.

We see that information status alone seems to
have very little predictive power, shown by the
low R2 scores. Once again, the effect it has is
surpassed by UPOS, and there is little gain from
the interaction of the two, telling us that surprisal
responds much more to UPOS than information
status. The strongest predictor of all appears to be
word frequency, and it gains little from the interac-
tion between parts of speech and information status
being added to the model.

It is to be expected that a continuous variable
(frequency) should provide the best fit to a contin-
uous response variable (surprisal). But it is also
remarkable that parts of speech alone are so pre-
dictive of surprisal, and considerably more so than
information status.

5 Discussion

Our first finding — and one that is fairly intuitive —
is that information status is itself well correlated
with parts of speech. For example, given referents
are very often pronominalised, while fully refer-
ring noun phrases are more frequently used for new
referents (Gundel et al., 1993). This provides us
with an intuitive baseline: if parts of speech are in-



UPOS infstat infstat x UPOS infstat*UPOS frequency
+ frequency

Chinese .19 .03 17 - -
English 17 .1 17 .38 .38
German .14 .16 .16 .36 .36
Greek .09 .08 .09 42 42
Hindi 21 .14 21 42 42
Indonesian 12 .09 13 22 22
Portuguese .02 .02 .03 23 23
Turkish .03 .04 .03 22 22

UKrainian 17 12 .19 4 4

Table 3: Poisson regression scores (R2) of surprisal by information status, UPOS, and frequency (and interactions).
Once again, + means two features being used in a model independently, while * means the interaction between the
two of them. Chinese is excluded from all frequency experiments due to limitations in the Python package.

formative of mention givenness/newness, then any
proposed or demonstrated sensitivity of surprisal
to information status must be shown to be clearly
independent from this.

As for surprisal, this also appears to be sensitive
to parts of speech, but also, to simple word fre-
quency. Both of these add predictive power to the
regression model, but information status itself adds
little. The response to parts of speech is intuitive
to us as surprisal is, in the end, an output of the
probabilities of next-word prediction, and where
an open-class part of speech is expected there is
a wider range of possible completions. The re-
sponse to word frequency is also unsurprising from
a language-modeling perspective, as language mod-
els have previously been shown to increasingly fit
to this, to the detriment of fit to measures such as
reading time (Oh et al., 2024).

6 Future work

There are baseline systems we could include in our
study. For example, this study finds that informa-
tion status is only weakly predictive of surprisal,
despite transformer language models theoretically
being able to encode long distance contexts. But do
they at least outperform baselines such as LSTM
language models, which have some ability to store
previous context in a memory representation but no
transformer architecture to "look back" at previous
context; or a statistical language model such as a
Kneser-Ney n-gram language model, which oper-
ates within a fixed window size? If the answer to
this is no, then it appears even more inappropriate
to consider surprisal from these language models
to be reflective of information status.

We performed our analyses using simple linear
regression models in Python, where feature interac-
tions had to be manually programmed. But we see
some variables which would be more appropriately
modeled as mixed effects (for example, frequency
could be grouped by UPOS), and a mixed effects
regression may be more appropriate for this use
case.

Finally, we may like to extend Lodiciga et al.’s
probing experiment to the multilingual case and ex-
periment more to see how well information status is
encoded in the embeddings of large language mod-
els, separate from simple morphosyntactic cues.
Information status may, as they found, be encoded
in layers of the model, but not rise to the surface
in surprisal, which is a single number derived only
from the output layer.

7 Conclusion

Our experiments indicate that language model sur-
prisal, while correlating well with many cognitive
linguistic measures, is also well predicted by fairly
mundane linguistic information such as parts of
speech and word frequency, and only minimally by
information status alone, making it problematic to
use it as a stand-in for information status, which
itself is also easily predicted by the same mundane
syntactic information. This does not mean that in-
formation status is irrelevant to surprisal, but we
do not see the effect shining through when sim-
ply looking at the surprisal of mentions. Though
this may change with innovations in language mod-
els, we maintain that disentangling the effect of
information status from that of more trivial and
context-free linguistic cues is a must in evaluation.
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Limitations

The generalisability of our study is limited by the
use of a single language model and hyperparameter
set. We originally set out to repeat this experiment
over multiple context and stride sizes, but were
unable to do this due to time and compute. Fur-
ther experiments using different hyperparameters
and/or models would be beneficial.

The imbalance between language data sizes in
Cieplnf is a problem, though the consistency of the
results suggests that these findings are robust to
data size.

Ethics Statement
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