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Introduction

We are very pleased to welcome you to the 8th edition of the workshop for typology-related research
and its integration into multilingual Natural Language Processing (SIGTYP 2026). The workshop is
co-located with the 19th Conference of the European Chapter of the Association for Computational
Linguistics (EACL 2026), which takes place in Rabat, Morocco.

Encouraged by the 2019 — 2025 workshops, the aim of the eigth edition of SIGTYP workshop
is to act as a platform and a forum for the exchange of information between typology-related research,
multilingual NLP, and other research areas that can lead to the development of truly multilingual NLP
methods. The workshop is specifically aimed at raising awareness of linguistic typology and its potential
in supporting and widening the global reach of multilingual NLP, as well as at introducing computa-
tional approaches to linguistic typology. It fosters research and discussion on open problems, not only
within the active community working on cross- and multilingual NLP but also inviting input from leading
researchers in linguistic typology.

The workshop provides focused discussions on a range of topics, including the following:

1. Integration of typological features in language transfer and joint multilingual learning. In addi-
tion to established techniques such as “selective sharing”, are there alternative ways to encoding
heterogeneous external knowledge in machine learning algorithms?

2. Development of unified taxonomy and resources. Building universal databases and models to
facilitate understanding and processing of diverse languages.

3. Automatic inference of typological features. The pros and cons of existing techniques (e.g. heu-
ristics derived from morphosyntactic annotation, propagation from features of other languages,
supervised Bayesian and neural models) and discussion on emerging ones.

4. Typology and interpretability. The use of typological knowledge for interpretation of hidden re-
presentations of multilingual neural models, multilingual data generation and selection, and typo-
logical annotation of texts.

5. Improvement and completion of typological databases. Combining linguistic knowledge and auto-
matic data-driven methods towards the joint goal of improving the knowledge on cross-linguistic
variation and universals.

6. Linguistic diversity and universals. Challenges of cross-lingual annotation. Which linguistic phe-
nomena or categories should be considered universal? How should they be annotated?

In addition, this year we have introduced a novel theme: using LLMs for typological studies. Can
LLMs be utilised to formulate or prove typological hypotheses? Are they capable of making useful
cross-linguistic generalisations?

The final program of SIGTYP contains 2 keynote talks, 6 archival papers, 2 EACL Findings and
2 extended abstracts, intertwined with linguistic trivia elements. This workshop would not have been
possible without the contribution of its program committee, to whom we would like to express our
gratitude! We also thank Terry Regier and Jennifer Culbertson for kindly accepting our invitation to be
keynote speakers. Finally, we are also very thankful to Vilém Zouhar who offered his help in running the
in-person part of the workshop.

Wishing you a wonderful time at SIGTYP 2026!

Ekaterina Vylomova, Priya Rani, Andrei Shcherbakov on behalf of the SIGTYP 2026 Program Co-
Chairs
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Keynote Talk
A Keynote talk by Terry Regier

Terry Regier
University of California, Berkeley
2026-03-29 16:00:00 — Room: SALLE LE LIXUS

Bio: Terry Regier is a cognitive scientist and linguist whose research investigates language, mea-
ning, and cognition. He is best known for his work exploring word meanings across languages, examining
how word meanings reflect and sometimes shape thought and perception. Regier’s lab integrates compu-
tational modeling, cross-linguistic data, and behavioral experiments to study universals and variation in
semantic domains such as color, kinship, number, and spatial relations. His research contributes to un-
derstanding how languages evolve, and how language and cognition are influenced by cultural diversity.



Keynote Talk
A Keynote talk by Jennifer Culbertson

Jennifer Culbertson
University of Edinburgh
2026-03-29 09:30:00 — Room: SALLE LE LIXUS

Bio: Jennifer Culbertson is Professor in the Department of Linguistics and English Language at
the University of Edinburgh. She is a founding member of the Centre for Language Evolution, with her
research focusing on how typological universals are shaped by properties of human cognition. She is
best known for her work investigating universals of word order and morphological categories using the
experimental method of Artificial Language Learning.
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Automatic Grammatical Case Prediction for Template Filling in
Case-Marking Languages: Implementation and Evaluation for Finnish

Johannes Laurmaa
johlaurmaa@gmail.com

Abstract

Automatically generating grammatically cor-
rect sentences in case-marking languages is
hard because nominal case inflection depends
on context. In template-based generation,
placeholders must be inflected to the right case
before insertion, otherwise the result is ungram-
matical. We formalise this case selection prob-
lem for template slots and present a practical,
data-driven solution designed for morphologi-
cally rich, case-marking languages, and apply
it to Finnish. We automatically derive training
instances from raw text via morphological anal-
ysis, and fine-tune transformer encoders to pre-
dict a distribution over 14 grammatical cases,
with and without lemma conditioning. The pre-
dicted case is then realized by a morphological
generator at deployment. On a held-out test set
in the lemma-conditioned setting, our model at-
tains 89.1% precision, 81.1% recall, and 84.2%
F1, with recall@3 of 93.3% (macro averages).
The probability outputs support abstention and
top-k suggestion User Interfaces, enabling ro-
bust, lightweight template filling for production
use in multiple domains, such as customer mes-
saging. The pipeline assumes only access to
raw text plus a morphological analyzer and gen-
erator, and can be applied to other languages
with productive case systems.

1 Introduction

Generating natural-sounding text in highly in-
flected languages poses challenges that are often
overlooked in languages like English. For exam-
ple, Finnish relies on a rich system of grammatical
cases, so that a word like Helsinki takes differ-
ent endings depending on its role in the sentence.
In English, an email template such as

Your trip to [CITY] is starting

allows any city name to be dropped in directly—no
changes needed. But in Finnish, you can’t simply
insert Helsinki into the same sentence structure,

1

because the word ending will depend on the gram-
matical case. The correct form is

Matkasi Helsinkiin alkaa

, where Helsinki has been inflected to
Helsinkiin, the illative case, to indicate move-
ment towards the city.

While it is technically possible for template
authors to hand-select the case for each placeholder
(slow and error-prone), in practice templates are
often rewritten to keep the placeholder nom-
inative—at the cost of fluency and ongoing
content maintenance (e.g. reworded as Matkasi
kohteeseen Helsinki alkaal, which
would be translated as Your trip to the
destination Helsinki is starting).

This is a simple example, but the problem
is widespread in template-based text generation,
which is common in applications ranging from au-
tomatic email messages to travel apps and customer
notifications.

These workarounds are inefficient and under-
score the need for automated solutions for inflected
languages that can select the correct word form in
context.

Template sentence:
Matkasi [SLOT] alkaa.
(Your trip to [SLOT] is starting.)

Lemma:
Helsinki
Lemma-conditioned

setting only

Transformer
model

Prediction:
illative

Figure 1: Our approach of grammatical case prediction.

'Real-world example of an email

Proceedings of the 8th Workshop on Research in Computational Linguistic Typology and Multilingual NLP, pages 1-11
March 29, 2026 ©2026 Association for Computational Linguistics



Lemma: Prediction:
Helsinki illative

Morphological
generator

Helsinkiin

[Placeholder value: ]

Figure 2: Surface realisation left to the morphological
generator.

In this paper, we present a machine learning ap-
proach for predicting the required grammatical case
when filling placeholders in Finnish sentence tem-
plates. Our approach creates training data from any
Finnish text and uses transformer-based models to
predict the correct grammatical case for incomplete
template sentences (cf. Figure 1). We publish a
high-performing model for this task and discuss
both the challenges and the remaining ambiguities
involved. Our goal is a deployable solution: pre-
dict the correct case with confidence scores, expose
top-k when needed, and offload surface realisation
to a morphological generator (cf. Figure 2).

Contributions.

* Formalize Finnish case selection with slot-
only and lemma-conditioned settings.

e Automatic dataset construction from raw
Finnish text via morphological analysis.

* Trained transformer encoder model predicting
grammatical case probabilities.

2 Related work
2.1 Template-based NLG and morphology

Template-based Natural Language Generation
(NLG) typically relies on sentence skeletons with
slots filled at runtime (Van Deemter et al., 2005).
For morphologically rich languages, template sys-
tems need to offload morphology to separate com-
ponents that realise surface forms given a lemma
and the sentence context. DuSek and Jurcicek
(2019) already suggest approaches to this problem:
using language models to select correct inflected
forms, and using sequence-to-sequence models
generating sequences of lemmas and morpholog-
ical tags before passing them to a morphological

generator. We adapt a similar approach to the
Finnish language, but using language models to
select correct grammatical cases and leaving the
surface realisation to a morphological generator,
also touching on the concept of aleatoric uncer-
tainty and comparing prediction accuracy with and
without lemma conditioning.

2.2 Finnish morphology: analysis and
generation

Two-level finite-state morphology and HFST-based
tools provide one established way to model Finnish
morphology (Hamildinen and Alnajjar, 2021).
Omorfi provides a finite-state lexicon and analyzer
for Finnish, supporting both morphological analy-
sis and generation (Pirinen, 2015). UralicNLP ex-
poses these analyzers and generators via a Python
API, returning lemmas and rich feature bundles (in-
cluding case) and generating inflected forms from
lemma-+features (Himildinen, 2019). Morphologi-
cal generators solve the realisation problem: given
lemma and features, output the correct surface form.
They do not decide which case to use in a particular
sentence, which is the task we address in this paper.

2.3 Finnish transformer models and LLMs

Virtanen et al. (2019) introduced FinBERT, a BERT-
style model trained on large Finnish corpora, which
outperforms multilingual BERT on core Finnish
NLP tasks. We build directly on this line by fine-
tuning FinBERT as a case classifier and comparing
it to a multilingual model (XLM-R).

2.4 Positioning

Our setup sits between morphological tagging and
morphological generation. In tagging, the model
sees fully inflected tokens and assigns case labels
to them in context. Here, the surface form is absent:
we see a sentence with a marked slot, optionally
with a lemma, and predict the case that should be
used for that slot.

Finnish morphological generators, in turn, take
lemma-+features (including case) as input and re-
alise the surface form. Our method is intended
as an upstream component: it decides which case
to request from the generator for a given slot in
context.

To our knowledge, automatic case selection for
template slots has not been studied directly. This
work applies the idea to Finnish and integrates it
with existing morphology tools in a template-filling
setting.



Case Example Rough meaning
Core cases

Nominative | talo house

Genitive talon of the house

Partitive taloa (some) house

Accusative | talo (n) the house (object)
Internal locative cases

Inessive talossa in the house

Elative talosta out of the house

Illative taloon into the house
External locative cases

Adessive talolla at the house

Ablative talolta from the house

Allative talolle to the house

Other cases

Essive talona as a house

Translative | taloksi into a house

Abessive talotta without a house

Instructive | taloin by means of houses

Comitative | taloineen| with houses

Table 1: Finnish grammatical cases with the word talo
(house) as an example.

3 Methodology

3.1 Grammatical cases

It is generally agreed that the Finnish language has
15 grammatical cases. Table 1 shows the grammat-
ical cases in Finnish with the singular form of the
word talo (house) used as an example.

3.2 Problem formulation

We cast Finnish template filling as a case selection
task. The input is a sentence template s containing
an annotated slot for a head noun (a noun in its
baseform). The model outputs a categorical dis-
tribution over grammatical cases for that slot. In
training, we expose both renderings (slot-only and
lemma-conditioned) so the model learns to operate
under either input condition.

Scope (what we predict). We predict a case label
y € ) for the head noun. The label set consists of
14 cases:

Ela,
Ess,

Nom,
111,
Tra,

Gen,
Ade,
Abe,

bPar,
Abl,
Ins,

Ine,
All,
Com

We left out the accusative class, as in contempo-
rary Finnish, object marking is often realized as
nominative or genitive. Surface-form realisation

(inflecting a lemma into the final form of the word)
is delegated to a morphological generator at de-
ployment time. We also do not predict number,
possessive suffixes or clitics, as these can also be
handled by the morphological generator.

Supervision (single label). Training and test in-
stances carry a single case y* derived from morpho-
logical analysis of observed text. Although mul-
tiple cases can be pragmatically plausible for the
same context (aleatoric uncertainty), supervision
remains single-label.

Inference settings. We consider two settings that
differ in what is provided about the slot content:

3.2.1 Slot-only (no-lemma) setting

Only the template with a slot marker is given; the
model must infer the case from context alone.

Input: Haluatko muuttaa [SLOT]?
Translation: Do you want to move
[SLOT]?

Label: T11

3.2.2 Lemma-conditioned setting

The lemma ¢ of the noun to be inserted (e.g., a
city name) is also provided, which can inform case
preferences.

Input:
Helsinki]?
Translation: Do you want to move
[SLOT: Helsinki]?

Label: T11

Haluatko muuttaa [SLOT:

Output and evaluation. The model estimates
p(y | s)orp(y | s,¢). We report top-1 accuracy
(via arg max, p(y | -)) and top-k accuracy. For ap-
plications, systems may surface top-k candidates
or abstain under low confidence.

3.3 Word inflection

Once the correct case has been predicted, the word
can be inflected to the selected case using morpho-
logical generation tools (Hidmaélédinen, 2019; Alnaj-
jar and Hidméldinen, 2023), cf. Figure 2.

3.4 Inherent uncertainty

Note that the setups above do not always admit a
unique solution, as the correct grammatical case
will depend on the intent of the writer. For the



example shown above, there are other possible so-
lutions besides the illative case:

Label: T11
Output: Haluatko muuttaa Helsinkiin?

Translation: Do you want to move to
Helsinki?

Label: E1a
Output: Haluatko muuttaa Helsingista?

Translation: Do you want to move out
of Helsinki?

Label: Par

Output: Haluatko muuttaa Helsinkid?
Translation: Do you want to change
Helsinki?

The multiplicity of solutions must be taken into
account in application design. The model must be
able to predict multiple classes with varying proba-
bility. This is a probabilistic single-label classifica-
tion task with aleatoric uncertainty, so the expected
optimal output is a probability distribution over
classes rather than a single hard prediction.

While it cannot fully clear the uncertainty, the
lemma-conditioned formulation will help alleviate
it by bringing extra information about the user’s
intent. In the example above, knowing that the
placeholder will contain a city name makes locative
cases (elative / illative) more likely.

3.5 Dataset creation

We outline a simple, corpus-agnostic recipe to build
supervision for case selection:

1. Collect Finnish text. Any raw Finnish text
from the target domain is suitable.

2. Run morphological analysis. Using a
Finnish morphological analyser, obtain for
each token, its lemma (baseform) and gram-
matical case (when applicable), along with
sentence boundaries.

3. Construct instances. For randomly selected
target nouns in each sentence, create inputs in
two views:

* Slot-only: replace the surface token with
a special marker (e.g., Helsinkiin re-
placed by [MASK]).

* Lemma-conditioned: replace the

surface token with its lemma
(e.g., Helsinkiin replaced by
Helsinki).

The target label is the noun’s grammatical case
extracted from the morphological analysis; su-
pervision is single-label.

Concrete choices (corpus, splits, and any training
specifics) are detailed in Section 4.1.

3.6 Model selection

We considered:

* The problem highly depends on the context,
relations among words and writer intent.

» The task exhibits aleatoric ambiguity: even
with full context, multiple labels may be plau-
sible. The model should therefore output a
categorical distribution p(y|x) rather than a
hard label, and expose top-k classes with their
probabilities.

* We aim for a lightweight model that can be
easily deployed in production.

Given these specifications, we opted to use a
Transformer encoder trained on Finnish or multilin-
gual data (e.g., FinBERT or XLM-R) fine-tuned for
K-way single-label classification with a softmax
head. Top-k probabilities are returned at inference,
with an optional post-hoc probability calibration.

4 Experiments

4.1 Experimental setup

As source data, we use Finnish news articles from
Yleisradio (Yle) released via Kielipankki (Yleisra-
dio, 2022). We utilise the sentence boundaries and
morphological annotations already provided within
the corpus’s VRT format.

Split by year to prevent leakage. We train
and validate on the 2019 portion of the corpus and
evaluate on the 2021 portion only. This ensures
no document- or sentence-level overlap across
train and test. The 2019 slice contains 2,183,722
sentences; the 2021 slice contains 2,110,654 sen-
tences.

During training, a held-out subset of 2019 is
reserved for validation (used for early stopping and
model selection). We used a max sequence length
of 128 tokens with truncation and padding, a cross-
entropy objective, AdamW as optimizer, trained


https://huggingface.co/TurkuNLP/bert-base-finnish-cased-v1
https://huggingface.co/FacebookAI/xlm-roberta-large
https://www.kielipankki.fi/support/vrt-format/

on 1 epoch with a batch size of 16, a learning rate
of 2 - 107° and weight decay 0.01. We marked
template placeholders in the slot-only setting with
the ‘[MASK]* token.

4.1.1 Preprocessing and instance sampling

We convert running text into classification instances
as follows:

Candidate head nouns. We run an external mor-
phological analyser over each sentence and pre-
select only nouns as candidate heads. Tokens an-
alyzed as accusative objects are excluded (we do
not model accusative; cf. Problem formulation
section).

Class-aware sampling. To control class imbal-
ance in downstream training, each noun token is
assigned a probability of being selected as the su-
pervised slot. The proportion of samples in each
class in the evaluation set is shown in Table 6. By
default, we set nouns to have a 20% probability to
be selected as prediction sample. For rare cases,
we up-weight selection to guarantee sufficient cov-
erage: 100% for comitative and abessive, and 30 %
for instructive. This concentrates supervision on
long-tail labels without altering the target label dis-
tribution for common cases and avoids severely
undertrained heads for rare labels.

Slot rendering (two settings). For each selected
noun we create fwo training views:

* slot-only by replacing the token with a special
marker [MASK] and

* lemma-conditioned by replacing the surface
form with its lemma.

We chose to sample these views with a 50/50
proportion so the model learns both settings jointly.

Target labels. The target case label for the slot
is taken directly from the morphological analysis
provided with the Yle corpus. We treat the corpus
analysis as the reference and do not attempt to
resolve alternative parses; supervision is single-
label as mentioned in section 3.4.

Baselines. As baselines, we include two
lightweight heuristics. First, we use a pure prior
baseline that always outputs the global class
probability found in the training data, close to
the one mentioned in Table 6. Second, we use
an adposition-based rule baseline. In Finnish, as

in several other languages, the case of a word
can be influenced by a pre- or postposition. For
example, the postposition [dhelld (close to in
English) generally follows a word inflected to the
genitive case (e.g. talon ldhelld, meaning close
to the house). We collected a list of adpositions
and their governing cases in Iso suomen kielioppi
(8§692-720) (Hakulinen, 2004), see Table 7. At
inference, this baseline scans for an adposition
adjacent to the slot and predicts the governed
case using the appropriate pre/post rule; if no
governing adposition is present, we default to the
prior baseline.

Our baselines are slot-only by design, focusing
on identifying surface-level markers from the ad-
jacent context. Incorporating the lemma into these
baselines would require complex rule-based logic
to map specific nouns to their most probable cases.
The low performance of these baselines reflects the
task’s inherent complexity, which demands models
capable of capturing deeper linguistic dependen-
cies.

5 Results

We evaluate two encoder models (FinBERT, XLM-
R) under two settings: (i) No-lemma (slot-only) and
(i1) Lemma-conditioned. Unless noted, metrics are
computed over the 14-case label set (no separate
accusative).

5.1 Overall performance

All results use the instance construction procedure
described in Sections 3.5 and 4.1.

Table 2 summarizes main metrics. FinBERT
in the lemma-conditioned setting attains the best
accuracy and F1. Providing the lemma yields a
substantial gain over the slot-only setting.

5.2 Per-class and confusion analysis

Tables 3 and 4 show confusion matrices for
the FinBERT model in the slot-only and
lemma-conditioned settings, respectively. The
dominant confusions cluster within the locative
system: most confused classes are adessive
and inessive, particularly in the slot-only pre-
diction (see example predictions in table 8
in the appendix). This is understandable, as
the Finnish language treats place names either
as something you go “into” (internal locative
cases, e.g. Helsinki — Helsinkiin)

or “at” (external locative cases, e.g.



Lemma-conditioned Slot-only Baselines

Metric FinBERT XLM-R FinBERT XLM-R Majority class Adpositions
Top-1

Precision 89.1% 85.2% 73.3% 51.9% 2.5% 19.4%
Recall 81.1% 72.2% 63.0% 41.6% 7.1% 7.7%
F1 score 84.2% 75.3% 66.7% 44.7% 3.7% 5.0%
Accuracy  91.4% 87.8% 82.6% 80.8% 34.9% 35.7%
Top-3

Recall 93.3% 90.8% 84.4% 73.9% 21.4% 21.7%
Accuracy  96.0% 94.1% 90.0% 89.6% 72.4% 72.6%

Table 2: Model performance in lemma-conditioned and slot-only settings. Baselines are slot-only heuristics.
Precision, recall, and F1 are macro-averaged over the 14 classes.

2 5 8 = B <

< < < < 0 H

Abe (38 0 3 3 0 2
Abl 0 (48 4 2 0 17
Ade 0 0 [45 1 0 2
Al 0 0 2 0 3
Com 0 1 4 1 26 2
~ Ba 0 2 1 1 0
£ Bs 0 0 3 1 0 2
< Gn O O O O 0 O
m o o 1 3 0 2
Ine 0 1 5 1 0 3
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Nom 0 0 0 0O 0 O
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Tra 1 1 2 2 0 4

Predicted
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Table 3: Confusion matrix for FinBERT in slot-only setting

Tampere — Tampereelle). This pat-
tern also accounts for the confusion of ablative
with elative, and illative with allative. Since
the choice often depends on the lemma itself,
this confusion is significantly alleviated in the
lemma-conditioned setting, where the model is
able to use the lemma for disambiguation.

Beyond locatives, the model often misclassifies
long-tail cases (e.g., abessive, comitative, transla-
tive) as their higher-frequency counterparts (e.g.,
inessive, genitive, nominative). These errors likely
stem from shared syntactic roles; for instance, the
translative and illative both frequently denote a
terminal state or destination in a sentence. In
such cases, the model defaults to the most statisti-
cally probable category when the specific semantic

marker of the rare case is absent from the context.

5.3 Top-3 performance

Table 5 shows the top-3 performance metrics by
case in the lemma-conditioned setting. Top-3 per-
formance could be relevant for applications where
the user can select from a couple of options from a
dropdown menu, for example. The model achieves
excellent recall@3 values of 93.3% (macro aver-
age) and 96.0% (micro average).

6 Discussion

6.1 What about LLMs?

In recent years, LLLMs have become increasingly
popular and they allow far greater flexibility in
generating text. However, flexibility is not always
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Table 4: Confusion matrix for FinBERT in lemma-conditioned setting

Table 5: Top-3 performance metrics by case (lemma-
conditioned setting)

Case Recall @ 3
Abe 97%
Abl 95%
Ade 93%
All 94%
Com 71%
Ela 95%
Ess 94%
Gen 96%
111 95%
Ine 93%
Ins 95%
Nom 98%
Par 96%
Tra 97%
Micro avg 96%
Macro avg 93%

desired in all applications. Template filling is still
a simple and effective method when more control
is needed over what is being sent to the recipient.
LLMs could also be used for inflection of place-
holder values in templates. They are also easily ac-
cessible and usable by anyone through APIs. How-
ever, we argue that this would not be as lightweight
as our approach. Another drawback is that off-
the-shelf commercial LLMs often only predict the

Table 6: Number of examples per class in the evaluation
dataset

Case Number of examples Percentage
Nom 75305 33.4%
Gen 54045 23.9%
Par 31256 13.9%
Ine 17407 7.7%
1 11045 4.9%
Ela 10907 4.8%
Ade 10284 4.6%
Ess 4910 2.2%
All 4885 2.2%
Abl 2132 0.9%
Tra 1498 0.7%
Ins 1203 0.5%
Abe 289 0.1%
Com 230 0.1%
Total 225396 100.0%

top-1 result. They would be less flexible in produc-
ing probabilities of multiple possible grammatical
cases, as we do in our approach.

We still performed an experiment comparing our
approach with the performance of a state-of-the-art
LLM on this task. Details of the experiment are in
Appendix A.



Table 7: Adpositions and their case government, used as our baseline (from §692-710, Iso suomen kielioppi

(Hakulinen, 2004))

§ Adpositions Neighbour case(s)  Position(s)
692 luona, luota, asemesta, takia, vuoksi genitive postposition
varten partitive postposition
vastoin genitive preposition
vasten partitive preposition or postposition
696 lukuun ottamatta partitive preposition or postposition
huolimatta, riippumatta elative preposition or postposition
katsomatta illative postposition
697 mennessi illative postposition
allative
kuluessa, kuluttua genitive postposition
verrattuna, suhteutettuna illative preposition or postposition
698 alkaen, ldhtien elative preposition or postposition
ablative
lukien, laskien, pitden elative postposition
riippuen, johtuen elative preposition or postposition
katsoen, nidhden, perustuen, liittyen illative preposition or postposition
koskien partitive preposition or postposition
mukaan lukien, huomioon ottaen, pois lukien nominative preposition or postposition
702 halki, poikki, ldpi, ali, yli, alla, alle, alta, yll4, ylle, ylti  genitive preposition or postposition
703 ldhelld, edelld, vastapditi partitive preposition or postposition
genitive postposition
ympéri partitive preposition or postposition
genitive
704 keskelld, keskelle, keskelti partitive preposition
genitive postposition
kesken partitive preposition or postposition
genitive
705 pitkin, kohti, kohden, vastaan, vailla, vaille partitive preposition or postposition
710 pain partitive preposition or postposition
708-709  paitsi partitive preposition or postposition
kautta genitive preposition or postposition
693 suhteessa illative preposition

7 Conclusion

In this paper we framed template filling in mor-
phologically rich languages as a grammatical case
selection task for a head-noun slots and proposed a
practical encoder-based solution. Instead of hand-
written inflection rules, our system predicts a prob-
ability distribution over 14 grammatical cases from
raw text context and delegates surface realisation
to an external morphological generator. The su-
pervision pipeline is corpus-agnostic: it harvests
training instances from morphologically analyzed
texts with minimal manual effort.

On held-out Finnish news data, a fine-tuned Fin-
BERT model in the lemma-conditioned setting

achieves 89.1% precision, 81.1% recall, 84.2%
macro F1 and 91.4% accuracy, with macro re-
call@3 of 93.3%. These results show that accurate
case selection is feasible with a lightweight model,
and that providing the lemma substantially reduces
confusions within the Finnish locative system. The
strong top-3 performance makes the approach par-
ticularly suitable for interfaces that can present a
small set of alternatives or abstain under low confi-
dence.

A small comparison with a modern LLM in-
dicates that a specialised encoder is competitive
on this focused task. Overall, the pipeline we de-
scribe—automatic extraction of case-labelled slots,



lemma-aware slot rendering, and probabilistic case
prediction—provides a reusable recipe for Finnish,
but also for other morphologically rich languages
such as Estonian, Hungarian, or Czech. By decou-
pling high-level case selection from surface real-
ization, we offer a robust pathway for improving
grammaticality in typologically diverse languages
with comparable resources.

Limitations

While we proposed a practical solution for gram-
matical case detection for Finnish templates, sev-
eral limitations remain.

Our formulation as a single-label prediction task
inherits inherent aleatoric uncertainty. Often, sev-
eral predictions are plausible depending on the
writer’s intent. In this work, we do not estimate an
upper bound on achievable performance under such
ambiguity, so it remains unclear how close the re-
ported scores are to the best possible performance
without access to user intent.

Second, our experiments are run on news texts.
The grammatical case distribution and typical syn-
tactic patterns learned by our model may differ
from those typical in the application domain (e.g.
in marketing emails or app notifications). We do
not quantify how much performance would degrade
or shift when moving from news to such domains.

Third, our study is currently restricted to Finnish,
and we do not present cross-lingual experiments.
Our pipeline could be run on other languages where
nouns are regularly inflected to different grammat-
ical cases depending on context (e.g. other Uralic
languages, Czech). The effectiveness of the ap-
proach in these languages remains to be demon-
strated.

Finally, we treat each slot independently, pre-
dicting a case for a single head noun at a time. In
real templates, multiple placeholders may appear in
the same sentence, and the preferred grammatical
case for one slot can depend on the choice made
for another. Our current model does not enforce
global consistency: selecting top-1 predictions for
different slots may not jointly produce a coherent
sentence.
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Input sentence

Input lemma

Predicted case ‘ Correct?

Posti sulkee ovensa Turun [SLOT] N/A Inessive (-ssa) X
(The post office closes its doors Turku [SLOT]) Eerikinkatu Adessive (-11a) v
(Eric Street)
Koronavirus on koetellut Eteld-Afrikkaa eniten | N/A Inessive (-ssa) X
Afrikan [SLOT]
(Coronavirus has hit South Africa the hardest | mantere Adessive (-1la) v
Africa [SLOT]) (continent)
Ensimmadiset merkit taudista havaittiin [SLOT] N/A Inessive (-ssa) X
(The first signs of the illness were detected [SLOT]) | viikonloppu Essive (-na) v
(weekend)
Tyottomien mielenosoitus laajeni [SLOT] 1990- | N/A Illative (-een) X
luvulla
(The unemployed worker’s protest spread [SLOT] | Mannerheimintie| Allative (-lle) v
in the 1990s) (Mannerheim
Street)
Klébo hiihti [SLOT] ja joukkuetoveri tuli toisena | N/A Illative (-een) X
maaliin
(Klibo skied [SLOT] and his teammate finished | ykkonen Translative (-ksi) | v
second) (first place)

Table 8: Examples of predictions from the most confused predicted classes in the slot-only setting. In these examples,
all the predicted cases can be grammatically correct, however only the lemma-conditioned predictions match the
groundtruth.
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Prompt | Precision Recall Fl1 Accuracy
#1 482%  358% 349% 35.8%
#2 771%  71.6% 71.3% 71.9%
#3 81.1%  76.6% 76.7% 77.3%

Table 9: GPT-5 performance (macro averages) on the
lemma-conditioned task.

A LLM Experiment Details

We evaluated OpenAl’s GPT-5 model on the
lemma-conditioned task using three different
prompting strategies (Figures 3, 4 and 5). We sam-
pled 1400 instances from the evaluation set, with
100 examples per case. We ran predictions using
the gpt—5-2025-08-07 model with default pa-
rameters. For prompts where the model outputs an
inflected word or a full sentence, we use Uralic-
NLP’s morphological analyzer (Haméldinen, 2019)
to recover the predicted grammatical case.

Table 9 reports macro-averaged top-1 perfor-
mance. The LLM performs worst when asked
to predict the case label directly (Prompt 1), bet-
ter when asked to output only the inflected word
(Prompt 2), and best when rewriting the whole sen-
tence with the inflected form (Prompt 3). Even in
the strongest setting, GPT-5 remains slightly below
our FinBERT lemma-conditioned model.

These results suggest that a heavier LLM does
not automatically outperform a specialised encoder
on this focused case selection task. The encoder
models remain an attractive option: they are rela-
tively lightweight, achieve higher accuracy on our
data, and naturally provide a full probability distri-
bution over cases. In contrast, most off-the-shelf
LLM APIs expose only top-1 outputs and do not
directly return class probabilities.

Your task is to detect the matching
grammatical case in Finnish
sentences. You will be given a
sentence with a placeholder. Your
output should be grammatical case
that best fits words that are
inserted in the placeholder.

The possible cases are Nom, Gen, Par,
Ine, Ela, Ill, Ade, Abl, All, Ess,
Tra, Abe, Ins, Com.

# Example

Input: ‘Soitin eilen [kaveri].‘

Output: ‘All}

# Task

Input: ‘{input_sentence}®

Figure 3: Prompt 1: Predict grammatical case name
directly.

You will be given a sentence in Finnish.
Your task is to inflect the word in
the brackets to the correct

grammatical case. Your output should
contain the inflected word.

# Example

Input: ‘Soitin eilen [kaveri].‘
Output: ‘kaverille?

# Task

Input: ‘{input_sentence}®

Figure 4: Prompt 2: Inflect word only.

You will be given a sentence in Finnish.
Your task is to inflect the word in
the brackets to the correct

grammatical case. Your output should
contain the corrected sentence.

# Example

Input: ‘Soitin eilen [kaveri].®
Output: ‘Soitin eilen kaverille.®
# Task

Input: ‘{input_sentence}®
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Figure 5: Prompt 3: Rewrite whole sentence with word
inflected.
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Abstract

The paper presents a prototype of a web-app
designed to automatically generate verb va-
lency lexica based on the Universal Dependen-
cies (UD) treebanks. It offers an overview of
the structure of the app, its core functionality,
and functional extensions designed to handle
treebank-specific features. Besides, the paper
highlights the limitations of the prototype and
the potential of its further development.

1 Introduction

A prototype of the web-app “UDVaL: Valency Lex-
icon for Universal Dependencies” (see supplemen-
tary demo files') is designed to build valency lex-
ica of languages provided with treebanks, the mor-
phosyntactic annotation of which is stored in the
CoNNL-U format and follows the guidelines of the
Universal Dependency (UD) project?>. UDVaL is
instrumental for research on a wide range of topics
related to verbal morphosyntax, since it provides
corpus data on valency and valency alternations of
individual verbs and verb classes of a given lan-
guage within a standardized, typologically oriented
annotation framework of UD (De Marneffe et al.,
2021).

The app is a derivative of the “CAVaL.: Classi-
cal Armenian Valency Lexicon™?, which in turn
closely follows the structure and functionality of
other corpus-driven valency lexica, in particular,
“IT-Valex” for Latin (Passarotti et al., 2016) and
“HoDeL: Homeric Dependency Lexicon” for An-
cient Greek (Zanchi, 2021), which in turn rely on
the model of “PDT-Vallex” for Czech (Hajic et al.,
2003).

UDVaL offers a search engine that supports flex-
ible queries on verb frames based on the combina-
tions of morphological, syntactic and lexical prop-

lhttps ://github.com/caval-project/ud_val
2https ://universaldependencies.org
Shttps://github.com/caval-project

Lilit Kharatyan
University of Wiirzburg

lilit.kharatyan@uni-wuerzburg.de
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erties of verbs and their dependencies, as specified
in section 2. This functionality significantly facili-
tates research on a wide array of topical linguistic
issues, such as valency classes of verbs, valency
alternations, alignment, coding of verbal depen-
dencies, etc. (see applications in section 2.3), and
contributes to the inventory of digital tools for the
linguistic analysis of the rich comparative data ac-
cumulated within the UD project (the latest UD
release v2.17 includes 339 treebanks of 186 lan-
guages).

Unlike general-purpose online tools designed to
query dependency treebanks such as PML-TQ* and
TiiNDRA?, UDVaL is customised for queries on
verb frames, and does not require knowledge of
formal query languages. The presented prototype
version of UDVaL offers a package that can be
used for deriving, with more or less adaptations
indicated below, a valency lexicon of any language
included in the UD database.

The app automatically retrieves verb frames for
all verbs of a treebank. A verb frame consists of a
verb together with its dependents carrying the gram-
matical relations of core arguments (subject, direct
object, indirect object) and oblique nominals (all
other modifiers), and their clausal equivalents (see
section 2.1). In line with the UD principles, these
types of relations aim at grasping cross-linguistic
similarities in abstraction from language-specific
overt coding properties of verb frames. With that, a
wide-spread distinction between oblique arguments
(obligatory or selected by the predicate) and ad-
juncts (facultative) is abandoned, both types being
covered by the same tag “obl”, since it is difficult
to consistently apply it to the annotation of one
language and across languages (see Haspelmath,
2014 on the controversies of this distinction in a
cross-linguistic perspective). In some treebanks,

*https://lindat.mff.cuni.cz/services/pmltq/#!
/treebanks
Shttps://weblicht.sfs.uni-tuebingen.de/Tundra
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the distinction is partly formalized by the use of
specialized tags “obl:arg” (oblique nominal) and
“obl:agent” (oblique agent in passive construction),
corresponding to arguments, not adjuncts. Regard-
ing UDVaL, the aforementioned annotation princi-
ples have the advantage of providing corpus-driven
data, less prone to annotators’ bias on whether or
not a given oblique dependent is selected by the
predicate, while clearly indicating core arguments,
which constitute the backbone of verb frames. The
distinction between arguments and adjuncts can
then be assessed within different theoretical frame-
works based on the relative frequency of depen-
dents of specific verbs insofar as the size of a tree-
bank allows it.

2 The UDVaL app

2.1 Backend

UDVaL has a multi-tier architecture. Its backend
employs a MariaDB relational database, which is
automatically populated with data extracted from
a UD treebank of a selected language stored in
the CoNNL-U format using parameterised SQL
queries and a Python code for dynamic data fetch-
ing. The application layer is developed using the
Python-based Flask micro web framework to han-
dle application logic and query processing. The
frontend layer utilises HTML, CSS, and JavaScript
to support a responsive and user-friendly interface.
Advanced database indexing and query optimisa-
tion techniques have been implemented to facilitate
complex queries and ensure high performance.

The interface supports search queries to verb
frames and generates complete lists of their occur-
rences in the database.

The core of the interface functionality is to query
constructions with a verbal head and a subset of its
immediate syntactic dependents as well as second-
order coordinated dependents linked by the “conj”
relation.

The presented app prototype only processes pred-
icative constructions headed by verbs (UPOS tag
“VERB”). The backend database indexes and stores
all verbs of a treebank together with their depen-
dents, carrying the following grammatical relations
(and their subtypes):

E)

e nominals: “nsubj” (nominal subject), “obj
(direct object), “iobj” (indirect object), “obl”
(oblique modifier), as well as “nmod” (nom-
inal modifier) in the case of dependents of
nominalised heads;
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* clausal dependents fulfilling the function of
core arguments: ‘“‘csubj” (clausal subject),
“ccomp” (clausal complement without an obli-
gatorily controlled subject), “xcomp” (clausal
complement with an obligatorily controlled
subject);

* auxiliaries of analytic verb forms carrying the
relation tag “aux”.

Another feature of the app, determined by the
UD annotation guidelines, concerns the morpholog-
ical expression of nominal dependents. To support
the cross-linguistically consistent comparison of
grammatical functions of nominals, all adpositions
are considered as part of case marking along with
inflectional case morphology in UD (see Haspel-
math, 2019 on the comparable grammatical status
of case markers and adpositions). To account for
this annotation feature, nominals are stored in the
UDVaL database together with adpositions. This
allows making queries to the morphological expres-
sion of nominal dependents in terms of attested
combinations of the inflectional case (morphologi-
cal tag “Case”) and adpositions linked to the nomi-
nals by a grammatical relation “case”. In case of
multiword adpositions (such as English “according
to”, cf. the UD English-GUM treebank of the UD
database under fn. 2), the constituents linked by
the “fixed” relation are included in the encoding
pattern.

2.2 Frontend

Some key functionalities of the search engine and
the user interface are summarised below.

By default, the interface lists all the verbs which
are attested in a treebank. The verbs are linked
to pages with complete sets of their occurrences
in the treebank. By modifying search parameters,
the user restricts the list of verbs and occurrences.
Besides selecting a verb from the list, it can be
found via a free input field “Search by verb”. A
string of characters in the utf-8 format matching
a verb lemma (or several homonymous lemmas)
restricts the verb list. The default and restricted
lists can be arranged in alphabetical order or by
token frequency (ascending and descending).

A valency frame can be configured by morpho-
logical, syntactic and lexical properties of an open
number of dependents of a verbal head insofar as
they co-occur in the treebank. These search param-
eters can be applied to a list of verbs as well as to a
specific verb.



By default, the verb frame query contains a set of
the following three parameters for one dependent
(see Figure 1):

* “Select relation”: the grammatical relation tag
from the list specified in section 2.1;

* “Select encoding”: the inflectional and/or ad-
positional case marking;

e “Select lemma”: a lemma from the list of lem-
mas filling the dependent in a given treebank.

In the second of these parameters, encoding pat-
terns are given as a closed list of values, automati-
cally generated from the treebank data, in the for-
mat “Case + Adp(s)”, regardless of the linear order
of constituents, to facilitate the value selection. For
clausal dependents, the value of this parameter is
conventionally set to “Clause” for tokens with the
relations “csubj” and “ccomp” and to “Nominal”
for the tokens with the relation “xcomp”.

Each selected parameter or its reversal to the de-
fault value dynamically updates the verb list and
lists of occurrences. When at least one of the pa-
rameters is selected, a new set can be added for the
next dependent. Sets can be added or removed and
their parameters specified until the output list of
verbs or occurrences is empty.

The flexibility of interface allows to configure
queries of increasing complexity suitable for spe-
cific research tasks. Disentangling the morphologi-
cal, syntactic, and lexical tiers enables queries, in
which, for example, a syntactic feature is specified
for one dependent and a morphological one for an-
other dependent. The dynamic update of the output
with frequency data allows to instantly determine
the availability and relative frequency of frames or
their specific features in the underlying treebank.

A page with occurrences of a verb includes a
complete list of its attestations in the treebank. Ev-
ery occurrence consists of a sentence, its reference
id in the treebank (based on the compulsory “text”
and “sent_id” comment fields of the CoNNL-U
format), and a morphosyntactic BRAT-based® vi-
sualisation of the verb frame. The visualisation
includes part-of-speech attributes of all tokens and
syntactic relations that constitute a verb frame spec-
ified in a search query. Besides, the visualisation is
provided with the mouse-over glossing of all words
in the sentence. The UDVaL engine supports con-

https://brat.nlplab.org/embed. html
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version of the UD annotation tags to the Leipzig
glossing conventions’.

By default, the user interface utilises an alpha-
betic selector, which is automatically generated
based on the initial characters of verb lemmas. This
functionality only applies to treebanks of languages
with alphabetic or syllabic writing systems, the in-
ventory of initial characters of which is manageable
within the selector field of the user interface and

can therefore be seamlessly integrated into the app.

2.3 Applications

UDVaL inherits all key functionalities of the online
CAVaL app®, has been approbated while assem-
bling corpus data for the ongoing research on Clas-
sical Armenian morphosyntax, in particular, as part
of the “PaVeDa: Pavia Verbs Database” project”.

In particular, it provides corpus data on the en-
coding of core arguments and alignment of Classi-
cal Armenian, which involves the split marking of
all core arguments (Kolligan, 2013; Miith, 2014).
For example, it provides instant access to all the oc-
currences of perfect tenses with the genitive subject
(33x, incl. 16x in a transitive construction) and the
nominative subject (189x, incl. 3x in a transitive
construction) in the Gospels. The emerging mis-
matches between transitivity and genitive flagging
contribute to the ongoing discussion on the role
of animacy and affectedness of the subject in this
morphosyntactic split.

Similarly, the app provides corpus data on the
split marking of direct object by a bare accusative
and a prepositional phrase built with proclitic z plus
the accusative, with 1289 and 3124 occurrences in
the Gospels, respectively. This data suggests that a
more frequent marking pattern, associated with a
referentially prominent direct object, is morphosyn-
tactically more complex, again a cross-linguistic
generalization suggested in (Haspelmath, 2021).
Within the same subcorpus, the ditransitive con-
struction occurs 181 times with the prepositional
marking of direct object, and 299 times with an ac-
cusative marking. This data points to the tripartite
ditransitive alignment: P (z plus Acc), T (Acc), and
R (Dat) are expressed by different majority encod-
ing types. Such ditransitive is typologically rare
(Haspelmath, 2005).

7https://www.eva.mpg.de/lingua/pdf/
Glossing-Rules.pdf

8https://caval.dch.phil—fak.uni—koeln.de

9https://paveda.unipv.it/contributions/
clas1256
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Drop all

Search by verb
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Orthography:  Transliteration
Number of verbs: 587
I Number of occurrences: 2889
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Search verb I

Search meaning

Search by features & 'represent constitute act' (60)

22 'witness, observe’ (55)

= "Include comprise incorporate' (50)
cal=t guarantee, comprise,include’ (47)

& "constitute,form compose' (44)

I Show verb features . l

Search by valency

dadgpbbonpedeiul

4

trgewtil Al

4% proceed take ( a road, path ),behave' (3)

(& & 'obstruct impede, throw obstacles in the way of (3)
4= 'pave,prepare facilitate’ (3)

iz sirike hit afflict (3)

&5 "summon, invoke' (3)

Dependency 1 - offer present introduce' (44) i 'prescribe,make a duty decide’ (3)
[ obj "] <213 'face,confront’ (42) = 'outweigh,prefer,think more likely' (3)
[ Acc v] 5—“ 'be able be capable be possible’ (41) =& 'near listen’ (3)
&4 'be possible make possible for' (40) = 'continue follow' (3)
[ Select lemma v] U5 'visit' (34) ) 'frace sketch' (3)
Ze! 'consider regard' (33) 3 'he compatible with harmonize with' (3)
Add 7 take charge of be in charge of seize control of (32) 75l 'invade' (3)
By ‘want desire,intend’ (30) 23 'let allow’ (3)

Figure 1: Adaptation of the UDVaL app for the Arabic-PADT UD treebank (v2.17).

2.4 Functional extensions

The core functionality of UDVal, summarised
above, can be supplemented by secondary func-
tions, which were developed for the UD treebank
of Classical Armenian and can be applied with
due modifications to subsets of UD treebanks. By
default, these extensions are included in the sup-
plemented demo codes as customised for Classical
Armenian. Adjustments of the app to other tree-
banks with respective features are facilitated by
internal comments of the demo codes.

Latinized input: In order to facilitate the search
of verbs via the free input field “Search by verb”,
the code allows setting up latinized input conven-
tions. This functionality requires extending the
code with a chart of equations between original
and input characters or groups of characters.

Transliteration: Based on the “Translit” and
“LTranslit” (wordform and lemma transliteration,
respectively) attributes of the MISC field for mis-
cellaneous information of the CoNNL-U format,
the UDVaL search engine supports representation
of verb lists and occurrences in the transliterated
form. The implementation of this feature requires
adding a chart of correspondences between the orig-
inal and transliterated characters, and integrating
these correspondences with the alphabetic selector.
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Translation: The UDVaL engine allows search-
ing verbs by meaning provided that a treebank has
the “Gloss” attribute in the MISC field; the attribute
contains an approximate translation of the word
form or lemma to another language, typically but
not exclusively English.

A translation of sentences can be switched on/off
in the lists of occurrences for treebanks with sen-
tential translations. In the demo code, this feature
is based on the “# translated_text” comment field
of the CONNL-U format, and can be adjusted to the
metadata properties of a given treebank.

External lexicographic sources: Given the
necessarily approximate lexicographic information
stored in the “Gloss” attribute (when available),
the UDVaL engine allows linking verb lemmas to
external online lexicographic sources. The code
enriches the database with external links based on
a txt-file with a list of verb lemmas and correspond-
ing URLs of the external lexeme entries.

Subcorpus selector: If relevant for a given tree-
bank, a selector of subcorpora or individual texts
can be integrated into the search interface to facili-
tate research of morphosyntactic variation across
texts. This feature has proven to be useful for the
study of Classical Armenian verb frames in the
CAVaL implementation of the app. For example,



while 14,5% of verbs are attested in the Gospels
with a dative argument, a post-classical text, “His-
tory of the Armenians” by Movses Khorenatsi, the
precise dating of which is debated, has 18,2% of
such verbs. This data is relevant for the study of the
gradual increase of dative marking towards Modern
Armenian (Daniel and Khurshudian, 2015). In the
demo code, this feature is based on the “# sent_id”
comment field of the CoNNL-U format, and can be
adjusted to the metadata of a given treebank.

Verb features: For treebanks with annotated
morphological features, the verb frame query can
be further extended with verbal features insofar
as they are attested in the treebank for a specified
verb frame. This functionality requires adjusting
the code to integrate the language-specific list of
verbal features into the search interface.

Limitations

Insofar as the CAVaL implementation allows to
judge, the retrieval accuracy of the UDVaL engine,
based on deterministic database queries, is exact
(cf. the frequency data on the co-occurrence of tags
in the Classical Armenian treebank of the release
UD v2.17 and in the online app under the link in
fn. 3). Any perceived errors must be attributed to
the quality of the underlying treebank annotations
and evaluated as such.

The presented prototype of the UDVaL. app re-
quires manual adjustments of the code to tailor
functional extensions, mentioned in section 2.4, to
available features of a given treebank. Subsequent
iterations of the app envisage automated detection
of treebank features and integration of respective
search functions into the user interface.

The current version of the app is limited to the
queries of verb frames with a verbal head and a re-
stricted subset of types of syntactic dependents,
listed in section 2.1. This limitation excludes
queries to nominal predicates, polipredicative con-
structions, clausal adverbial modifiers, etc., that are
relevant for the study of valency. Thus, the app
does not allow the comparison of case frames and
their alternations for verbal and nominal predicates.

Being oriented towards typological comparative
studies, the app does not allow integrating multiple
treebanks into one interface. This limitation points
to the potential of further development of the app
to implement functionality that would support in-
stant comparison of verb frames across treebanks
of different languages within one search interface.
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The response time of the app is currently cou-
pled with corpus size: while interaction remains
efficient for smaller datasets, integration of larger
corpora yields a noticeable increase in latency. Fu-
ture iterations will address this scalability bottle-
neck by refactoring the data-access layer around an
Object—Relational Mapping (ORM) approach, to
reduce response time, especially for complex frame
queries, and enable seamless interaction with sub-
stantially larger corpora.
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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

0.25f

Az, (Noun)

—0.25F

0.9

0.5

Az, (Proper Noun)
o

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

18

Proceedings of the 8th Workshop on Research in Computational Linguistic Typology and Multilingual NLP, pages 18-25
March 29, 2026 ©2026 Association for Computational Linguistics


mailto:email@julius.steuer@h-its.org

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



0.6

|

Se

-0.3

Iﬁ *“'HH'I

g’ IT“{-”*HH

Gr
)
/3 %) /r

Figure 3: Mean deviation A g, of surprisal from channel capacity S, for given ,

~; V) I
) o /7(70/7 /s, b
Qg 7
@

N/ &
We ” e,

Sse 9,

by By S, N
A7$/7 G’S/@ Org,, ", o (//;(,/s '('/‘6/. _
/7"6/7 7 9(,@8 Sh %] s n
e

Q-
6/7/7

, and proper

nouns per language. Error bars show standard error. Mandarin lacks error bars because the evaluation is based on a

single book.

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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per language.
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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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individuals or communities arising as a result of
our study.

We use a publicly available large language
model, which we ran locally. We do not train or
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its intended use, and there is no possibility of per-
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Abstract

We present MeiteiRoBERTa, the first pub-
licly available monolingual RoBERTa-based
language model for Meitei (Manipuri), a low-
resource language spoken by over 1.8 million
people in Northeast India. Trained from scratch
on 76 million words of Meitei text in Ben-
gali script, our model achieves a perplexity of
65.89, representing a 5.2x improvement over
multilingual baselines mBERT (341.56) and
MuRIL (355.65). We argue that Meitei’s agglu-
tinative morphology and complex word forma-
tion present typological challenges that multi-
lingual models with broad language coverage
fail to capture effectively. Through comprehen-
sive evaluation on perplexity, tokenization effi-
ciency, and semantic representation quality, we
demonstrate that domain-specific pretraining
significantly outperforms general-purpose mul-
tilingual models for low-resource languages.
Our model exhibits superior semantic under-
standing with 0.769 similarity separation com-
pared to 0.035 for mBERT and near-zero for
MuRIL, despite MuRIL’s better tokenization
efficiency (fertility: 3.29 vs. 4.65). We publicly
release the model, training code, and datasets
to accelerate NLP research for Meitei and other
underrepresented Northeast Indian languages.

1 Introduction

Meitei (also known as Manipuri) is an endangered
Tibeto-Burman language spoken by approximately
1.8 million people, primarily in Manipur, India,
and parts of Bangladesh and Myanmar. Despite
being recognized as one of India’s 22 scheduled
languages and having a rich literary tradition span-
ning centuries, Meitei remains critically underrep-
resented in natural language processing research.
The language exhibits complex agglutinative mor-
phology, subject-object-verb word order, and can
be written in both Meitei Mayek (indigenous script)
and Bengali script, with the latter being more preva-
lent in digital contexts.
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From a typological perspective, Meitei presents
specific challenges for multilingual language mod-
els. As an agglutinative language, Meitei forms
words through extensive suffixation and compound-
ing, resulting in long, morphologically complex
word forms that strain tokenization strategies opti-
mized for isolating or mildly inflecting languages.
Its SOV word order and predominantly head-final
phrase structure differ from the SVO patterns
dominant in many high-resource languages rep-
resented in multilingual models. These typological
characteristics-shared with other Tibeto-Burman
languages of the region-suggest that multilingual
models trained predominantly on typologically dis-
tant languages may allocate insufficient capacity
to capture Meitei’s linguistic structure, motivating
our investigation of monolingual alternatives.

Recent advances in transformer-based language
models have revolutionized NLP across high-
resource languages (Devlin et al., 2019; Liu et al.,
2019). However, these benefits remain largely inac-
cessible to low-resource languages like Meitei due
to their underrepresentation in multilingual models
(Joshi et al., 2020; Ponti et al., 2020). While multi-
lingual model such as mBERT (Devlin et al., 2019)
and Indic-specific models like MuRIL (Khanuja
et al., 2021) and IndicBERT (Kakwani et al., 2020)
have attempted to address linguistic diversity, they
often allocate insufficient capacity to individual
low-resource languages, resulting in suboptimal
performance (Conneau et al., 2020; Lauscher et al.,
2020).

The critical challenge for endangered languages
is not merely technological but existential: without
adequate digital infrastructure and NLP tools, these
languages risk accelerated decline in the digital age
(Moseley, 2010) . Recent work has demonstrated
that language-specific models trained from scratch
can significantly outperform multilingual alterna-
tives for low-resource languages, even with limited
data (de Vries et al., 2019; Virtanen et al., 2019;
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Martin et al., 2020). This finding is particularly
relevant for Northeast Indian languages, which col-
lectively represent over 220 distinct languages but
remain marginalized in mainstream NLP research.

In this work, we present MeiteiRoBERTa,
a monolingual RoBERTa-based encoder model
trained from scratch on 76 million words of Meitei
text. Our contributions are threefold: (1) We re-
lease the first publicly available transformer-based
language model specifically designed for Meitei in
Bengali script, (2) We demonstrate through rigor-
ous evaluation that our model achieves 5.2x bet-
ter perplexity than multilingual baselines while ex-
hibiting superior semantic understanding, and (3)
We provide comprehensive comparative analysis
against state-of-the-art multilingual models, offer-
ing insights for future low-resource language mod-
eling efforts.

2 Related Work

2.1 Multilingual Language Models

The development of multilingual BERT (mBERT)
(Devlin et al., 2019) marked a significant milestone
in cross-lingual NLP, demonstrating that a single
model could capture linguistic patterns across 104
languages. Subsequent work on XLM-R (Conneau
etal., 2020) extended this to 100 languages with im-
proved performance through larger-scale training.
For Indian languages specifically, MuRIL (Khanuja
et al., 2021) and IndicBERT (Kakwani et al., 2020)
were introduced as specialized multilingual mod-
els covering 17 and 12 Indian languages respec-
tively. However, recent studies have shown that
these multilingual models suffer from the “curse of
multilinguality”, where increased language cover-
age leads to decreased per-language performance,
particularly for low-resource languages (Pfeiffer
et al., 2020; Ustiin et al., 2020).

2.2 Low-Resource Language Models

Growing evidence suggests that monolingual mod-
els trained from scratch can outperform multi-
lingual alternatives for low-resource languages
(de Vries et al., 2019; Virtanen et al., 2019). Recent
work on BanglaBERT (Bhattacharjee et al., 2022),
AraBERT (Antoun et al., 2020), and CamemBERT
(Martin et al., 2020) has demonstrated significant
performance gains through language-specific pre-
training. For Northeast Indian languages, prelimi-
nary efforts include work on Assamese (Nath et al.,
2023) and limited experiments with Manipuri NER
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systems (Singh and Bandyopadhyay, 2009), but
no comprehensive pre-trained language model for
Meitei has been publicly released prior to this work.

2.3 RoBERTa Architecture

RoBERTa (Liu et al., 2019) introduced key im-
provements over BERT including dynamic mask-
ing, removal of next sentence prediction (NSP),
larger batch sizes, and longer training sequences.
These modifications have consistently demon-
strated superior performance across various bench-
marks (Clark et al., 2020; Lan et al., 2020). Re-
cent adaptations of RoOBERTa for low-resource lan-
guages (Nguyen and Nguyen, 2020; Agerri et al.,
2020) have shown that the architecture’s efficiency
makes it particularly suitable for scenarios with lim-
ited computational resources and smaller corpora,
motivating our choice of ROBERTa over alternative
architectures.

3 Methodology

3.1 Model Architecture

MeiteiRoBERTa follows the RoBERTa-base archi-
tecture with 12 transformer layers, 12 attention
heads, and a hidden dimension of 768, totaling
125 million parameters. We trained a custom Byte-
Pair Encoding (BPE) tokenizer with a vocabulary
size of 52,000 tokens, optimized specifically for
Meitei morphology in Bengali script. The tokenizer
was trained on the full corpus to minimize out-of-
vocabulary rates and handle the language’s aggluti-
native morphological structure efficiently.

3.2 Training Data and Preprocessing

Our training corpus comprises 76 million words
of Meitei text, representing a curated aggregate of
the IndicCorp v2 subset (Gala et al., 2023) and
independent crawls of local news archives, govern-
ment documents, digitized literary collections and
web content. The corpus underwent rigorous pre-
processing including deduplication, language iden-
tification filtering, and quality assessment. Data
sources include publicly available digital archives,
news portals, and literary collections. The data
was chunked into 353,123 blocks of 512 tokens for
efficient batch processing during training.
The dataset is publicly available
https://huggingface.co/datasets/
MWirelabs/meitei-monolingual-corpus.
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3.3 Training Configuration

The model was trained from random initialization
using masked language modeling (MLM) with a
15% masking probability. We employed an effec-
tive batch size of 256, a learning rate of 6 x 10~*
with linear warmup and decay, and trained for 3
epochs. Training was conducted on NVIDIA A40
GPUs. The final training loss converged to 4.1855,
indicating successful learning of Meitei language
patterns.

4 Evaluation

4.1 Baselines

We compare MeiteiRoBERTa against three multi-
lingual baselines: (1) mBERT (Devlin et al., 2019):
110M parameters covering 104 languages and (2)
MuRIL (Khanuja et al., 2021): 235M parame-
ters optimized for 17 Indian languages including
transliterated text. These models represent the cur-
rent state-of-the-art for multilingual NLP and are
commonly used for low-resource Indian languages.

4.2 Evaluation Metrics

Perplexity. We evaluate language modeling ca-
pability using perplexity on a held-out valida-
tion set of 19,038 samples, calculated as PPL =
exp(average loss), where the loss is computed
through masked language modeling prediction ac-
curacy.

Tokenization Efficiency. We measure subword
fertility (average number of subword tokens per
word) on a test set of 10 diverse Meitei sentences.
Lower fertility indicates more efficient tokeniza-
tion and better vocabulary alignment with the lan-
guage’s morphology.

Semantic Representation Quality. We assess
the quality of learned representations using seman-
tic similarity tests on 4 manually curated sentence
pairs (2 semantically similar, 2 dissimilar) drawn
from our test set. Sentence pairs were constructed
to test the model’s ability to distinguish between
paraphrases with shared semantic content versus
unrelated sentences from different domains. We
compute cosine similarity between [CLS] token
embeddings, which serve as sentence-level repre-
sentations in BERT-style models, following stan-
dard practice for semantic similarity evaluation
(Devlin et al., 2019). For each pair labeled as se-
mantically similar or dissimilar, we measure the
model’s ability to separate semantically related
from unrelated content through the separation score
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Model Parameters Perplexity
mBERT 110M 341.56
MuRIL 235M 355.65
MeiteiRoBERTa 125M 65.89

Table 1: Perplexity comparison on Meitei validation set
(19,038 samples). Lower is better.

Model Vocab Size Fertility
mBERT 119K 4.79
MuRIL 197K 3.29
MeiteiRoBERTa 52K 4.65

Table 2: Tokenization efficiency on 10 diverse Meitei
sentences. Lower fertility is better.

(average high similarity - average low similarity).
The choice of [CLS] serves as a typological probe;
if a model cannot distinguish basic sentence-level
meaning in its pooling layer, it indicates a funda-
mental failure to map the language’s syntax and
morphology into a coherent semantic manifold

5 Results and Analysis

5.1 Perplexity Comparison

Table 1 presents the perplexity results on the Meitei
validation set. MeiteiRoBERTa achieves a perplex-
ity of 65.89, substantially outperforming mBERT
(341.56) and MuRIL (355.65) by factors of 5.2x
and 5.4x respectively. This dramatic improve-
ment demonstrates that monolingual pre-training
with language-specific tokenization provides supe-
rior language modeling capabilities compared to
general-purpose multilingual models, even when
the latter have significantly more parameters.

5.2 Tokenization Efficiency

Table 2 shows tokenization efficiency measured by
subword fertility. MuRIL achieves the best fertil-
ity score of 3.29, followed by mBERT (4.79) and
MeiteiRoBERTa (4.65). While MuRIL’s extensive
vocabulary (197K tokens) enables more efficient to-
kenization, our custom BPE tokenizer with 52K to-
kens achieves competitive performance while main-
taining a more compact model size. The trade-off
between vocabulary size and model compactness
is favorable for resource-constrained deployment
scenarios.

5.3 Semantic Representation Quality

Table 3 presents semantic similarity evaluation re-
sults. MeiteiRoBERTa demonstrates exceptional



Model High Sim Low Sim  Sep.
mBERT 0.983 0.948 0.035
MuRIL 0.993 0.993 0.000
MeiteiRoBERTa 0.968 0.199 0.769

Table 3: Semantic representation quality on curated
Meitei sentence pairs. Higher separation indicates better
semantic understanding.

semantic understanding with a separation score of
0.769, vastly outperforming mBERT (0.035) and
MuRIL (0.000). The near-perfect similarity scores
(>0.95) from multilingual models for both related
and unrelated sentence pairs indicate their failure to
capture fine-grained semantic distinctions in Meitei.
In contrast, MeiteiRoBERTa shows high similarity
(0.968) for semantically related pairs while cor-
rectly assigning low similarity (0.199) to unrelated
pairs, demonstrating genuine semantic comprehen-
sion.

The 0.000 separation score for MuRIL may indi-
cate limited semantic differentiation under the cur-
rent probing setup, where the model’s pre-training
on Indo-Aryan languages fails to provide the struc-
tural handles necessary to differentiate Meitei’s
Tibeto-Burman semantic features.

6 Discussion

Our results provide strong empirical evidence for
the superiority of monolingual language models
over multilingual alternatives for low-resource lan-
guages. The 5.2x perplexity improvement and
dramatically better semantic separation (0.769 vs.
0.035) demonstrate that dedicated models can cap-
ture language-specific nuances that multilingual
models miss, even when the latter have 2-3x more
parameters.

The stark contrast in semantic representation
quality is particularly noteworthy. MuRIL’s near-
zero separation score (0.000) suggests that despite
its optimization for Indian languages, it shows
limited ability to differentiate semantic contrasts
in Meitei under our evaluation setting, assigning
uniformly high similarity scores regardless of se-
mantic content. This may indicate representation
collapse or insufficient training signal for Meitei,
aligning with recent findings on catastrophic inter-
ference in massively multilingual models (Artetxe
et al., 2020), where low-resource languages receive
insufficient training signal to develop meaningful
representations.

While MuRIL demonstrates superior tokeniza-
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tion efficiency (fertility: 3.29 vs. our 4.65), re-
flecting the benefits of its larger vocabulary (197K
tokens) optimized across multiple Indic languages,
this advantage does not translate to better language
understanding in our evaluation. This finding sug-
gests a more nuanced relationship between tok-
enization efficiency and semantic representation
quality than previously assumed. Efficient tok-
enization may be necessary but not sufficient for
low-resource language support-dedicated model
capacity and language-specific pre-training appear
essential for developing robust linguistic represen-
tations. The trade-off between vocabulary size and
model compactness remains an important consid-
eration, particularly for deployment in resource-
constrained environments where MeiteiRoBERTa’s
smaller vocabulary offers practical advantages.

The success of MeiteiRoBERTa with only 76
million words of training data (compared to bil-
lions used by multilingual models) has important
implications for other low-resource languages. It
demonstrates that even modest-sized corpora can
yield high-quality language models when com-
bined with appropriate architecture and training
strategies. This is particularly encouraging for the
hundreds of endangered languages worldwide that
face similar resource constraints.

6.1 Implications for Underserved
Communities

Our work directly addresses the digital divide af-
fecting Northeast Indian linguistic communities.
By providing the first comprehensive language
model for Meitei, we enable potential applications
in education, digital governance, cultural preserva-
tion, and content moderation. The model can sup-
port machine translation, sentiment analysis, and
information retrieval systems that were previously
unavailable for Meitei speakers. This technologi-
cal infrastructure is crucial for preventing language
endangerment in the digital age and ensuring equi-
table access to Al technologies.

From a typological perspective, our results high-
light systematic limitations in how multilingual
models handle morphologically complex, agglu-
tinative languages. The dramatic performance
gap suggests that current multilingual pretraining
approaches-which distribute model capacity across
typologically diverse languages-may inherently dis-
advantage languages with rich morphology and
head-final syntax. This has broader implications
for the approximately 220 languages of Northeast



India and hundreds of other agglutinative languages
worldwide that share similar typological profiles
with Meitei.

7 Conclusion and Future Work

We have presented MeiteiRoBERTR, the first pub-
licly available transformer-based language model
for Meitei, achieving state-of-the-art performance
with 5.2x better perplexity than multilingual base-
lines and superior semantic understanding (0.769
separation vs. 0.035 for mBERT). Our comprehen-
sive evaluation demonstrates that dedicated mono-
lingual models remain the most effective approach
for low-resource language processing, even in the
era of massively multilingual models.

Future work will focus on several directions: (1)
extending support to Meitei Mayek script through
script-agnostic representations or dual-script train-
ing, (2) fine-tuning for downstream tasks includ-
ing named entity recognition, sentiment analysis,
and machine translation, (3) exploring few-shot
learning capabilities for related Tibeto-Burman lan-
guages, and (4) investigating cross-lingual transfer
learning between Bengali-script Meitei and other
languages using the same script. Most impor-
tantly, we aim to establish partnerships with Meitei
language communities to ensure our future work
aligns with community priorities and contributes
meaningfully to language preservation efforts.

The model (https://huggingface.co/
MWirelabs/meitei-roberta) and evaluation
datasets (https://huggingface.co/datasets/
MWirelabs/meitei-monolingual-corpus) are
publicly available to support further research on
Meitei and other low-resource Northeast Indian
languages.

These findings suggest potential typological lim-
itations in multilingual models when applied to
morphologically complex, agglutinative languages
such as Meitei, with possible implications for other
underrepresented Tibeto-Burman and related ag-
glutinative languages.

Limitations

While our work represents a significant advance for
Meitei NLP, several limitations warrant discussion:

Script Coverage: Our model only supports
Bengali script, excluding the indigenous Meitei
Mayek script still used in some contexts. Future
work should explore multi-script models or script-
agnostic representations.
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Evaluation Scope: We primarily evaluate in-
trinsic metrics (perplexity, tokenization, semantic
similarity). Downstream task evaluation on named
entity recognition, sentiment analysis, and machine
translation would provide additional insights into
practical utility.

Corpus Limitations: Our 76M word corpus,
while substantial for a low-resource language, may
not capture the full linguistic diversity of Meitei,
including dialectal variations and specialized do-
mains. The corpus is also biased toward formal
written text from news and government sources.

Community Involvement: Data collection and
model development occurred without extensive
consultation with Meitei language communities.
Future efforts should employ participatory meth-
ods to ensure alignment with community needs and
values.

Potential Biases: The model may inherit bi-
ases present in the training corpus, including un-
derrepresentation of certain demographics, topics,
or perspectives. We have not yet conducted com-
prehensive bias audits.

Computational Resources: While more effi-
cient than training multilingual models, our ap-
proach still requires substantial computational re-
sources (GPU training), which may limit repro-
ducibility for researchers with limited access.

Ethical Considerations

Data Sourcing: All training data was collected
from publicly available sources. We employed lan-
guage identification and quality filtering to ensure
corpus integrity, but acknowledge that web-scraped
data may contain errors, biases, or copyrighted ma-
terial despite our filtering efforts.

Cultural Sensitivity: Language technology for
endangered languages carries responsibility for
cultural preservation. While our model enables
digital applications, we recognize that technology
alone cannot address underlying sociolinguistic
challenges. Community-led language revitaliza-
tion efforts remain paramount.

Dual Use: Like all language models, Meit-
eiRoBERTa could potentially be misused for gen-
erating misinformation, impersonation, or surveil-
lance. We advocate for responsible deployment and
recommend implementing appropriate safeguards
in downstream applications.

Access and Equity: By releasing our model,
code, and data publicly, we aim to democratize ac-
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cess to NLP tools for Meitei. However, meaningful
access requires not just open models but also com-
putational resources, technical expertise, and inter-
net connectivity; resources unevenly distributed in
Northeast India.
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Abstract

Linguistic reference material is a trove of in-
formation that can be utilized for the analy-
sis of languages. The material, in the form of
grammar books and sketches, has been used
for machine translation, but it can also be used
for language analysis. Retrieval Augmented
Generation (RAG) has been demonstrated to
improve large language model (LLM) capabili-
ties by incorporating external reference mate-
rial into the generation process. In this paper,
we investigate the use of grammar books and
RAG techniques to identify language features.
We use Grambank for feature definition and
ground truth values, and we evaluate on five
typologically diverse low-resource languages.
We demonstrate that this approach can effec-
tively make use of reference material.!

1 Introduction

Grambank is an online database of language fea-
tures and contains information on more than 2000
languages (Skirgérd et al., 2023a). The database is
structured around 195 language features. For each
language in the database, the features are coded
with a value, covering a wide spectrum of typologi-
cal information such as subject-verb-object order,
definite and indefinite article usage, and morpho-
logical markings (Skirgard et al., 2023b). This
data is intended to be used for linguistic research;
for example, Skirgard et al. (2023b) analyzed the
data to make an argument for the significance of
genealogical inheritance on language diversity.
The database, similar to others in the past like
WALS (Dryer and Haspelmath, 2013), is hand-
coded by a team of contributors. Questionnaires are
provided to coders that contain the feature name,
description, possible values, among other infor-
mation. The intention is that coders can code the
!Code and data to reproduce our experiments are

provided here: https://github.com/jonathanhus/gram_
features.
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features using grammars or grammar books, even
if they are not experts in that language.

While Grambank has feature information on
more than 2000 languages, that leaves almost 5000
languages that are missing from the database. Ques-
tionnaires for a language are typically provided to a
single contributor and completing the remainder of
the database will require significant human capital.
With the database missing data, researchers will
not be able to utilize this resource to answer ques-
tions about certain languages or language families,
nor will they be able to have the broadest possible
coverage of languages when making general analy-
ses (e.g., genealogical inheritance vs geographical
diffusion in shaping language diversity).

In order to fill this gap, we propose a Retrieval-
Augmented Generation (RAG) approach using a
Large Language Model (LLM) that can query lin-
guistic reference material. Since the questionnaire
is intended to be completed by non-experts using
grammar books and sketches, a sufficiently-capable
LLM with access to the correct resources may be
able to provide feature codes for languages not
present in Grambank.

2 Related Work

RAG has become a popular approach applied to
many applications of LLMs (Gao et al., 2024). The
technique enables the incorporation of external
knowledge, stored in a database, into the LLM
input context.

Kornilov and Shavrina (2024) built a benchmark
to evaluate RAG approaches, with Grambank and
WALS feature prediction as targets. In contrast,
our work more closely mimicks the process of Gra-
mank coders’ efforts, covering all Grambank fea-
tures.

Hammarstrom et al. (2020) used term spotting
to extract linguistic information from digitized raw-
text descriptions, and Virk et al. (2021) describe
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an automated deep learning approach to extract lin-
guistic features from textual language descriptions.

The use of full-length grammar books has previ-
ously been explored when constructing prompts
for LLMs. In Machine Translation from One
Book, Tanzer et al. (2023) used a grammar book
to perform machine translation between English
and Kalamang, and more recently Hus and Anasta-
sopoulos (2024) expanded this translation approach
to 15 additional low-resource languages.

3 Methodology

Our RAG architecture consists of two main com-
ponents: ChromaDB for the vector database and
GPT-40 for the LLM.

The vector database is organized into collections,
where a collection represents a single language.
When loading the vector database, we chose the
grammar books that are referenced and used by the
Grambank coders when they coded language fea-
tures. Some languages use a single grammar book
while others use multiple. We obtained our gram-
mar books from the DReaM corpus (Virk et al.,
2020), which contains digitized versions of thou-
sands of linguistic documents. These grammar
books are vectorized and loaded into ChromaDB,
with each page stored as a single entry.

Each feature in Grambank has a number of at-
tributes that we use to format our LLM prompts.
Each feature is written in the form of a question.
Additionally, a summary is provided, which con-
tains amplifying information, and last we provide
instructions on how to label the feature. For each
feature in Grambank, the attributes are used to cre-
ate a query, which returns the top N similar entries
from the vector database. The Grambank attributes
are also used to formulate the prompt for the LLM.
The database entries, which ideally contain the rel-
evant grammatical information, are included in the
prompt. An example prompt is illustrated in Ap-
pendix C. As indicated in the prompt, the LLM
outputs the predicted feature code.

The full pipeline, therefore, operates as follows.
Feature information is obtained from Grambank
files and is used to query for relevant grammar book
pages from ChromaDB. These retrieved pages, as
well as task information from the Grambank files,
are then formatted into a prompt for an LLM.
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Figure 1: Baseline vs RAG Feature Prediction. RAG ap-
proach shows significant improvement over the baseline
in identifying grammar features.
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Figure 2: Number of correctly predicted features based
on number of retrieved pages that are included in the
prompt. Considerable improvements observed when
including up to 10 pages in the prompt.

4 Results

4.1 Baseline vs RAG

The first basic question is whether RAG with gram-
mar books improves the performance compared to
simply asking the LLM for an answer. We cre-
ated prompts that both did and did not contain
the retrieved document pages from the database.
Baseline values (Figure 1) show the performance
with no retrieved documents included. RAG values
show the number of features correctly predicted
when including retrieved pages in the prompt. For
all languages, RAG showed a marked improvement
over the baseline, with increases of 30% to 52%,
indicating the effectiveness of this approach.

4.2 Document Retrieval

Given the performance boost obtained from incor-
porating RAG, a natural extension would be to
include more excerpts from grammar books to see



Language Sources Features w/ Pages | >1 Match Mean Max Skyline Full Pipeline
Mizo (lus) 120/170

— without summary 1 170 90 0.125 0.750

— with summary 1 170 92 0.120  0.667 103/170
Southern Jinghpaw (kac) 112/195

— without summary 3 195 134 0.143  0.571

— with summary 3 195 132 0.144  0.500 117/195
Kalamang (kgv) 40/58

— without summary 1 58 38 0.177  0.500

— with summary 1 58 39 0.212  0.600 41/58
Minangkabau (min) 91/111

— without summary 3 111 46 0.078  0.500

— with summary 3 111 49 0.083  0.400 79/111
Natugu (ntu) 39/70

— without summary 6 70 25 0.042 0.333

— with summary 6 70 30 0.57 0.333 53/70

Table 1: Pipeline analysis characterizing the performance of the vector database search, the LLM prediction

(skyline), and the full pipeline.

if that further increases performance. For each lan-
guage, we performed experiments that included an
increasing number of pages in the prompt (Figure
2), up to 40. Our results are consistent with other
published results (Leng et al., 2024) that show a
performance increase as more documents are added.
However, more documents give diminishing and
eventually negative returns.

4.3 Pipeline Analysis

The system components, namely the database and
the LLM, are largely independent. Their perfor-
mance can be separately assessed to analyze their
impact on the system. The experiments and results
in this section only look at the features for a given
language that have page numbers identified.

Vector Database When coders are specifying
feature values for a language in Grambank, they
are encouraged to include both the reference book
and page number(s) used to determine that value.
We can use this information to evaluate the per-
formance of our vector database retrieval. For the
features with pages numbers identified, we evalu-
ate the similarity with the pages retrieved via vec-
tor search. For each language, Table 1 shows the
number of reference sources that the Grambank
coders used to determine the feature values in the
"Sources" column. Since coders do not always
provide page numbers with a feature, we evaluate
similarity only on the features that have page num-
bers. The feature, which is expressed in the form
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of a question, is always included in the search term.
We evaluated both including and omitting the sum-
mary in the search, shown in the "with summary"
and "without summary" rows, respectively.

For each feature, we retrieve four documents
from the database. We calculate the Jaccard simi-
larity between this set of documents and the ground
truth provided by Grambank. Within a language,
we calculate the mean and maximum of all the
similarity scores, shown in the "Mean" and "Max"
columns of Table 1, respectively. Not surprisingly,
languages with more source documents have lower
average similarity scores. While this could be due
to a larger search space, it is also possible that the
correct answer can be found in a document other
than what the coder chose. As a coarser indication
of similarity, we evaluate the number of features
where at least one of the retrieved pages matches
the ground truth, shown in the ">1 Match" column.

Overall, the RAG approach shows a good deal
of agreement between the database search and hu-
man coding, with more than 50% of features across
all languages having at least one matching page.
In general, including the summary in the prompt
improves the similarity scores, although the mean
similarity score is lower in Mizo when using the
summary and the number of features with at least
one match is lower in Southern Jinghpaw. Natugu
has the worst similarity scores among all the lan-
guages, which may be attributed to it also having
the most source documents.



Main domain kac min lus ntu kgv
Clause 52.0 (26/50) 51.06 (24/47) 62.0 (31/50) 48.0 (24/50) 60.0 (30/50)
Nominal domain ~ 64.79 (46/71) 81.25 (52/64) 61.97 (44/71) 50.0 (35/70) 67.61 (48/71)
Numeral 50.0 (2/4) 75.0 (3/4) 100.0 (4/4) 25.0 (1/4) 25.0 (1/4)
Pronoun 83.33 (10/12) 72.73 (8/11) 33.33 (4/12) 50.0 (6/12) 58.33 (7/12)
Verbal domain 56.9 (33/58) 70.83 (34/48) 63.79 (37/58) 56.14 (32/57) 44.83 (26/58)
Total 60.0 (117/195) 69.54 (121/174)  61.54 (120/195) 50.78 (98/193)  57.44 (112/195)

Table 2: Match accuracy by main domain for each language. Values are formatted as percentage (correct/total).

LLM output code
label 0 1 2 3 ? IDK Total
0 312 94 2 0 76 11 495
1 29 144 2 1 24 1 201
2 0 2 9 3 2 1 17
? 84 27 2 0 103 23 239
Total \ 425 267 15 4 205 36 952

Table 3: Aggregate distribution of code values by cate-
gory for all languages. We correct predictions.

Full Pipeline vs Skyline To evaluate how well
the LLLM uses the provided material to determine
the feature value, we bypassed the database search
and instead directly included the referenced pages
in the prompt. As with the vector database char-
acterization, we are only able to utilize this ap-
proach for features that have associated reference
page numbers in the Grambank dataset. The "Sky-
line" column in Table 1 shows the number of fea-
tures correctly predicted. We also evaluate the full
pipeline (database and LLM) on the set of features
that have reference pages, similar to above. Sur-
prisingly, comparing to the skyline approach, the
full pipeline sometimes but not always outperforms
skyline. Natugu shows the largest increase from the
skyline to the full pipeline. This may be attributed
to the increased number of grammar sources, which
could increase the amount of highly-relevant ex-
cerpts included in the prompt.

4.4 Feature Analysis

Confusion matrices are provided in the appendix
for each language, with an aggregate shown in Ta-
ble 3. When it comes to errors, the LLM is more
likely to predict a feature is present when in fact it
is absent than to predict a feature is absent when
in fact it is present. Such false positives are the
most common errors observed in the data. The
next highest error categories are a true code "0"
(absent feature) with a predicted "?" (unknown)
and a true code "?" with a predicted code "0". Both
of these situations involve using information from
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the grammar books to prove that something does
not exist. Unless the grammar books explicitly
state that some aspect of a grammar is not present
in a particular language, the LLMs will struggle to
identify excerpts that support this prediction.

The prompt includes an instruction for the LLM
to output "IDK", refraining from a prediction if it is
unable to determine a code value. In some senses,
this is duplicative with the "?" value, but it does
provide the LLM with an option instead of a forced
guess. That being said, the LLM only returned
"IDK" 36 times (3.8%). There were four instances
(0.4%) in which the LLLM did not conform to the
answer options specified in the task instructions
and instead chose a "3", which is not a valid choice
for any feature.

Grambank categorizes each feature into one of
five domains. The domains are broad linguistic
topics that are designed to enable further analysis.
For the best performing RAG system for each lan-
guage, the performance for each domain is shown
in Table 2. Across all languages, our RAG system
performs the best on the "Nominal domain" cate-
gory, with an accuracy of 65%, while it struggles
the most with the "Clause" domain, with an accu-
racy of 55%. This suggests that reference material
about nominal domain features (e.g., case marking,
articles, possession) is able to be extracted easier
from the grammar books than text about clause
domain features (e.g., sentence structure, subordi-
nation, coordination).

5 Conclusion

In this paper, we showed the benefit of incorpo-
rating grammar books into RAG pipelines. We
evaluated the performance on several languages
and showed that this approach is capable of an-
swering questions about typological structures of
languages. Our work spotlights one application
where this approach yields benefits and shows that
linguistic reference material is a valuable resource
for research on low resource languages.



6 Limitations

Grammar books are vectorized and stored in a
database for RAG. In order to take advantage of this
approach, we use grammar books in PDF format
that contain text. However, high-quality grammar
books are difficult to obtain for many languages.
The DReaM corpus does an admirable job of cu-
rating and digitizing many linguistic references,
but not all languages have reference material in
the necessary format. Additionally, tables lose in-
formation that is conveyed by the location of text
relative to other text on the page. The LLMs, there-
fore, are most likely not taking full advantage of
that information.

We used an OpenAl model (gpt-4o0-mini). While
this model is quite performant, there are some
drawbacks. OpenAl models are truly closed mod-
els, with only an API available. The architecture,
weights, and training scheme are not available to
researchers.
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A Additional Results

Tabular results for Figure 2 are provided in Table
4.

Confusion matrices for each of the languages are
combined into an aggregate table in section 4. The
results for each language is provided here.

Results mapped to Grambanks’ "finer grouping"
categories are provided in Table 10.
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B Resources

For our experiments, we gathered grammar books,
which were tokenized and stored in the vector
database. We used the OpenAl text-embedding-
ada-002 model to generate text embeddings from
the grammar book text. Grammar books were ob-
tained from DReaM (Virk et al., 2020) and con-
verted to the format required by the code. We used
the grammar books that were referenced by Gram-
bank coders for each language. We note the file-
name that was downloaded from DReaM. There
were a handful of instances in which the document
was not loaded into the vector database, as is noted
in Table 11.
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baseline rag 1 rag 10 rag 20 rag 30 rag 40 total

southern_jinghpaw 17 93 117 111 110 108 195
minangkabau 43 82 112 116 118 121 174
mizo 35 86 115 120 117 119 195
natugu 40 85 98 95 94 9% 193
kalamang 41 105 110 108 112 106 195

Table 4: Number of correctly predicted features based on number of retrieved pages included in the prompt.

LLM output code
code 0 1 2 3 ? IDK Total
0 70 25 0 0 19 1 115
1 9 39 0 0 4 1 53
2 0 o 1 2 1 0 4
? 2 2 0 0 7 2 23
Total 91 66 1 2 31 4 195

Table 5: Southern Jinghpaw - Distribution of code val-
ues by category.

LLM output code
code 0 1 2 3 ? IDK Total
0 85 18 0 O 16 4 123
1 2 30 0 1 4 0 37
2 0 1 2 0 1 0 4
? 4 2 0 0 4 0 10
LLM output code
Total 91 51 2 1 25 4 174 code 0 1 2 3 > IDK Total
Table 6: Minangkabau - Distribution of code values by 0 22 14 0 0 15 1 52
category 1 5 31 0 O 5 0 41
’ 2 0 0o 1 1 0 1 3
? 28 9 1 0 44 15 97
Total 55 54 2 1 64 17 193
LLM output code
d 0 1 2 ? 1IDK Total e .
code ota Table 9: Natugu - Distribution of code values by cate-
0 78 32 0 16 4 130 gory.
1 10 32 2 5 0 49
2 0 0o 3 0 0 3
? 1 5 0o 7 0 13
Total 89 69 5 28 4 195

Table 7: Mizo - Distribution of code values by category.

LLM output code
code 0 1 2 ? IDK Total
0 57 5 2 10 1 75
1 3 12 0 6 0 21
2 0 1 2 0 0 3
? 39 9 1 41 6 96
Total 99 27 5 57 7 195

Table 8: Kalamang - Distribution of code values by
category.
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Feature Type kac min lus ntu kgv
TAME 42.11 (8/19) 83.33 (10/12) 73.68 (14/19) 36.84 (7/19) 21.05 (4/19)
VP (other) 43.75 (7/16) 78.57 (11/14) 37.5 (6/16) 75.0 (12/16) 31.25 (5/16)
Argument marking (core) 70.0 (14/20) 68.75 (11/16) 65.0 (13/20) 52.63 (10/19) 75.0 (15/20)
Argument marking (non-core) 66.67 (8/12) 41.67 (5/12) 41.67 (5/12) 63.64 (7/11) 33.33 (4/12)
Class 82.35 (14/17) 88.24 (15/17) 70.59 (12/17) 58.82 (10/17) 70.59 (12/17)
Clause order 69.57 (16/23) 57.14 (12/21) 56.52 (13/23) 52.17 (12/23) 69.57 (16/23)
Deixis 66.67 (6/9) 66.67 (6/9) 55.56 (5/9) 11.11 (1/9) 44.44 (4/9)
Non-verbal predication 35.0 (7/20) 70.0 (14/20) 65.0 (13/20) 55.0 (11/20) 45.0 (9/20)
Number 77.27 (17/22) 85.71 (18/21) 68.18 (15/22) 31.82(7/22) 77.27 (17/22)
Order in NP 50.0 (5/10) 66.67 (4/6) 60.0 (6/10) 60.0 (6/10) 70.0 (7/10)
Quantification 50.0 (4/8) 62.5 (5/8) 87.5 (7/8) 62.5 (5/8) 62.5 (5/8)
Valency 64.29 (9/14) 69.23 (9/13) 57.14 (8/14) 64.29 (9/14) 78.57 (11/14)
Verb complex 40.0 (2/5) 20.0 (1/5) 60.0 (3/5) 20.0 (1/5) 60.0 (3/5)
Total 60.0 (117/195)  69.54 (121/174)  61.54 (120/195)  50.78 (98/193)  57.44 (112/195)

Table 10: Match accuracy by finer grouping for each language. Values are formatted as percentage (correct/total).
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Language Grambank Sources Chroma (from DReaM)
Mizo Chhangte, Lalnunthangi. 1986. A Preliminary Grammar of chhangte_mizo-

the Mizo Language. grammar1986_o.pdf
Minangkabau Crouch, Sophie. 2009. Voice and verb morphology in  crouch_minangkabau2009

Minangkabau, a language of West Sumatra, Indonesia.
Reibaud, Rusmidar. 2004. Parlons Minangkabau. Paris:
L’Harmattan..
Roesli, Oleh.
Bhratara.

1967. Bahasa Minangkabau. Jakarta:

.pdf
reibaud_minangkabau2004
_o.pdf
roesli_minangkabaul967v2
o.pdf

Southern Jinghpaw (Kachin)

Kurabe, Keita. 2012. Jingpho Dialogue Texts with Gram-
matical Notes.
Kurabe, Keita. 2017. Jinghpaw.

Qingxia, Dai and Diehl, Lon. 2003. Jinghpo.

kurabe_jingpho-
dialogue2012.pdf
kurabe_jinghpaw2017
_o.pdf

Qingxia-
diehl_jingpho2003_o.pdf

Kalamang Visser, Eline. 2016. A grammar sketch of Kalamang, with a  visser_kalamang2016_o.pdf
focus on phonetics and phonology.
Galis, Klaas Wilhelm. 1955. Talen en dialecten van Neder- Not loaded. No feature
lands Nieuw-Guinea. identifies a page number
from this source.
Natugu Nzss, Ashild and Boerger, Brenda H. 2008. Reefs- naess-boerger_rsc-

Santa Cruz as Oceanic: Evidence from the Verb Complex.
Oceanic Linguistics 47.

Ross, Malcolm D. 2007. Two Kinds of Locative Construc-
tion in Oceanic Languages: A Robust Distinction. In Siegel,
Jeff and Lynch, John and Eades, Diana (eds.), Language De-
scription, History and Development: Linguistic Indulgence
in Memory of Terry Crowley,

Wurm, Stephen A. 1969. The Linguistics Situation in the
Reef and Santa Cruz Islands. In Papers in Linguistics of
Melanesia No. 2, 47-105. Canberra: Research School of
Pacific and Asian Studies, Australian National University
Wurm, Stephen A. 1971. The Papuan linguistic situation. In
Sebeok, Thomas A. (ed.), Linguistics in Oceanea, 541-657.
Berlin: Mouton de Gruyter.

Wurm, Stephen A. 1972. Notes on Indication of Possession
with Nouns in Reef and Santa Cruz Islands Languages. In
Papers in Linguistics of Melanesia 3, 85-113. Canberra:
Research School of Pacific and Asian Studies, Australian
National University.

Wurm, Stephen A. 1976. The Reef Islands-Santa Cruz
Family. In Wurm, Stephen A. (ed.), New Guinea Area
Languages and Language Study Vol 2: Austronesian Lan-
guages, 637-674. Canberra: Research School of Pacific and
Asian Studies, Australian National University.

Wurm, Stephen. (1978) Reef-Santa Cruz: Austronesian, but
... 1. In Stephen Wurm and Lois Carrington (eds.), Proceed-
ings of the 2nd International Conference on Austronesian
Linguistics: Fascicle 2 (Pacific Linguistics: Series C 61),
969-1010. Canberra: Research School of Pacific and Asian
Studies, Australian National University.

van den Berg, Rene and Boerger, Brenda H. 2011. A Proto-
Oceanic Passive? Evidence from Bola and Natiigu. Oceanic
Linguistics 50. 221-246

verb2008.pdf

Not loaded. Couldn’t find
free version

wurm_reef-santa-
cruz1969.pdf

sebeok_oceanial971_o.pdf

wurm_reef-santa-
cruz1972v2_o.pdf

wurm_reef-santa-
cruz1976_o.pdf

Not loaded. PDF scan had
2 text pages per scanned

page.

vandenberg_bola-
natugu2011.pdf

Table 11: Grammar books for each language.
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C Prompt Format

Each feature to be predicted is formatted into a prompt for GPT-4. In the following sections, we show the
format of the prompt by example.
Prompt Template

You are an expert linguist with extensive knowledge about many languages. Answer the following
question about the language {language_name}. You are also provided with additional information
about the question and you are given a procedure that indicates allowable answers for the question.
You MUST provide an answer following the procedure. If you do not know the answer, answer
’IDK’. Output the answer in JSON format with the following key-value pairs: ’code’: code,
’comment’: other_data. Please format the response as valid JSON that I can parse.

{question}

Here is a summary about the question:

{summary }

{context}

Here is the procedure to follow and the allowable responses:
{procedure }
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Example Using GB020-lush1249

Are there definite or specific articles?

Here is a summary about the question:

An article is a marker that accompanies the noun and expresses notions such as (non-)specificity
and (in)definiteness. Sometimes these notions of specificity and definiteness are summed up in the
term ’identifiability’. The formal expression is irrelevant; articles can be free, bound, or marked by
suprasegmental markers such as tone.

Articles are different from demonstratives in that demonstratives occur in a paradigm of markers
that have a clear spatial deictic function. As demonstratives can grammaticalize into definite or
specific articles, they form a natural continuum, making it hard to define discrete categories, but to
qualify as an article a marker should be used in some cases to express definiteness without also
expressing a spatial deictic meaning.

To help answer the question, here is relevant data retrieved from a grammar book

GRAMMAR BOOK EXCERPTS RETRIEVED FROM DATABASE

Here is the procedure to follow and the allowable responses:

1. Code 1 if there is a morpheme that can mark definiteness or specificity without also conveying a
spatial deictic meaning.

2. Code 0 if the source does not mention a definite article and you cannot find one in examples or
texts in an otherwise comprehensive grammar.

3. Code ? if the grammar does not contain enough analysis to determine whether there is a definite
article or not.

4. If you have coded 1 for GB020 and 0 for GB021 and GB022, please write a comment explaining
the position of the definite or specific article.
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