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Abstract

The uniform information density (UID) hy-
pothesis postulates that linguistic units are dis-
tributed in a text in such a way that the variance
around an average information density is mini-
mized. The relationship between information
density and information status (IS) is so far un-
derexplored. In this ongoing work, we project
IS annotations on the English section of the
CIEP+ corpus (Verkerk and Talamo, 2024) to
parallel sections in other languages. We then
use the projected annotations to evaluate the re-
lationship between IS and information content
in a typologically diverse sample of languages.
Our preliminary findings indicate that there is
an effect of information status on information
density, with the directionality of the effect de-
pending on language and part of speech.

1 Introduction

Research on information status (IS) and informa-
tion content has the same aim: assessing how infor-
mation is distributed across words in sentences and
larger discourse units; sometimes, special attention
is paid to word order and communicative efficiency,
e.g., Tsipidi et al. (2024). IS refers to whether a
listener or speaker should look for the referents of
a word or phrase among a set of already mentioned
or entities, or add a entity to this set
(Chafe, 1976), e.g., in centering theory (Gundel,
1997). IS has an effect on the placement of words:
new items are preferentially placed earlier in the
utterance than given items (Clark and Clark, 1978).
As an example, consider the following sequence of

sentences:
1.a The , or there and back again.
1.b Ina in the ground there lived a

1.c [t was a hobbit-hole, and that means comfort.

Here a entity hole is mentioned at the begin-
ning of 1.b, and referred to by co-referring pronoun
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Figure 1: Mean deviation A g = of surprisal from channel
capacity S, for nouns and proper nouns for and

items. Error bars show standard error.

it at the beginning of 1.c. This coreference relation-
ship establishes the entity referred to by it as
Hobbit in 1.b is already (as it was already
mentioned in 1.a), and thus placed at the end of
1.b.

While information status refers to the mental
state of the speaker or listener prior to encoun-
tering a new or given word, information content,
measured in bits per item (Shannon, 1948), as the
basis of surprisal theory (Hale, 2001; Levy, 2008)
refers to the amount of information gained by the
listener after encountering it. Surprisal, like IS, has
been shown to impact word and morpheme order
(e.g., Hahn et al. 2021 and Cuskley et al. 2021):
Hobbit may have been placed at the end of 1.b be-
cause (for a first-time reader of The Hobbit), this
word would have high surprisal.

Thus, surprisal theory and IS use the term "in-
formation" in different ways, which becomes clear
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if we try to reformulate the content of each in the
verbiage of the other: Surprisal measures fow new
a word is in context after it has been encountered,
as the information gained at each word is by def-
inition new information. IS, in contrast, assigns
one of two or more labels to a mental list of enti-
ties that are part of a discourse, with new entities
expected to yield more information (in bits) than
given entities. To our knowledge, this conjectured
relationship between surprisal and IS has not been
evaluated before. In this work, we are taking a first
step towards an evaluation of this relationship in a
multilingual setting.

Our starting point is the uniform information
density hypothesis (UID) (Levy and Jaeger, 2007),
which posits that speakers prefer sentences in
which the information content of words stays close
to their channel capacity (Collins (2014) inter alia),
that is, the average information rate at which lan-
guage transmission occurs. In order to evaluate
UID and its interaction with IS in a multilingual
setting, we use the English section of miniCIEP+
(Verkerk and Talamo, 2024) annotated for IS by
(Dyer et al., 2024) to automatically annotate paral-
lel data in miniCIEP+.

The remainder of the paper is structured as fol-
lows: Section 2 introduces a formal definition of
the surprisal of new and given items, and briefly
reviews existing work on UID and the interaction
of information content and word order. Section 3
describes the annotation projection from English to
other languages. In Section 4, we evaluate the an-
notation projection and discuss preliminary results:
we find that while surprisal of nouns stays close
to channel capacity independent of IS, surprisal of
given pronouns consistently falls below the chan-
nel capacity. For new proper nouns, we find that
in some languages surprisal on the average falls
below channel capacity, while in others, channel
capacity is usually exceeded.

2 Surprisal, information status and UID

As already laid out in the introduction, from the
vantage point of surprisal theory, we expect new
and given items to behave in fundamentally dif-
ferent ways: Since new items introduce entities to
the discourse, they should be less predictable from
context and their surprisal should be higher than
that of given items. UID, in contrast, predicts that
new and given items are distributed in such a way
that their surprisal deviation from channel capacity
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is minimized. In this section, we will introduce
formal definitions of surprisal of new and given
items, and a corresponding operationalization of
UID.

2.1 Surprisal of new and given entities

Following the nomenclature of Dyer et al. (2024),
we express that an entity e was mentioned in the dis-
course segment or preceding context c as M(c, e),
and the opposite case, i.e., if e was not mentioned
in ¢ and thus has IS new, as = M(c, e).

We now want to formalize our intuition about the
information content of new and given entities. We
expect that the information gained by observing a
string representation s of mentions of entity e given
c will be lower if condition M(c,e) holds, i.e.,
that on average already mentioned entities receive
lower surprisal S:

Sls|c, M(c,e)] < S[s|c,~M(c,e)] (1)

Our intuition is based on the fact that, by definition,
there must be some information about (a referent
of) e in c if e is given, but not necessarily if e is
new. However, this does not mean that the context
c is entirely devoid of information about entity e if
it is new, for example in bridging entities (I went to
the hospital. The doctor took my blood pressure.).
It is this relationship between an entity’s IS and
the relevance of its context in predictive processing
that we want to unravel:

Do given items receive lower surprisal than
new items?

2.2 UID and information status

As already mentioned in Section 1, UID makes a
very different prediction for the average surprisal
of new and given entities: All else equal, a speaker
will accommodate words in such a way that the
variance of surprisal from the channel capacity! is
minimized, and IS is only one of the factors at play.
Thus, from the vantage point of UID, we would
expect a different relationship between new and
given entities, i.e., that on average the effects of
newness and givenness cancel out:

Sls|c, M(c,e)] = S[s|c,=M(c,e)] (2)

UID has been shown to hold for English both
from the perspective of dependency length (Collins,

LOf the speaker, but also the listener CITE



2014) and word order (Cuskley et al., 2021). How-
ever, both methods calculate the deviation from
channel capacity as the word-to-word variance of
unigram surprisal. In contrast, we estimate sur-
prisal from a causal transformer language model
(see Appendix B for details).

A more comprehensive evaluation of different
formalizations of UID is offered by Meister et al.
(2021), who systematically vary the scope with
which the channel capacity is calculated, finding
that the language level aligns better with human
data. Based on their work, for a language £, we
will calculate channel capacity S, on the language
level as average surprisal over all N words in that
language’s section of miniCIEP+. We refer to this
formalization of UID as UID,:

UID, = 72

Here, c expands into a prefix of words of fixed
length T, ¢ = s;_7-1,...,8,—1. We can now
rephrase our initial research question it in terms
of UID,:

Se)? (3

(silc) —

Does UID/ hold for given and new items,
i.e., is there a difference in surprisal be-
tween new and given items when viewing
deviation from channel capacity?

3 Annotation projection on miniCIEP+

3.1 Data

We start out from English CiepInf (Dyer et al.,
2024), which comprises a subcorpus of miniCIEP+
(Verkerk and Talamo, 2024). We use the annota-
tions for IS on the English to automatically anno-
tate other languages in miniCIEP+ by projecting
English IS labels to word-aligned parallel data. Al-
though there are more fine-grained notions of IS
(e.g., Gundel et al. 1993; Markert et al. 2012), we
restrict ourselves to a dichotomy between new and
given entities for the sake of simplicity. We evalu-
ate the projected annotations by comparing them
to hand-aligned gold-standard data from CiepInf.

3.2 Projection

In Cieplnf, entity tags are associated with the spans
of noun phrases (NPs), and each entity is annotated
with an IS label. Because our projection operates at
the token level, we extract only the syntactic head
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Figure 2: Precision of information status projection on
gold data for , , and proper nouns per
language. We calculate precision as accuracy on words
that have a label in the gold and projected data. Error
bars show standard error over books.

token of the span. We then project IS labels from
English to each target language in two stages. We
first obtain sentence-level alignments with Bertal-
ign (Liu and Zhu, 2023). Then, for every aligned
sentence pair, we compute word alignments with
awesome-align (Dou and Neubig, 2021). When-
ever an aligned English token carries an IS label,
we copy that label to its aligned target token(s).
We do not fine-tune either aligner for any lan-
guage. While Bertalign officially supports 25
languages and awesome-align reports evaluation
on five languages, both approaches are based on
LaBSE (Feng et al., 2022) and mBERT (Devlin
et al., 2019) respectively and therefore remain ap-
plicable to a wider set of languages, though qual-
ity may degrade for typologically distant and/or
lower-resource languages. We therefore evaluate
projection quality on 7 languages with gold IS la-
bels taken from Cieplnf (Chinese, Greek, Hindi,
Indonesian, Portuguese, Turkish, Ukrainian).

Evaluation with gold labels To measure in-
trinsic projection quality, we evaluate token-level
agreement on the subset of tokens that have both a
gold IS label and a projected IS label:

N

.. 1 .
Precision = N E 1 Iy = wil
1=

where y; is the gold IS label, §; is the projected
label, and NV is the number of evaluated tokens
(intersection of gold-labeled and projected-labeled
tokens). I denotes the indicator function that gives
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1 if the condition is satisfied, and O if not.

Evaluation without gold labels For unlabeled
languages, we quantify how frequently projection
assigns IS labels by computing (per POS category
defined in miniCIEP+) the proportion of tokens
that receive any projected IS label:

Nprojis (pos)
coverage(pos) = ——————
ge(pos) N (pos)
where N (pos) is the number of tokens in POS
category pos, and Npojis(pos) is the number of
such tokens that have received an IS annotation tag
through projection.

Expected label sparsity Since English is the
sole source of supervision and projection is one-
way (English — target), projected corpora typically
contain fewer IS labels than the English gold an-
notations. Additional label loss arises when sen-
tence/word alignment fails to link an English la-
beled token to a target token, compounding effects
from linguistic distance and aligner quality.

4 Preliminary results

4.1 Projection quality

Figure 2 reports the precision of projected IS labels
against gold annotations. achieve consis-
tently high precision across all evaluated languages,
which is expected because pronouns are strongly
biased towards given, and their closed-class nature
makes it easier to align them. In contrast, com-
mon show substantially lower precision in
Hindi and Turkish. A plausible explanation is in-
creased syntactic divergence from English (both
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are predominantly SOV), which can degrade word-
alignment quality and increase noise in projection.
Proper nouns exhibit the largest cross-linguistic
variability, potentially reflecting differences in or-
thographic conventions, named-entity formation,
and language-specific usage patterns that affect
both their presence in the target text and their po-
tential alignment. We evaluate the quality of the
projected annotations to languages for which we
did not collect gold data in Appendix A.

4.2 Surprisal and information status

For our preliminary analysis, we report results for
the 7 languages for which we collected gold data,
and 9 more languages we selected based on their
genealogical diversity: Albanian, Basque, Finnish,
Georgian, Irish, Japanese, Lithuanian, Persian,
and Swedish. We excluded new pronouns from
our analysis because true cataphora, i.e., forward-
pointing personal pronouns as in

2. As she was searching for heryy, hat, Mary,,,
came upon a long-lost letter.

are rare; consequently, new pronouns are rare and
almost exclusively equivalents of ‘something’, ‘no-
body’, and other such indefinite pronouns.

UID,; Comparing new and given words in this
set of languages, we find that surprisal of

usually stays close to channel capacity indepen-
dently of IS, while there is an apparent effect of
IS on the surprisal of proper nouns: Figure 1 (on
first page) shows that the surprisal of new proper
nouns exceeds channel capacity in Basque, Indone-
sian, Portuguese, Swedish and Turkish, while it
falls below channel capacity in Ukrainian. Thus,



nouns are more conformant to UID, than proper
nouns, whose usage may be influenced by other
considerations than UID .

Givenness Figure 3 shows that for all languages
in our sample, surprisal of given nouns and pro-
nouns consistently falls below channel capacity,
while that of proper nouns usually exceeds it. To-
gether with our finding for UID, this indicates a
differing use of proper nouns as per the mediated
IS in Markert et al. (2012), a distinction which is
not reflected in Cieplnf.

5 Conclusion

In this work, we laid out our approach to annotate
miniCIEP+ for IS by projecting gold annotations
from English to parallel data in other languages
and presented preliminary results on the interaction
of IS and UID. While our results point to an inter-
action of IS and UID, the quality of the projected
annotations is affected by the quality of alignment
models, the improvement of which will be a first
step to higher-quality projections and further anal-
ysis.

Limitations & future work

The work presented in this paper relies heavily on
quality of projected annotations, which in turn re-
lies on the quality of BertAlign (Liu and Zhu, 2023)
and awesome-align (Dou and Neubig, 2021). We
applied these tools to our parallel corpus without
any modifications, yielding a lossy projection as
evident from Figure 4, e.g., for Arabic, Irish and
Latin. We want to address this performance gap by
fine-tuning both alignment models.

Secondly, the IS annotations in CiepInf are
rather coarse-grained: We only distinguish new
and given words, while most IS schemata have
intermediate states (e.g., brand-new vs. new and
mediated vs. new/given) or distinguish between
the hearer/reader and the discourse level (Prince,
1992).

Lastly, the distinction between reader and dis-
course is only meaningful if the reader has some
prior knowledge about the world in which the dis-
course is situated. While this is arguably the case
in a multilingual language model like mGPT (see,
e.g., (Li et al., 2021)), it is not possible to know
beforehand, e.g., if and how the string Alice is as-
sociated with the main character in Through the
Looking Glass, i.e., what is part of the discourse
the language model is aware of.
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A Projection coverage on unlabeled data

Figure 4 shows POS-wise coverage of projected
IS on the unlabeled portion of the corpus. We
observe markedly lower coverage for languages
such as Arabic, Armenian, Georgian, Irish, Kur-
manji, Latin, Urdu, and Welsh, compared to several
higher-resource languages. This pattern is consis-
tent with noisier or sparser alignments (e.g., re-
duced lexical overlap and weaker cross-lingual rep-
resentations), which results in fewer confidently
aligned tokens and therefore fewer projected IS
instances.

B Surprisal estimation

We calculated surprisal on all words that received
an IS annotation with mGPT (Shliazhko et al.,
2024) using the minicons® Python library (Kauf
and Ivanova, 2023). For all languages we ran
mGPT concurrently on 4 H100 GPUs, with a batch
size of 128 per language and a fixed context size
of T' = 256. Code and data needed to run the ex-
periments will be made available on GitHub upon
publication. For each language, we calculate chan-
nel capacity Sp as average surprisal over all words
in that language’s section of the corpus.

C Corpus statistics

Table 1 reports corpus statistics for all languages
considered in this study. For Chinese, Greek, Hindi,
Indonesian, Portuguese, Turkish, and Ukrainian,
surprisal is computed using manually annotated
Information Status labels. For the remaining nine
languages, we rely on automatically projected an-
notations in order to broaden the typological and
script diversity of the dataset.

2https://github.com/kanishkamisra/minicons
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Language IS IS IS #Tokens #Sents
(NOUN) (PRON) (PROPN)

Human annotation

Chinese 1,296 484 257 10,286 370
Greek 736 827 59 18,100 892
Hindi 2,558 3,281 558 31,691 1,853
Indonesian 1,331 568 227 8,923 540
Portuguese 4,955 1,647 763 46,607 2,803
Turkish 846 196 160 6,983 499
Ukrainian 1,140 791 211 11,257 838
Projection

Albanian 11,465 3,449 1,956 133,690 6,401
Arabic 7,911 3,068 4 106,319 7,547

Basque 4,482 310 671 55,120 3,949
Finnish 11,101 5,483 1,755 101,193 6,169
Georgian 4,454 830 548 44,337 2,225
Irish 1,447 849 161 20,535 958
Japanese 14,650 2,758 1,793 199,575 6,637
Lithuanian 11,987 4,604 573 105,226 6,800

Persian 12,509 3,694 1,312 129,444 5,317
Swedish 12,322 10,004 1,975 123,708 5,970

Table 1: Corpus statistics by language. Rows are
grouped by annotation type (human annotation vs. au-
tomatic projection). IS columns report the number of
tokens annotated with Information Status for each POS
category (noun, pronoun, proper noun). #Tokens and
#Sents denote the total number of tokens and sentences
in the corpus, respectively.
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Figure 4: Percentage of nouns, pronouns, and proper nouns that received a POS tag through annotation projection,
per language.
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