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Introduction

Language structure modeling has long been a crucial subfield of natural language processing (NLP) that
entails understanding the underlying semantic or syntactic structure of language and texts. Language
structures can broadly range from low-level morphological/syntactic types (e.g., dependency structures
and phrasal constituent structures) to high-level discourse/semantic structures (e.g., semantic parsing,
semantic role labeling, abstract meaning representation), and can even extend to more NLP applications,
multi-lingual and multi-modal scenarios in a broader sense, such as information extraction and structu-
red sentiment analysis, etc. In previous days, modeling, inferring, and learning about linguistic structures
constituted an indispensable component in many NLP systems and were the key focus of a large propor-
tion of NLP research. The methodologies and paradigms concerning language structure modeling have
always changed dramatically since each deep learning revolution started around a decade ago. In the
last two to three years, Large Language Models (LLMs) have emerged, demonstrating unprecedented
language understanding and generalization capabilities in effectively addressing a wide range of tasks.
This raises a critical question: Is NLP structure modeling still worth exploring in the LLM era? Do the
methods and tasks before LLMs still hold value?

On the one hand, we wonder whether previous NLP structure modeling tasks, such as those concerning
morphological/syntactic/semantic/discourse structures and high-level structure-aware applications, can
achieve even stronger task performance with the powerful capabilities of LLMs. On the other hand, we
are also considering whether it is still necessary to model the underlying structures of language, given
that large-scale pretraining on the surface form alone can endow LLMs with extraordinarily powerful
language capabilities. In particular, can language structure modeling be beneficial for improving or un-
derstanding LL.Ms? Thus, this 1st Joint Workshop on Large Language Models and Structure Modeling
(XLLM 2025) at ACL 2025 aims to encourage discussions and highlight methods for language struc-
ture modeling in the era of LLMs. We will explore two main directions: LLM for Structure Modeling
(LLM4X) and Structure Modeling for LLM (X4LLM).

In the interest of having a broad conversation, inclusive of different disciplinary norms, we invited sub-
missions of different kinds. Authors were able to choose between: (1) archival papers which will be
published in the XLLM proceedings as well as presented during the workshop, and (2) non-archival pa-
pers which are not published in the proceedings but are given a presentation slot during the workshop.
Archival papers may be long (up to 9 pages) or short (up to 5 pages), and went through mutually anony-
mous peer review by our program committee members or were already reviewed through ACL Rolling
Review (ARR). Non-archival papers include extended abstracts which were also subjected to mutually
anonymous peer review by our program committee. In addition to paper contributions, we are organizing
open challenges on structure-related NLP tasks, including:

- Task-1: Dialogue-Level Dependency Parsing (DiaDP)

- Task-1I: Speech Event Extraction (SpeechEE)

- Task-IIT: LLM for Structural Reasoning (LLM-SR)

- Task-IV: Document-level Information Extraction (DoclE)

For top-5 teams, we invite them to write technical papers that are also included into XLLM proceedings,
where the champion team will give oral presentation.

After the hard process of reviewing all submissions, the program committee chose i) 21 archival regular
papers, including 6 oral and 25 poster presentations, ii) 11 archival challenge papers, including 4 oral
and 7 poster presentations, and iii) 12 non-archival papers. Among all the submissions, we received 4
submissions through ARR. The program committee is excited about the quality of the accepted papers
and expects lively discussion and exchange at the conference. For all the winning participants of our
open challenges, we issued certificates for their performance, and for parts of the tasks, we also awarded
cash prizes.
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The XLLM workshop invited 4 keynote speakers: Kyunghyun Cho, Elsa Olivetti, Marinka Zitnik, Huan
Sun, and Lei Li. Additionally, a poster session, invited oral talks, and a panel discussion on future re-
search directions will be held.

As a final note, we would like to thank the authors, invited speakers, committee members, and our scienti-
fic advisory board for helping make this workshop happen. We also wish to express our sincere gratitude
to ACL for hosting our conference and for arranging the logistics and infrastructure that allow us to hold

XLLM 2024 as a hybrid conference. Welcome to XLLM 2024, welcome to Vienna, Austria!

- Organizing Committee of XLLM
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Fine-Tuning Large Language Models for Relation Extraction within a
Retrieval-Augmented Generation Framework

Sefika Efeoglu’

Abstract

Information Extraction (IE) plays a pivotal role
in transforming unstructured data into struc-
tured formats, such as Knowledge Graphs. One
of the main tasks within IE is Relation Ex-
traction (RE), which identifies relations be-
tween entities in text data. This process en-
riches the semantic understanding of docu-
ments, enabling more precise information re-
trieval and query answering. Recent works
leveraging pre-trained language models have
demonstrated significant performance improve-
ments in RE. In the current era of Large Lan-
guage Models (LLMs), fine-tuning these LLMs
can mitigate the limitations of zero-shot RE
methods, particularly in overcoming the do-
main adaptation challenges inherent in RE.
This work explores not only the effective-
ness of fine-tuned LLMs but also their inte-
gration into a Retrieval-Augmented Generation
(RAG)-based RE approach to address domain
adaptation challenges when general-purpose
LLMs serve as generators within the RAG
framework. Empirical evaluations on the TA-
CRED, TACRED-Revisited (TACREV), and
Re-TACRED datasets reveal substantial perfor-
mance improvements with fine-tuned LLMs,
such as Llama2-7B, Mistral-7B, and Flan-T5
Large and surpass previous methods on these
datasets.

1 Introduction

Information Extraction (IE) converts unstructured
data into structured formats, such as Knowledge
Graphs (KGs). A key IE task is Relation Extrac-
tion (RE), which identifies relationships between
entities in text at sentence (See Figure 1) or doc-
ument levels (Grishman, 2015). RE methods in-
clude supervised, unsupervised, and rule-based ap-
proaches (Aydar et al., 2020; Pawar et al., 2017).
Supervised RE methods generally yield strong per-
formance but require extensive labeled data. How-
ever, recent studies show that RE methods using

Adrian Paschke!?
'Freie Universitaet Berlin, TakustraBe 9, 14195 Berlin
’Data Analytic Center (DANA), Fraunhofer Institute FOKUS, Berlin, Germany
sefika.efeoglu@fu-berlin.de, adrian.paschke@fu-berlin.de
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pre-trained language models (PLMs) can surpass
traditional supervised approaches (Zhou and Chen,
2022; Li et al., 2022; Wang et al., 2022). In the
era of Large Language Models (LLMs), Retrieval-
Augmented Generation (RAG) (Gao et al., 2023;
Lewis et al., 2020) using zero-shot prompting set-
tings, in-context learning (Pan et al., 2024), or
simple vanilla prompting (Kai Zhang, 2023), have
been utilized for RE without the need for additional
model training.

head tail
(subject) (object)
Ttalian Red Cross worker Eugenio Vagni was freed in the restive southern Philippine province of Bllll early Sunday,
almost three months after he and his two colleagues were abducted by local militants, the military said.

relation,
tail

Figure 1: Representation of a
per:cities_of_residence, between head and
entities in a sentence from the TACRED dataset.

The RAG-based prompting approach performs
well when entity relations are easily derived
from sentence tokens but struggles when relation
types are not introduced into LLMs (Efeoglu and
Paschke, 2024). General-purpose LLMs, like Mis-
tral (Jiang et al., 2023), Llama2 (Touvron et al.,
2023), and Flan-T5 (Chung et al., 2022), also
show shortcomings in RE tasks due to insufficient
domain-specific relation knowledge (Efeoglu and
Paschke, 2024; Kai Zhang, 2023; Xiong et al.,
2023). Incorporating these relation types into
LLMs could enhance RE through zero-shot prompt-
ing (Efeoglu and Paschke, 2024). To tackle this is-
sue, we fine-tune language models on small sets of
RE prompt datasets to enhance their ability to iden-
tify relations between entities at the sentence level.
To evaluate the performance of fine-tuned LLMs,
we conduct experiments using Llama2-7B ! (Tou-
vron et al., 2023), Mistral-7B-Instruct-v0.2 2 (Jiang

'https://huggingface.co/meta-llama/Llama-2-7b-chat-hf,
accessed on 14.05.2025

Zhttps://huggingface.co/mistralai/Mistral-7B-Instruct-
v0.2, accessed on 14.05.2025

Proceedings of the 1st Joint Workshop on Large Language Models and Structure Modeling (XLLM 2025), pages 1-7
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et al., 2023), and Flan TS5 Large (Chung et al.,
2022) across three RE benchmark datasets: TA-
CRED (Zhang et al., 2017), TACRED-Revisited
(TACREV)(Alt et al., 2020) and Re-TACRED (Sto-
ica et al., 2021). In this work, fine-tuning is used
to overcome the limitations of zero-shot LLM
prompting settings, such as RAG4RE (Efeoglu and
Paschke, 2024), in identifying relations between
entities across TACRED and its variants. The con-
tributions of our approach are as follows:

* Fine-tuning greatly improved LLM perfor-
mance, with Flan-T5 Large outperforming
larger models like Mistral-7B-Instruct-v0.2
and Llama2-7B on TACRED and its variants.

* Our fine-tuned LLMs, evaluated within
RAG4RE, showed strong results on these
datasets.

e This study is the first to fine-tune LL.Ms for
the RE task and to systematically compare
smaller and larger models like Mistral-7B-
Instruct-v0.2 and Llama2-7B by parameter
count.

The rest of this paper first summarizes RE ap-
proaches using the language models in Section 2
and then introduces our proposed approach 3 in Sec-
tion 3. Afterwards, the experimental setup and
results are presented in Section 4 and discussed
in Section 5. Lastly, all concluding remarks and
future works are summarized in Section 6.

2 Related Works

Relation Extraction (RE), as a core task of Infor-
mation Extraction (IE), plays a significant role in
natural language processing. RE aims to identify
or classify the relations between (head and tail) en-
tities in a given text. In this work, we primarily
focus on sentence-level RE approaches.

RE can be achieved through various meth-
ods: supervised, unsupervised, distant supervi-
sion, weak supervision, and rule-based (Pawar
et al., 2017). Supervised methods require costly,
annotated data (Pawar et al., 2017); distant su-
pervision reduces data needs but risks noise (Ay-
dar et al., 2020); weak supervision may lead to
semantic drift (Agichtein and Gravano, 2000);
and rule-based methods are limited by predefined

3The source code: https://github.com/sefeoglu/
fine-tuned-1lm-relation-extraction

rules (Pawar et al., 2017). In addition to the fun-
damental approaches, leading RE methods with
fine-tuned LLMs include Cohen et al.’s span pre-
diction for broader entity relations (Cohen et al.,
2020), DeepStruct’s structural enhancements, Zhou
et al.’s entity-aware self-attention (Zhou and Chen,
2022), and Li et al.’s label graph for top-K pre-
diction analysis (Li et al., 2022). Furthermore,
Zhang et al. (Kai Zhang, 2023) used multiple-
choice prompts, improving RE predictions with
added context, though it does not surpass prior
rule-based methods. Chen et al. (Chen et al., 2024)
introduced context-aware prompt tuning, while
RAGH4RE (Efeoglu and Paschke, 2024) utilized
retrieval-augmented prompting, all tested on TA-
CRED and similar benchmarks.

In this work, we aim to fine-tune LLMs on RE
prompt datasets to improve domain adaptation and
evaluate their performance on benchmark datasets.

3 Methodology

This work addresses the challenge of sentence-
level RE using general-purpose LLMs with zero-
shot prompting. General-purpose LLMs struggle
with domain-specific relation types, so we fine-tune
them on a small RE prompt dataset to improve their
ability to identify entity relations. We detail the
fine-tuning process in Section 3.1 and describe the
integration of fine-tuned LLMs into the RAG4RE
approach in Section 3.2.

3.1 Fine-tuning Models on Prompt Datasets

We fine-tune both encoder-decoder models (such as
Flan-T5) and decoder-only models, e.g., Llama2-
7B and Mistral-7B, on RE prompt datasets using
the Supervised Fine-Tuning Trainer (SFT) *. This
fine-tuning process facilitates domain adaptation
for general-purpose LLMs. The SFT approach,
which requires labeled training data, is straight-
forward to implement and train. Additionally, we
utilize the Low-Rank Adaptation for quantized lan-
guage models (QLoRA) method (Dettmers et al.,
2023) to fine-tune LLMs. QLoRA optimizes model
parameters for text generation while minimizing
memory usage on GPUs, which is crucial in sce-
narios with limited GPU memory.

3.1.1 Prompt Dataset Generation.

The RE prompt dataset is constructed following the
template outlined in a previous study by (Efeoglu

*SFT:
trainer

https://huggingface.co/docs/trl/sft_


https://github.com/sefeoglu/fine-tuned-llm-relation-extraction
https://github.com/sefeoglu/fine-tuned-llm-relation-extraction
https://huggingface.co/docs/trl/sft_trainer
https://huggingface.co/docs/trl/sft_trainer

K Supervised Fine-tuning Trainer (SFT) \
Quantized
X Weights (W)
(Quantized
7 Model)
train >
o : ®
Dataset 3 D H
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Figure 2: Fine-tuning a pre-trained model on a prompt

dataset alongside the QLoRA adapter and SFT.
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Figure 3: RAG with fine-tuned Large Language Models.

and Paschke, 2024). This dataset originates from
a supervised dataset within a single domain and
utilizes a specialized template for fine-tuning, as
illustrated in Figure 4.

Prompt Template

Problem Definition:

Relation extraction is to identify

the relationship between two entities in a sentence.

" Question:

: What is the relation type between tail and head entities

" according to given relationships below in the following sentence?
" Query Sentence: {sentence}

H Head: {head}

! Tail: {tail }

| Relation types: {relation_list}
| output format: relation_type

aAalddddaddddda s e

-
X

L e T TR g

Figure 4: A prompt template for fine-tuning a Large
Language Model.

3.1.2 Parameter Efficient Fine-Tuning.

We utilize QLoRA, a parameter-efficient fine-
tuning method that begins by applying quantiza-
tion to a pre-trained language model. This tech-
nique reduces the model’s high-precision floating-
point representation to a lower precision, thus de-
creasing memory usage. In particular, we use the
“4-bit NormalFloat (NF4)” format, which is opti-

mized for normally distributed data and has been
shown to outperform traditional 4-bit integers and
floats (Dettmers et al., 2023). Following quanti-
zation, LoRA is applied to specific model mod-
ules. Fine-tuning is subsequently conducted using
the SFT on a single-domain, task-specific prompt
dataset. The entire process is illustrated in Figure 2.

3.2 Retrieval-Augmented Generation with
Fine-Tuned Models

The Retrieval-Augmented Generation-based Rela-
tion Extraction (RAG4RE) approach, introduced
by (Efeoglu and Paschke, 2024), comprises three
modules: i.) Retrieval, ii.) Data Augmenta-
tion, and iii.) Generation. In our implementa-
tion, we integrate fine-tuned LLMs, trained on RE
prompt datasets, into the generation module of the
RAGH4RE approach (Efeoglu and Paschke, 2024) to
address the task of identifying relations between en-
tities in sentences, as illustrated in Figure 3. Specif-
ically, the LLM used in the generation module of
RAGH4RE is replaced with our fine-tuned LLMs,
while all other components of RAG4RE remain
unchanged.

4 Evaluation

We evaluate our approach using three benchmark
datasets and language models. In Section 4.1, we
detail the datasets, metrics, and experimental set-
tings, including the fine-tuning of language models
and the use of Retrieval-Augmented Generation
with these fine-tuned models. Then, we present
and analyze the experimental results, comparing
them with those of previous high-performing RE
methods in Section 4.2.

4.1 Experimental Setup

Through this section, we initially introduce the
datasets utilized for evaluation, followed by a de-
tailed settings used on the fine-tuning and the
RAGH4RE framework (Efeoglu and Paschke, 2024)
leveraging our fine-tuned language model within
its generation module.

Datasets. We utilize three RE benchmark datasets:
TACRED (Zhang et al., 2017), TACREV (Altet al.,
2020), and Re-TACRED (Stoica et al., 2021) as
detailed in Table 1. The prompt datasets are gener-
ated from the validation partitions of the benchmark
datasets. The training datasets are utilized in the
Embedding Database (DB) of RAG4RE (Efeoglu
and Paschke, 2024), while the test splits are used



for evaluation. We ensure a strict separation be-
tween the training and test splits across all bench-
mark datasets.

Table 1: The table gives the number of sentences in the
test, train, and prompt datasets, as well as the number
of relations per benchmark dataset.

Split \ TACRED TACREV Re-TACRED
Train 68124 68124 58465
Test 15509 15509 13418
Validation 22631 22631 19584
Prompt Dataset (Generated from 22631 22631 19584
Validation)

# of Relations 42 42 40

4.1.1 Metrics

The benchmark datasets used—TACRED and its
variants—are imbalanced, with a high proportion
of “no_relation” labels (Alt et al., 2020; Stoica
et al., 2021), necessitating the use of micro metrics.
For instance, in the TACRED test split, 12,184 out
of 15,509 relations are labeled as “no_relation”.
We evaluate our experiments using the micro
F1-score, precision, and recall across all three
benchmark datasets.

4.1.2 Settings for Models

We employed the fine-tuning approach from Sec-
tion 3.1, using a single GPU with 48 GB of mem-
ory and the parameters detailed below. Building on
prior studies in RE with language models (Efeoglu
and Paschke, 2024; Kai Zhang, 2023), we utilized
the following LLMs:

— Flan TS5 Large: An encoder-decoder
model (Chung et al., 2022; Pan et al., 2024)
with 770M parameters. LoRA parameters:
alpha=32, dropout=0.01, r=4. Hyperparam-
eters: learning rate=5e-5, batch size=8, one
epoch.

— Mistral-7B (Jiang et al., 2023; Pan et al., 2024)
and Llama2-7B (Pan et al., 2024; Touvron
et al., 2023): Decoder-only models with 7B
parameters, used in (Efeoglu and Paschke,
2024). We used Mistral-7B-Instruct-v0.2 7.
LoRA parameters: alpha=16, dropout=0.1,
r=64. Hyperparameters: learning rate=2e-4,
batch size=4, one epoch, weight decay=0.001.

Shttps://huggingface.co/mistralai/Mistral-7B-Instruct-
v0.2

4.1.3 Settings for RAG4RE

Due to limited GPU resources, we were unable to
fine-tune the Flan-T5 XL model used in the origi-
nal RAG4RE (Efeoglu and Paschke, 2024). There-
fore, all experimental settings are replicated from
RAGH4RE with Flan-T5 Large. We strictly adhere
to the experimental setups established in RAG4RE
for our study.

4.2 Results

We evaluated language models fine-tuned on
prompt datasets detailed at Table 1 in Section 4.1.
Furthermore, we integrated these fine-tuned lan-
guage models into the RAG4RE (Efeoglu and
Paschke, 2024). It is worth noting that due to
constraints in GPU resources, we opted to utilize
Flan-T5 Large instead of Flan-T5 XL or XXL for
fine-tuning. Hence, we chose Flan-T5 Large and
meticulously replicated the RAG4RE experiments
within the confines of our work. In this section, we
first introduce the results of our fine-tuned models
and then the results of RAG4RE approach using
our fine-tuned models.

With regard to evaluation of fine-tuned LLMs
alongside LoRA on four different datasets, fine-
tuned Mistral-7B models accomplish outstanding
performance at Table 2. Notably, these fine-tuned
Mistral-7B models achieve remarkable F1 scores
of 89.64%, 94.61%, and 90.09% on TACRED,
TACREYV, and Re-TACRED, respectively (see Ta-
ble 2). The Llama2-7B models fine-tuned on TA-
CRED and TACREYV follow the fine-tuned Mistral-
7B models with micro-F1 scores of 88.20% and
93.75%. Unfortunately, the fine-tuned Llama2-7B
models could not exhibit the same performance on
Re-TACRED at Table 2. The fine-tuned Flan-T5
Large model takes second place with a F1 score
of 86.94% on Re-TACRED dataset (see Table 2).
Moreover, fine-tuning LLMs outperformed sim-
ple query prompting and the previously introduced
RAG4RE method (Efeoglu and Paschke, 2024).
Additionally, we integrated these fine-tuned LLMs
into the RAG4RE approach (Efeoglu and Paschke,
2024) in order to explore their potential in address-
ing the limitations of general-purpose LLMs.

Remarkably, the integration of fine-tuned mod-
els into RAG4RE yielded significant improve-
ments across all three datasets, including TA-
CRED, TACREYV and Re-TACRED, particularly
when leveraging Flan-T5 Large at Table 2. While
we observed enhancements in RAG4RE’s perfor-



Table 2: Experimental results on three benchmark datasets using different large language models (LLMs) and

methods.
\ TACRED \ TACREV \ Re-TACRED
LLM Method | P(%) R(%) FlL(%) | P(%) R(% F1(%) | P(%) R(% F1(%)
T5 Large Simple Query 95.10 03.18 06.16 96.72 06.90 12.89 90.91 00.26 00.51
RAG4RE 85.99 34.50 49.20 91.28 08.20 15.04 80.77 00.27 00.53
Fine-tuning (QLoRA) 86.74 86.76 86.74 89.93 90.13 90.03 86.27 87.62 86.94
RAGA4RE + Fine-tuning 89.93 94.17 92.00 95.02 93.66 94.34 92.31 93.73 93.01
LLaMA2-7B Simple Query (Efeoglu and Paschke, 2024) 84.97 01.21 02.38 74.64 00.44 00.87 80.20 00.94 01.86
RAG4RE (Efeoglu and Paschke, 2024) 81.23 55.01 65.59 84.89 54.57 66.43 55.93 03.46 06.52
Fine-tuning (QLoRA) 88.07 88.34 88.20 90.07 97.73 93.75 87.54 44.58 59.08
RAGA4RE + Fine-tuning 80.29 89.18 84.50 84.10 97.26 90.22 83.53 68.16 75.07
Mistral-7B Simple Query (Efeoglu and Paschke, 2024) 94.67 11.96 21.23 92.34 05.15 09.75 64.64 05.48 10.11
RAGH4RE (Efeoglu and Paschke, 2024) 87.81 30.10 44.83 93.23 22.59 36.36 60.19 30.08 40.11
Fine-tuning (QLORA) 94.73 85.06 89.64 95.79 93.48 94.61 92.40 87.83 90.09
RAGH4RE + Fine-tuning 86.57 82.88 84.68 | 97.58 79.33 87.50 | 90.86 85.95 88.33

mance, as detailed in (Efeoglu and Paschke, 2024),
with the integration of fine-tuned Llama-7B on Re-
TACRED, it is noteworthy that this improvement
was not observed on TACRED and TACREV. Re-
grettably, the results indicate that the use of Mistral-
7B as the fined-tuned LLM did not yield improve-
ments in the results of RE. The reason why the
performance of the RAG4RE approach could not
be improved when fine-tuned decoder-only models
are used as a generator in its architecture (see Fig-
ure 3) might be related to catastrophic forgetting.
Previous work fine-tuning language models on a
single task is also dealing with the same forgetting
problem (Feng et al., 2024).

As a result, the fine-tuned Flan-T5 Large mod-
els consistently achieved the highest F1 scores
among all the experiments conducted in this work,
particularly when integrated into the RAG4RE
framework proposed in (Efeoglu and Paschke,
2024). However, fine-tuned Mistral is slightly
better than RAG4RE using fine-tuned Flan-T5
Large on TACREV. In addition to the findings of
the experiments using Flan-T5 Large, both fine-
tuning language models on the dataset and integrat-
ing these fine-tuned models into RAG4RE outper-
formed zero-shot prompting approaches, such as
simple queries and RAG4RE (Efeoglu and Paschke,
2024) (see Table 2).

5 Discussion

Our findings demonstrate significant improvements
over the original RAG4RE (Efeoglu and Paschke,
2024) results on the TACRED, TACREY, and Re-
TACRED datasets, as shown in Table 3, when fine-
tuned Flan-T5 Large models are integrated into the
RAG4RE approach. Fine-tuning language models,
particularly in the context of domain adaptation, led
to substantial performance enhancements for both
general-purpose LLMs and RAG4RE (Efeoglu and

Paschke, 2024) (see Table 3). The F1 scores of
RAG4RE combined with fine-tuned LLMs sur-
passed those of previous approaches across all
three datasets, as illustrated in Table 3. Similarly,
the F1 scores of the fine-tuned LLMs exceeded
those of prior approaches that employed both zero-
shot prompting and pre-trained language models
(PLMs) (see Table 3). The best-performing re-
sults in our experiments, reported in Table 3, sur-
passed those of approaches using both zero-shot
prompting and PLMs on the TACRED, TACREY,
and Re-TACRED datasets, achieving F1 scores
of 92.00%, 94.61%, and 93.01%, respectively.
Furthermore, our RAG4RE+Fine-tuning approach
also outperformed the original RAG4RE utilizing
general-purpose LLMs. Therefore, our fine-tuned
LLMs achieved outstanding results on the TA-
CRED, TACREY, and Re-TACRED datasets when
integrated into the RAG4RE framework (Efeoglu
and Paschke, 2024).

6 Conclusion

We address domain adaptation challenges in zero-
shot relation extraction (RE) with general-purpose
LLMs by fine-tuning Flan-T5 Large, Mistral-
7B-Instruct-v0.2, and Llama2-7B on TACRED,
TACREYV, and Re-TACRED datasets. Our fine-
tuned models outperformed previous methods, in-
cluding RAG4RE (Efeoglu and Paschke, 2024).
Integrating these fine-tuned LLMs into RAG4RE
significantly enhanced its performance, especially
with Flan-T5 Large. However, Llama2-7B and
Mistral-7B showed inconsistent F1 scores, likely
due to single-task fine-tuning issues. Future work
will explore multi-task fine-tuning for RE and
entity recognition to mitigate catastrophic forget-
ting (Feng et al., 2024; Liu et al., 2023; Yang et al.,
2024).



Table 3: A comparison of our best-performing results with those of prior works in terms of F1-score.

Method Type Method TACRED TACREV  Re-TACRED
DeepStruct (Wang et al., 2022) 76.8% -
EXOBRAIN (Zhou and Chen, 2022) 75.0% - 91.4%
PLM-based KLG (Li et al., 2022) - 84.1% -
SP (Cohen et al., 2020) 74.8% -
GAP (Chen et al., 2024) 72.7% 82.7% 91.4%
LLMQA4RE (Kai Zhang, 2023) 52.2% 53.4% 66.5%
Zero-Shot prompting  RationaleCL (Xiong et al., 2023) 80.8% - -
RAGH4RE (Efeoglu and Paschke, 2024) 86.6% 88.3% 73.3%
RAG4RE+Fine-tuning (Ours) 92.00% 94.34% 93.01%
Fine-tuning (Ours) 89.64% 94.61% 90.09%

Limitations

This approach requires an embedding database
within the data augmentation module of the RAG
and retrieves the most similar sentence for use in
the RAG module. The most similar sentence with
the sentence in the query might have low similar-
ity score. The pre-trained language models may
already be familiar with these datasets, as noted
in (Efeoglu and Paschke, 2024), since they might
be trained on these benchmark datasets.
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Abstract

This paper compares two approaches for table
extraction from images: deep learning com-
puter vision and Multimodal Large Language
Models (MLLMs). Computer vision models
for table extraction, such as the Table Trans-
former model (TATR), have enhanced the ex-
traction of complex table structural layouts
by leveraging deep learning for precise struc-
tural recognition combined with traditional Op-
tical Character Recognition (OCR). Conversely,
MLLMs, which process both text and image
inputs, present a novel approach by potentially
bypassing the limitations of TATR plus OCR
methods altogether. Models such as GPT-4o,
Phi-3 Vision, and Granite Vision 3.2 demon-
strate the potential of MLLMs to analyze and
interpret table images directly, offering en-
hanced accuracy and robust extraction capabil-
ities. A state-of-the-art metric like Grid Table
Similarity (GriTS) evaluated these methodolo-
gies, providing nuanced insights into structural
and text content effectiveness. Ultilizing the
PubTables-1M dataset, a comprehensive and
widely used benchmark in the field, this study
highlights the strengths and limitations of each
approach, setting the stage for future innova-
tions in table extraction technologies. Results
show that deep learning computer vision tech-
niques still have a slight edge when extracting
table structural layout, but in terms of text cell
content, MLLMs are far better.

1 Introduction

With the increasing volume of digital documents,
such as records, manuals, and scientific papers,
processing and transforming them into representa-
tions that allow proper extraction of information
has become highly challenging (Staar et al., 2018).
Many of these documents contain tables, as they
help represent data in an organized, readable, and
straightforward manner. However, automatically
identifying and extracting structural layout and con-
tent information becomes more complex, which
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can be crucial in scientific and business applica-
tions (Chen et al., 2023; Burdick et al., 2020).

This work explores and compares two strate-
gies for extracting tables contained in images in a
structured manner: (a) a deep learning computer vi-
sion model, Table Transformer (TATR), combined
with Optical Character Recognition (OCR) and
(b) the novel Multimodal Large Language Mod-
els (MLLMs). These approaches were evaluated
using metrics that capture how well they extract the
tables’ structural and text content.

The remainder of this paper is structured as fol-
lows. Section 2 provides an overview of existing
and related work. Section 3 outlines the followed
methodology and experiment details and Section 4
discusses the obtained results. Finally, conclusions
and limitations are drawn in Sections 5 and 6.

2 Related Work

This section reviews key literature on Optical Char-
acter Recognition (OCR) and table extraction, and
LLMs.

2.1 Table Extraction & OCR

OCR is fundamental in extracting text from tables
within images (Li et al., 2024). Traditional OCR
methods, including Tesseract (Smith, 2007) and
Paddle-OCR (Du et al., 2020), follow a two-step
process of text detection and recognition but often
struggle with extracting complex table structural
layouts due to diverse fonts and layouts (Ranjan
et al., 2021; Zhong et al., 2020).

Recent developments in OCR technology have
introduced bounding box detection, significantly
improving word localization and integration with
table structure recognition (Smock et al., 2023).
Models such as TableNet (Paliwal et al., 2019),
which utilize features for segmenting table regions,
and Microsoft’s TATR Transformer-based models
(Smock et al., 2021), which perform end-to-end
table detection and structural layouts recognition,
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have shown promising results. Challenges like
OCR errors, computational costs, and handling in-
tricate structures like merged cells remain despite
advancements.

2.2 Multimodal LLMs for Table Extraction

Multimodal LLMs can accomplish a wide range
of tabular tasks (Zheng et al., 2024). These mod-
els can bypass OCR for table extraction, providing
more efficient and accurate table extraction (Sui
et al., 2024). Models such as LLaVA (Liu et al.,
2023) and GPT-40 (Yenduri et al., 2023) can in-
corporate image and text processing, leveraging
their capabilities for improved table recognition.
Current research investigates representations and
prompting strategies like chain-of-thought to evalu-
ate the table’s structural understanding capabilities
of LLMs (Deng et al., 2024; Sui et al., 2024).

GPT-4 Omni (GPT-40) (Yenduri et al., 2023)
was launched in May of 2024 by OpenAl. It in-
troduced several significant innovations as a foun-
dation model, dwarfing the other models. It has
a massive number of parameters — estimated to
be well over 1 trillion - compared to GPT-3, at
175 billion parameters, and GPT-1, at an estimated
117 million parameters (Shahriar et al., 2024). It
can process text, audio, and images at considerable
speeds, which grants it remarkable multimodal ca-
pabilities. It was pre-trained using data up to Octo-
ber 2023, including data from public datasets and
private partnerships.

Table LLaVA (Zheng et al., 2024; Liu et al.,
2023) is a LLaVA model fine-tuned on the MMTab
(Zheng et al., 2024) dataset. This enables it to
do table-based question answering and data in-
terpretation tasks. Regarding its limitations, Ta-
ble LLaVA focuses mainly on single tables in En-
glish, and the resolution of input images is rel-
atively low. MiniCPM-V (Yao et al., 2024) has
strong image capabilities, supporting up to 1.8M
pixels (high-resolution image perception) and ro-
bust OCR. It has multilingual support, covering
over 30 languages. Phi-3-Vision (Microsoft, 2024)
was trained on a diverse multimodal instruction tun-
ing dataset encompassing 500 billion tokens. The
Phi was trained primarily on English text. Lan-
guages other than English will experience worse
performance. The resolution of input images is
relatively low, similar to Table LLaVa. In multi-
ple vision-language benchmarks, it surpasses pre-
vious models. In most benchmarks, Granite Vi-
sion 3.2 (GraniteVision, 2025) outperforms Phi-

3-Vision. This model was trained on a curated
dataset comprising approximately 13 million im-
ages and 80 million instructions from public and
synthetic datasets. Granite Vision 3.2 is a stream-
lined and effective vision-language model tailored
for comprehending visual documents. It facilitates
the automated extraction of information from ta-
bles, charts, infographics, plots, and diagrams. The
resolution of input images is medium, greater than
Table LLaVa and Phi-3Vision.

Challenges persist, including accurately inter-
preting visual data, understanding complex table
formats, and designing practical input and prompt-
ing strategies (Sui et al., 2024). Models must effi-
ciently handle table serialization and adapt to var-
ious representation formats, ensuring accurate ex-
traction and reasoning.

2.3 Datasets

Several datasets with images of tables exist, includ-
ing SciTSR (Chi et al., 2019), TableBank (Li et al.,
2019), and PubTabNet (Zhong et al., 2020). With
nearly one million tables, PubTables-1M (Smock
et al., 2021) stands out due to its extensive scale
and detailed annotations, making it the most re-
cent and complete dataset. PubTables-1M’s rich
annotations, including spatial coordinates and OCR
ground truth, enable models to learn how to recog-
nize tables’ structural and textual aspects. In the
present study, the data used in the experiments is a
subset of the PubTables-1M dataset (Smock et al.,
2021).

3 Methodology

This section first explains the methodology used to
retrieve table outputs from large language models.
Then, in the second subsection, the evaluation met-
rics used are briefly detailed. Finally, in the third
subsection, the specific details of the experiment’s
execution are provided.

3.1 Prompting LLMs for Tables

Evaluating the TATR model on the PubTables-1M
dataset is straightforward, as the ground truth and
the model’s output prediction are essentially in the
same format. In contrast, submitting tables to a
large language model expecting structured output
introduces additional challenges, such as ensuring
proper formatting and dealing with potential re-
sponse inconsistencies due to LLMs’ generative
nature.



(a) Structured Outputs

(c) Chain-of-Thought Prompt

Image
of TasLe I: Confusion matrix.
est Predicted as abnormal  Predicted as normal
o Actually abnormal TA EN
in Actually normal FA N
un
a0
LLM G2
ol
JSON response
{'headers': ['', 'Predicted as abnormal', 'Predicted as normal’]
‘rows': [['Actually abnormal', 'TA', 'FN'],
['Actually normal’, 'FA*, 'TN']]
}
CsV file
Predicted as abnormal Predicted as normal
Actually abnormal TA FN
Actually normal FA TN

(b) Schema Definition

Extract the table from the provided image in a standardized JSON format, ensuring the
structure includes headers and rows. All data must be preserved accurately, including
numeric values, text, and empty cells. Ensure that empty cells are represented explicitly as
an empty string "™,
The output should:
- Maintain the same order and alignment as seen in the original table in the image.
- Ensure column headers are extracted with clarity.
- Structure the rows properly, with each cell accurately represented within
- Avoid adding additional content or placeholders to empty cells; keep them blank
Follow these steps to extract and return the data correctly:
1. Table Structure Identification:
- Identify the number of columns and rows.
- Ensure that each row has the same number of values as the columns.
- If any row has missing values, insert empty placeholders to maintain consistency.
2. Data Extraction:
- Extract the exact words and numbers as they appear in the table.
- Put the content of each cell inside quotes, like the quotechar.
- Preserve formatting to avoid data loss or modification.
3. Formatting:
- Ensure that each row in the table corresponds to a row in the JSON.

- Do not include any additional formatting, markdown, or cade blocks—

# define structured output schema
class TableExtraction(BaseModel):
headers: List[str] # List of column headers
rows: List[List[str]] # List of rows, each row is a list of values

schema = {field: str if isinstance(annotation, type) else str(annotation) for
field, annotation in TableExtraction.__annotations_.items()}

4. Handling Edge Cases:

Provide the output in the following format: {schema}

only the JSON output.

-If a cell is unreadable, leave it empty but maintain the column alignment.
- Ensure that extracted data preserves the original order of the table.

- Text outside the matrix table must be disregarded.

Figure 1: (a) Example of table extraction with LLM structured output. The LLM converts the input image into a
structured JSON response, extracting the table attributes - headers and rows - whilst ignoring content outside the
table. This JSON is then converted into a comma-separated values (CSV) file for evaluation. (b) Structured output
schema definition. (c) The chain-of-thought prompt is used with the structured output technique.

An initial approach to extracting table informa-
tion involved prompting the models to produce an
output in a comma-separated values (CSV) for-
mat. This method was primarily effective for GPT
models, with performance varying based on the
prompts used; incorporating chain-of-thought in-
structions generally enhanced the outcomes. Alter-
natively, the Markdown format was tested for table
extraction. However, the absence of a standardized
Markdown structure across different models made
it challenging to evaluate and compare outputs con-
sistently.

Ultimately, OpenAI’s Structured Output func-
tionality was implemented alongside the chain-of-
thought instructions prompt (see Figure 1(c)), en-
suring compliance with a predefined JSON schema
(Figure 1(b). This approach established a standard-
ized format across all model outputs, facilitating
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a more straightforward structural layout and cell
content evaluation. Figure 1(a) illustrates the trans-
formations applied to the tabular data and the chain-
of-thought prompt.

3.2 Evaluation

Several evaluation metrics were implemented to
evaluate the detection of the table’s structural lay-
outs and the content present in its cells. The struc-
tural layout metrics aim to classify the model’s
ability to detect and preserve the table’s organi-
zation, including its headers, rows, and columns.
The content metrics are based on string similarity,
which evaluates the accuracy and relevance of the
extracted information within the table cells.

Table shape accuracy evaluates how closely pre-
dicted table dimensions align with the actual ones,
calculated as the harmonic mean of row and col-
umn accuracy (Eq. 1). Significant inaccuracies in
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Figure 2: Example of projected row header cell and spanning cell, inspired by (Smock et al., 2021)

either dimension can significantly impact overall
accuracy.

2
T T (M

Row Acc + Column Acc

Shape Acc =

A vital metric utilized in this evaluation is the
F1 Score, which balances Precision and Recall to
gauge the accuracy of the extracted tables. The
F1 Score represents a harmonic mean of Precision
and Recall, ensuring that a model’s effectiveness
in extracting table data considers both correctness
and completeness.

Precision measures how many of the extracted
cells are accurate, in comparison to the total num-
ber of cells that were extracted.

Recall assesses how many ground truth cells
were accurately matched, guaranteeing a high re-
trieval rate.

The F1 Score (Eq. 2) integrates both metrics to
provide a comprehensive evaluation of the model’s
capability to correctly extract tables:

2-P-R
P+ R
,where P is precision and R is recall.
Various thresholds were utilized to determine
the similarity between predicted and ground truth
cell content to evaluate text-based table extraction
precisely.

F = ()

e Threshold = 0 — Assesses structural lay-
out accuracy only, disregarding text con-
tent(Structural Layout F1 Score).
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e Thresholds = 75, 85, 95, 100 — Evaluate
content similarity by using fuzzy matching
on the strings (text), requiring progressively
higher levels of textual accuracy (Cell content
F1 Score).

For example, a threshold of 75 permits minor text
variations (e.g., typing errors), while a threshold of
100 demands an exact correspondence between the
predicted and the ground truth content.

On the other hand, Grid Table Similarity (GriTS)
(Smock et al., 2022) evaluates tables in their ma-
trix form, accommodating topology, content, and
positioning within a unified framework. GriTS
operates by first computing the longest common
subsequence (LCS) between the ground truth and
predicted sequences. This step identifies which
items are missing in the truth sequence and which
are extra in the prediction, allowing for calculat-
ing precision, recall, and, ultimately, the F1 score
based on these discrepancies.

All metrics offer valuable insights, with GriTS
potentially providing more comprehensive results
due to its holistic assessment capabilities.

3.3 Experiment Details

PubTables-1M (Smock et al., 2021) has 94,000
samples of table images, of which 44,000 are classi-
fied as non-complex - they do not present spanning
cells or projected rows. Spanning cells are merged
cells that span horizontally or vertically from multi-
ple cells. At the same time, projected rows usually
subdivide tables encompassing situations where a



specific row is not aligned with the other rows in
the table, acting as a subtitle (Smock et al., 2021;
Xiao et al., 2025) as shown in Figure 2.

Non-complex tables were selected because they
can effectively be represented as CSV files for
structural layout comparison. A final selection
of 1,000 samples ensured statistical compatibility
with the partial non-complex dataset. This subset
size was chosen considering the execution time and
costs required for processing images with local and
cloud-hosted LLMs.

Five different models were used in the experi-
ments: Granite Vision 3.2 (GraniteVision, 2025),
Phi-3-Vision (Microsoft, 2024), GPT-40 (OpenAl,
2024), GPT-40-mini (OpenAl, 2024), and TATR-
OCR (Smock et al., 2023; Du et al., 2020). Granite
& other (Microsoft, 2024) was executed on a sys-
tem equipped with an NVIDIA V100 GPU with
32 GB of memory. Table 1 presents the models’
parameters and availability.

Model Parameters Availability

Granite Vision 3.2 2.8 Billion Free (Open Source)

Phi-3-Vision 3.8 Billion (approx.) Free (Open Source)
GPT-40 1.8 Trillion (estimated) Paid
GPT-40-mini 8 Billion (approx.) Paid
TATR 28 Million (approx.) Free (Open Source)

Table 1: Models parameters and availability.

As shown in Figure 1, an advanced prompting
technique was implemented to ensure structured
and interpretable outputs from LLMs. This ap-
proach guided the models to generate structured
responses, facilitating consistent evaluation across
different architectures (LLMs vs. TATR-OCR).
The performance of the models was measured us-
ing well-defined evaluation metrics, ensuring an
objective comparison.

4 Results

The results of the evaluation comparison, depicted
in Figure 3, provide a comprehensive overview of
the performance of the five models. These models
are TATR-OCR, Granite, Phi-3-Vision, GPT-40-
mini, and the standout performer GPT-40. The anal-
ysis begins in Figure 3(a) with the GriTS F1 Score,
where GPT-40 stands out with an impressive 89.6%,
closely followed by TATR-OCR at 87.8%. GPT-
4o0-mini and Granite yield more moderate scores at
74.6% and 76.3%, respectively, while Phi-3-Vision
records a relatively lower score of 65.2%.

The Structural Layout F1 Score in Figure 3(a)
further differentiates the models, with TATR-OCR
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achieving a remarkable 98.2% and GPT-40 also
performing strongly at 94.9%. Granite and GPT-
40-mini demonstrate similar mid-tier performance
levels at 81.5% and 81.9%, respectively, and Phi-
3-Vision lay behind at 70.8%. In terms of Table
Shape Accuracy, the pattern is similar: GPT-40
and TATR-OCR excel with accuracies of 95.2%
and 98.4%, respectively, while Granite and GPT-
4o0-mini maintain comparable scores of 82.3% and
82.6%. Phi-3-Vision again underperforms with
only 71.3% accuracy.

Beyond these overall metrics, the analysis delves
into structural layout errors in Figure 3(b). These
errors refer to discrepancies in the arrangement
of elements within the document, examining both
missing and extra rows and columns. GPT-4o0
performs the best, with only 0.3% missing rows.
TATR-OCR, Phi-3-Vision, and GPT-40-mini show
moderate performance, missing around 2.7-3.2%
of rows. Granite is the least reliable, missing 7.9%
of table rows, which could lead to major data loss.
For the extra rows, TATR-OCR and Granite are tied
as best performance with a percentage of 0.7%. Fol-
lowed by Phi-3-Vision with almost 2%, the worst
performers are GPT-40 with 5.2% and GPT-4o-
mini with 8.2%.

Looking at the missing columns GPT-40 and
TATR-OCR both have a 0.3%. Phi-3-Vision and
GPT-40-mini are in mid-performance 1-1.5%, re-
spectively. The worst is Granite with 4.2% missing
columns. Regarding the extra columns percentage
Granite is again the worst with almost 15%, Phi-3-
Vision and GPT-40-mini are in mid-performance
4.7 - 5.4%. TATR-OCR is close to GPT-40 with
0%.

Overall, the analysis of structural layout errors
highlights significant differences in performance
among the models. GPT-40 consistently demon-
strates the best overall accuracy, only worse by a
high percentage of extra rows. TATR-OCR also
performs well, particularly in handling columns.
Phi-3-Vision and GPT-40-mini exhibit moderate
performance, showing errors in missing and ex-
tra elements. However, Granite proves to be the
least reliable, with the highest percentage of miss-
ing rows and columns and a substantial number of
extra columns. These discrepancies in structural
layout accuracy can significantly impact data in-
tegrity, reinforcing the importance of selecting the
most precise model for document processing tasks.

The analysis of string matching thresholds in
Figure 3(c) reveals distinct performance variations
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Figure 3: (a) General Table Evaluation Metrics: GriTS F1 Score - table similarity based on structural layout and cell
text content, Structural Layout F1 Score - evaluate structural cell positions, and Table Shape Accuracy - evaluate the
harmonic mean of the table’s rows and columns accuracy. (b) Structural Layout Errors: percentage of missing/extra
rows and columns. (c) String Matching Thresholds: Cell content F1 Score of the cell position and content with

different thresholds for cell string match.

among the five models. These thresholds are cru-
cial as they determine the level of similarity re-
quired for a match, with a higher threshold indicat-
ing a stricter matching condition. GPT-40 consis-
tently achieves the highest scores across all thresh-
olds, demonstrating superior accuracy in string
matching. TATR-OCR follows closely behind,
maintaining a competitive performance. Phi-3-
Vision and GPT-40-mini exhibit moderate results,
while Granite consistently underperforms, scoring
the lowest in most cases. As the matching threshold
increases from 75 to 100, all models experience a
decline in performance, indicating that stricter crite-
ria lead to greater difficulty in identifying matches.
Despite this trend, GPT-40 remains the most reli-
able, maintaining high accuracy even at the strictest
threshold. These findings highlight the varying ro-
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bustness of different models and emphasize the im-
portance of selecting the most suitable one based
on the required level of precision.

In conclusion, the analysis underscores the im-
portance of selecting the most suitable model for
the task at hand. GPT-40 consistently outperforms
the other models across all key metrics, exhibit-
ing superior structural accuracy and text recog-
nition capabilities. GPT-40-mini, on the other
hand, emerges as a strong alternative, showcas-
ing its potential with slightly lower performance.
TATR-OCR and Phi-3-Vision deliver similar mid-
range results, while Granite shows the least favor-
able performance with significant structural errors
and lower text accuracy. These findings suggest
that GPT-40 and GPT-40-mini are the most reli-
able choices for table extraction tasks, whereas



the other models may benefit from additional post-
processing steps to improve their accuracy.

5 Conclusions

TATR outperforms the LLMs when only the table
structural layout is considered based on the metric
results. If the exact content of the cell is not a top
priority, using TATR with OCR is a viable choice,
keeping in mind that the OCR may not correctly
identify all the cells. However, when the text con-
tent of the cells is considered, the LLMs perform
better than TATR with OCR. GPT-4o0 is by far the
best among the LLMs tested, but is also the largest
and most expensive model. Smaller models can be
a good option depending on the specific use case
and the volume of data to be processed.

6 Limitations

The primary limitation of this study is that it does
not use complex tables from the original dataset in
the experiments, particularly those with spanning
cells and projected rows, because of the difficulty
in representing them as a matrix. This constraint
affects the generalization of the findings to more
intricate table layouts. Additionally, inconsisten-
cies were observed in the responses generated by
MLLMs, despite employing structured output for-
mats. This impacted metrics negatively, as con-
version to JSON/CSV was not achievable in such
cases.

To address these limitations, future work could
explore advanced prompting techniques to mitigate
inconsistencies in LLM outputs. One-shot and few-
shot learning, fine-tuning, and reflection-based ap-
proaches (e.g., Haystack framework (Pietsch et al.,
2019)) can improve output consistency and relia-
bility. Also, alternative structured output (to in-
clude more complex table structures, especially
with spanning cells) and prompting strategies (e.g.,
a two-step process with a preliminary table gener-
ation followed by parsing) could be investigated,
and performing a sensitivity analysis of the model’s
decoding parameters should be considered. Finally,
examining whether improvements in prompting
(like chain-of-thought or step-by-step reasoning)
might further enhance structured outputs could also
provide meaningful insights.

While TATR was chosen as the OCR option for
this study, exploring additional traditional meth-
ods or hybrid systems (combining OCR with LLM
strategies) could yield a more comprehensive com-
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parison. A discussion on computational cost versus
performance can also be raised, especially noting
that while models like GPT-40 have trillions of pa-
rameters, simpler models like TATR operate at a
much lower price.

Furthermore, future work must consider com-
plex tables, but also incorporate more diverse
"other" tabular data sources, such as SciTSR (Chi
et al., 2019), TableBank (Li et al., 2019), and Pub-
TabNet (Zhong et al., 2020), which would provide a
more comprehensive evaluation of table extraction
performance across different domains and table
complexities.

Finally, experimenting with new LLMs specifi-
cally fine-tuned for table extraction - such as Gem-
ini 2.5 pro (Gemini-Team, 2025), Table LLaVA
(Zheng et al., 2024), Mistral OCR (et. al., 2023),
and MiniCPM-V (Yao et al., 2024) - could also im-
prove table structural layout recognition and con-
tent extraction accuracy. A more detailed qualita-
tive analysis of errors could pinpoint where each
model fails, thereby offering insights for further
improvements. These approaches would contribute
to a more robust and adaptable table extraction
framework.

References

Douglas Burdick, Marina Danilevsky, Alexandre V Ev-
fimievski, Yannis Katsis, and Nancy Wang. 2020.
Table extraction and understanding for scientific
and enterprise applications. Proc. VLDB Endow.,
13(12):3433-3436.

Leiyuan Chen, Chengsong Huang, Xiaoqing Zheng, Jin-
shu Lin, and Xuanjing Huang. 2023. TableVLM:
Multi-modal pre-training for table structure recogni-
tion. In Proceedings of the 61st Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 2437-2449, Toronto,
Canada. Association for Computational Linguistics.

Zewen Chi, Heyan Huang, Heng-Da Xu, Houjin Yu,
Wanxuan Yin, and Xian-Ling Mao. 2019. Compli-
cated table structure recognition.

Naihao Deng, Zhenjie Sun, Ruiqi He, Aman Sikka, Yu-
long Chen, Lin Ma, Yue Zhang, and Rada Mihalcea.
2024. Tables as texts or images: Evaluating the table
reasoning ability of LLMs and MLLMs. In Find-
ings of the Association for Computational Linguis-
tics: ACL 2024, pages 407-426, Bangkok, Thailand.
Association for Computational Linguistics.

Yuning Du, Chenxia Li, Ruoyu Guo, Xiaoting Yin, Wei-
wei Liu, Jun Zhou, Yifan Bai, Zilin Yu, Yehua Yang,
Qingqing Dang, and Haoshuang Wang. 2020. Pp-ocr:
A practical ultra lightweight ocr system.


https://doi.org/10.14778/3415478.3415563
https://doi.org/10.14778/3415478.3415563
https://doi.org/10.18653/v1/2023.acl-long.137
https://doi.org/10.18653/v1/2023.acl-long.137
https://doi.org/10.18653/v1/2023.acl-long.137
http://arxiv.org/abs/1908.04729
http://arxiv.org/abs/1908.04729
https://doi.org/10.18653/v1/2024.findings-acl.23
https://doi.org/10.18653/v1/2024.findings-acl.23
http://arxiv.org/abs/2009.09941
http://arxiv.org/abs/2009.09941

Albert Q. Jiang et. al. 2023. Mistral 7b.

Gemini-Team. 2025. Gemini: A family of highly capa-
ble multimodal models.

Team GraniteVision. 2025. Granite vision: a
lightweight, open-source multimodal model for en-
terprise intelligence.

Minghao Li, Lei Cui, Shaohan Huang, Furu Wei, Ming
Zhou, and Zhoujun Li. 2019. Tablebank: A bench-
mark dataset for table detection and recognition.

Yiming Li, Qiang Wei, Xinghan Chen, Jianfu Li, Cui
Tao, and Hua Xu. 2024. Improving tabular data
extraction in scanned laboratory reports using deep
learning models. Journal of Biomedical Informatics,
159.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae
Lee. 2023. Visual instruction tuning.

Microsoft. 2024. Phi-3 technical report: A highly capa-
ble language model locally on your phone.

OpenAl. 2024. Gpt-4o system card. https://arxiv.
org/abs/2410.21276. Accessed: 2025-03-30.

Shubham Singh Paliwal, D. Vishwanath, Rohit Rahul,
Monika Sharma, and Lovekesh Vig. 2019. Tablenet:
Deep learning model for end-to-end table detection
and tabular data extraction from scanned document
images. Proceedings of the International Confer-
ence on Document Analysis and Recognition, ICDAR,
pages 128—133.

Malte Pietsch, Timo Moller, Bogdan Kostic, Julian
Risch, Massimiliano Pippi, Mayank Jobanputra, Sara
Zanzottera, Silvano Cerza, Vladimir Blagojevic,
Thomas Stadelmann, Tanay Soni, and Sebastian Lee.
2019. Haystack: the end-to-end nlp framework for
pragmatic builders.

Ashish Ranjan, Varun Nagesh Jolly Behera, and Mota-
har Reza. 2021. OCR Using Computer Vision and
Machine Learning, pages 83—105. Springer Interna-
tional Publishing, Cham.

Sakib Shahriar, Brady D. Lund, Nishith Reddy Man-
nuru, Muhammad Arbab Arshad, Kadhim Hayawi,
Ravi Varma Kumar Bevara, Aashrith Mannuru, and
Laiba Batool. 2024. Putting gpt-4o to the sword:
A comprehensive evaluation of language, vision,
speech, and multimodal proficiency. Applied Sci-
ences, 14(17).

Ray Smith. 2007. An overview of the tesseract ocr en-
gine. Proceedings of the International Conference on
Document Analysis and Recognition, ICDAR, 2:629—
633.

Brandon Smock, Rohith Pesala, and Robin Abraham.
2021. Pubtables-1m: Towards comprehensive ta-
ble extraction from unstructured documents. Pro-
ceedings of the IEEE Computer Society Conference
on Computer Vision and Pattern Recognition, 2022-
June:4624-4632.

15

Brandon Smock, Rohith Pesala, and Robin Abraham.
2022. Grits: Grid table similarity metric for table
structure recognition. Lecture Notes in Computer Sci-
ence (including subseries Lecture Notes in Artificial

Intelligence and Lecture Notes in Bioinformatics),
14191 LNCS:535-549.

Brandon Smock, Rohith Pesala, and Robin Abraham.
2023. Aligning benchmark datasets for table struc-
ture recognition. In Document Analysis and Recogni-
tion - ICDAR 2023, pages 371-386, Cham. Springer
Nature Switzerland.

Peter W J Staar, Michele Dolfi, Christoph Auer, and
Costas Bekas. 2018. Corpus conversion service: A
machine learning platform to ingest documents at
scale. In Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery
and Data Mining, KDD *18. ACM.

Yuan Sui, Mengyu Zhou, Mingjie Zhou, Shi Han, and
Dongmei Zhang. 2024. Table meets llm: Can large
language models understand structured table data?
a benchmark and empirical study. In Proceedings
of the 17th ACM International Conference on Web
Search and Data Mining, WSDM ’24, page 645-654,
New York, NY, USA. Association for Computing
Machinery.

Bin Xiao, Murat Simsek, Burak Kantarci, and Ala Abu
Alkheir. 2025. Rethinking detection based table
structure recognition for visually rich document im-
ages. Expert Systems with Applications, 269:126461.

Yuan Yao, Tianyu Yu, Ao Zhang, Chongyi Wang, Junbo
Cui, Hongji Zhu, Tianchi Cai, Haoyu Li, Weilin Zhao,
Zhihui He, Qianyu Chen, Huarong Zhou, Zhensheng
Zou, Haoye Zhang, Shengding Hu, Zhi Zheng, Jie
Zhou, Jie Cai, Xu Han, Guoyang Zeng, Dahai Li,
Zhiyuan Liu, and Maosong Sun. 2024. Minicpm-v:
A gpt-4v level mllm on your phone.

Gokul Yenduri, Ramalingam M, Chemmalar Selvi
G, Supriya Y, Gautam Srivastava, Praveen Ku-
mar Reddy Maddikunta, Deepti Raj G, Rutvij H
Jhaveri, Prabadevi B, Weizheng Wang, Athanasios V.
Vasilakos, and Thippa Reddy Gadekallu. 2023. Gen-
erative pre-trained transformer: A comprehensive
review on enabling technologies, potential applica-
tions, emerging challenges, and future directions.

Mingyu Zheng, Xinwei Feng, Qingyi Si, Qiaogiao She,
Zheng Lin, Wenbin Jiang, and Weiping Wang. 2024.
Multimodal table understanding.

Xu Zhong, Elaheh ShafieiBavani, and Antonio Jimeno
Yepes. 2020. Image-based table recognition: Data,
model, and evaluation. Lecture Notes in Computer
Science (including subseries Lecture Notes in Artifi-
cial Intelligence and Lecture Notes in Bioinformat-
ics), 12366 LNCS:564-580.


http://arxiv.org/abs/2310.06825
http://arxiv.org/abs/2312.11805
http://arxiv.org/abs/2312.11805
http://arxiv.org/abs/2502.09927
http://arxiv.org/abs/2502.09927
http://arxiv.org/abs/2502.09927
http://arxiv.org/abs/1903.01949
http://arxiv.org/abs/1903.01949
https://doi.org/10.1016/j.jbi.2024.104735
https://doi.org/10.1016/j.jbi.2024.104735
https://doi.org/10.1016/j.jbi.2024.104735
http://arxiv.org/abs/2304.08485
http://arxiv.org/abs/2404.14219
http://arxiv.org/abs/2404.14219
https://arxiv.org/abs/2410.21276
https://arxiv.org/abs/2410.21276
https://doi.org/10.1109/ICDAR.2019.00029
https://doi.org/10.1109/ICDAR.2019.00029
https://doi.org/10.1109/ICDAR.2019.00029
https://doi.org/10.1109/ICDAR.2019.00029
https://github.com/deepset-ai/haystack
https://github.com/deepset-ai/haystack
https://doi.org/10.1007/978-3-030-50641-4_6
https://doi.org/10.1007/978-3-030-50641-4_6
https://doi.org/10.3390/app14177782
https://doi.org/10.3390/app14177782
https://doi.org/10.3390/app14177782
https://doi.org/10.1109/ICDAR.2007.4376991
https://doi.org/10.1109/ICDAR.2007.4376991
https://doi.org/10.1109/CVPR52688.2022.00459
https://doi.org/10.1109/CVPR52688.2022.00459
https://doi.org/10.1007/978-3-031-41734-4_33
https://doi.org/10.1007/978-3-031-41734-4_33
https://doi.org/10.1145/3219819.3219834
https://doi.org/10.1145/3219819.3219834
https://doi.org/10.1145/3219819.3219834
https://doi.org/10.1145/3616855.3635752
https://doi.org/10.1145/3616855.3635752
https://doi.org/10.1145/3616855.3635752
https://doi.org/https://doi.org/10.1016/j.eswa.2025.126461
https://doi.org/https://doi.org/10.1016/j.eswa.2025.126461
https://doi.org/https://doi.org/10.1016/j.eswa.2025.126461
http://arxiv.org/abs/2408.01800
http://arxiv.org/abs/2408.01800
http://arxiv.org/abs/2305.10435
http://arxiv.org/abs/2305.10435
http://arxiv.org/abs/2305.10435
http://arxiv.org/abs/2305.10435
http://arxiv.org/abs/2406.08100
https://doi.org/10.1007/978-3-030-58589-1_34
https://doi.org/10.1007/978-3-030-58589-1_34

Injecting Structured Knowledge into LLLMs via Graph Neural Networks

Zichao Li
Canoakbit Alliance
Ontario, Canada
zichaoli@canoakbit.com

Zong Ke
Faculty of Science
National University of Singapore
Singapore 119077

Puning Zhao
Sun Yat-sen University
Shenzhen, China
pnzhaol@gmail.com

a0129009@u.nus.edu

Abstract

Large language models (LLMs) have achieved
remarkable success in natural language process-
ing (NLP), but they often struggle to capture
explicit linguistic structures and world knowl-
edge. To address this limitation, we propose a
hybrid model that integrates LLMs with graph
neural networks (GNNSs) to inject structured
knowledge into NLP tasks. Our approach lever-
ages the strengths of both components: LLMs
provide rich contextual representations, while
GNNs encode explicit structural priors from
sources such as dependency trees, Abstract
Meaning Representations (AMRs), and knowl-
edge graphs. We evaluate the hybrid model on
a diverse set of tasks, including semantic pars-
ing, multi-hop question answering, text sum-
marization, commonsense reasoning, and de-
pendency parsing. Experimental results demon-
strate consistent improvements over both stan-
dalone baselines and state-of-the-art methods,
with relative gains of up to 2.3% in Exact Match
scores for multi-hop QA and 1.7% in accuracy
for commonsense reasoning. Ablation studies
and sensitivity analyses further highlight the
importance of balancing contextual and struc-
tural information. By bridging the gap between
unstructured textual data and structured knowl-
edge, our work advances the state of the art in
NLP and paves the way for more interpretable
and robust language models.

1 Introduction

Models like GPT-3 (Brown et al., 2020), BERT
(Devlin et al., 2019), and TS5 (Raffel et al., 2020)
have demonstrated remarkable capabilities in un-
derstanding and generating human-like text. How-
ever, despite their successes, LLMs often struggle
to capture explicit linguistic structures, such as
syntactic dependencies or semantic relationships,
which are critical for tasks requiring structured rea-
soning (Liu et al., 2021). This limitation raises
an important question: Can we enhance LLMs by
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integrating structured knowledge into their archi-
tectures?

In this paper, we propose a hybrid model
that combines LLMs with graph neural networks
(GNNGs) to inject structured knowledge into NLP
tasks. Our approach leverages the strengths of both
components: LLMs provide rich contextual rep-
resentations, while GNNs encode explicit struc-
tural priors from sources such as dependency trees,
Abstract Meaning Representations (AMRs), and
knowledge graphs. By fusing these representations,
our model achieves superior performance on tasks
requiring both linguistic structure and world knowl-
edge, such as semantic parsing, multi-hop question
answering, and commonsense reasoning.

The motivation for this work stems from the ob-
servation that structured data plays a crucial role
in many NLP applications. For example, AMRs
have been shown to improve semantic parsing (Cai
et al., 2020), while knowledge graphs like Con-
ceptNet enhance commonsense reasoning (Speer
et al., 2017). Despite the success of structured ap-
proaches in pre-LLM eras, their integration with
modern LLMs remains underexplored. Our work
bridges this gap by demonstrating how structured
knowledge can be effectively injected into LLMs
via GNNSs, leading to improved interpretability, ro-
bustness, and task-specific performance.

This paper makes three key contributions: (1)
We propose a novel hybrid architecture that inte-
grates LLMs with GNNss for structured knowledge
injection; (2) We evaluate our model on a diverse
set of tasks, including semantic parsing, summa-
rization, and commonsense reasoning, achieving
state-of-the-art results; and (3) We conduct abla-
tion studies and sensitivity analyses to gain insights
into the model’s behavior and limitations. Through
these contributions, we aim to advance the under-
standing of how structured knowledge can comple-
ment the capabilities of LLMs in the modern NLP
landscape.

Proceedings of the 1st Joint Workshop on Large Language Models and Structure Modeling (XLLM 2025), pages 16-25
August 1, 2025 ©2025 Association for Computational Linguistics



2 Literature Review

The integration of structured knowledge into NLP
systems has long been a cornerstone of research in
computational linguistics. Early efforts focused on
rule-based methods and statistical models, which
relied heavily on handcrafted features and anno-
tated datasets (Manning and Schiitze, 1999). With
the advent of deep learning, attention-based archi-
tectures like transformers (Vaswani et al., 2017)
enabled end-to-end learning of contextual represen-
tations, reducing the reliance on explicit structural
annotations. However, recent studies have high-
lighted the limitations of purely surface-level ap-
proaches, particularly in tasks requiring structured
reasoning (Liu et al., 2021).

One promising direction is the use of graph neu-
ral networks (GNNSs) to encode structured data.
GNNs have achieved significant success in do-
mains such as social network analysis (Wu et al.,
2021), molecular property prediction (Gilmer et al.,
2017), and NLP tasks involving graphs, such as de-
pendency parsing (Dozat and Manning, 2017) and
AMR generation (Cai et al., 2020). For example,
Zhang et al. (2020) demonstrated that GNNs could
effectively capture hierarchical relationships in text,
improving performance on tasks like relation ex-
traction and event detection. Similarly, (Wang et al.,
2021) proposed a GNN-based framework for en-
coding discourse graphs, achieving state-of-the-art
results on narrative understanding tasks. We have
also studied similar approaches in (Wang et al.,
2024; Zhang and Sen, 2024; Peng et al., 2025; Yi
et al., 2025).

Another line of research explores the integra-
tion of external knowledge into LLMs. Knowl-
edge graphs like ConceptNet (Speer et al., 2017)
and Wikidata (Vrandeci¢ and Krétzsch, 2020) have
been widely used to augment NLP models with
factual and commonsense information. Recent
work has focused on combining knowledge graphs
with LL.Ms through techniques such as retrieval-
augmented generation (Lewis et al., 2020b) and
knowledge-aware fine-tuning (Petroni et al., 2020).
For instance, He et al. (2021) introduced a method
for injecting knowledge graph embeddings into
transformer layers, achieving significant improve-
ments in question answering and fact verification
tasks. We have also studied similar work like
(Wang et al., 2025; Ding et al., 2025a).

Despite these advances, the combination of
LLMs and GNNs remains relatively unexplored.

17

A notable exception is the work of Huang et al.
(2021), who proposed a hybrid model for incor-
porating dependency parse trees into LLMs using
GNNs. Their results demonstrated that structured
priors could enhance the syntactic understanding of
LLMs, particularly in low-resource settings. Sim-
ilarly, Li et al. (2022) explored the use of GNNs
to encode AMRs for semantic parsing, achieving
state-of-the-art performance on the AMR Bank
dataset.

Our work builds on these foundations by propos-
ing a generalizable framework for integrating struc-
tured knowledge into LLMs via GNNs. Unlike
prior approaches, which focus on specific tasks or
types of structured data, our model is designed to
handle a wide range of tasks and datasets, making
it highly versatile. Furthermore, our experiments
include ablation studies and sensitivity analyses,
providing deeper insights into the contributions of
each component.

3 Methodology

Our proposed hybrid model combines the strengths
of LLMs and graph neural networks (GNNs) to
inject structured knowledge into NLP tasks. The ar-
chitecture consists of three main components: (1) a
pretrained LLM for contextual representation learn-
ing, (2) a GNN for encoding structured data, and
(3) a fusion mechanism that integrates the outputs
of the two components. Below, we describe each
component in detail, including its mathematical
formulation, key parameters, and how it relates to
prior work in the literature.

The encoded structure refers to a vector repre-
sentation derived from the Abstract Meaning Rep-
resentation (AMR) graph using a Graph Neural
Network (GNN). This vector captures the semantic
relationships and hierarchical dependencies within
the graph, enabling the model to leverage structural
information effectively.

3.1 Pretrained Large Language Model (LLM)

The backbone of our model is a pretrained LLM,
such as BERT (Devlin et al., 2019) or T5 (Raffel
et al., 2020), which provides rich contextual em-
beddings for input text. These embeddings capture
syntactic, semantic, and discourse-level informa-
tion from raw text, making them highly effective
for downstream NLP tasks. Mathematically, the
LLM can be represented as:

Hiim = fiam(X; 0iim) ()



where X is the input text tokenized into sub-
word units, Hyjy € RT*dum i the contextual
embedding matrix for 7" tokens, with each token
represented by a dy1y-dimensional vector, frim
is the transformer-based architecture of the LLM,
and Oy represents the pretrained parameters of
the LLLM. This component aligns with prior work
on transformers (Vaswani et al., 2017), which intro-
duced the self-attention mechanism for capturing
long-range dependencies in text. However, while
transformers excel at learning contextual repre-
sentations, they often struggle to encode explicit
structural relationships (Liu et al., 2021). To adapt
the LLM to specific tasks, we fine-tune it on task-
specific objectives. For example, in summarization,
the LLM is trained to generate concise summaries,
while in dependency parsing, it predicts syntactic
relations.

3.2 Graph Neural Network (GNN) for
Structured Data Encoding

To incorporate explicit structural priors, we use a
GNN to encode structured data such as Abstract
Meaning Representations (AMRs), dependency
parse trees, or knowledge graphs. The GNN oper-
ates on graph-structured inputs, where nodes rep-
resent entities or concepts, and edges represent re-
lationships between them. Following Gilmer et al.
(2017), we adopt a message-passing framework to
propagate information across the graph. The math-
ematical formulation of the GNN is as follows:

(I+1) _ @ . 1O (1)

hi' " = Z W . h +b )
JEN(4)

where hgl) € R is the hidden representation

of node i at layer [, N/ (7) is the set of neighbors of
node i, W) ¢ Rdonwxdenn gnd b() € R gre
learnable parameters, o is a nonlinear activation
function (e.g., ReLLU), and dgnn is the dimension-
ality of the GNN embeddings. After L layers of
message passing, the node representations are ag-
gregated to produce a fixed-size graph embedding
Hgnn € R using a readout function:
Honw = greadout({th)‘i € V}) 3)

where V is the set of all nodes in the graph, and
Jreadout could be a mean pooling, max pooling, or
attention-based aggregation function. For exam-
ple, in AMR generation, the GNN encodes the
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AMR graph into a vector representation; in com-
monsense reasoning, the GNN encodes paths from
ConceptNet to enrich the model’s understanding
of relationships between concepts; and in depen-
dency parsing, the GNN encodes dependency trees
to guide the model in predicting syntactic struc-
tures. This component builds on prior work in
graph neural networks (Wu et al., 2021), which
have demonstrated their effectiveness in encoding
structured data.

3.3 Fusion Mechanism

The outputs of the LLM (Hy 1 y) and GNN (Hgnn)
are combined using a fusion mechanism that bal-
ances their contributions. Specifically, we explore
three fusion strategies:

* Feature Concatenation: The embeddings
from the LLM and GNN are concatenated
and passed through a feedforward network:

Hiysea = FEN([Hrpm; Hona])  (4)

* Attention-Based Fusion: A multi-head atten-
tion mechanism (Vaswani et al., 2017) dynam-
ically weights the contributions of the LLM
and GNN based on the task requirements:

Hiysea = Attention(Hppm, Hoan) — (5)

* Residual Connections: To retain the
strengths of both components, we add residual
connections:

Hiused = Huim + Wees - Honn  (6)

The fused representation Hyygeq is then passed
to a task-specific output layer (e.g., a classifier for
QA, a decoder for summarization). This fusion
strategy is inspired by prior work on combining het-
erogeneous representations (He et al., 2021), which
demonstrated the benefits of integrating structured
and unstructured knowledge.

3.4 Key Parameters and Tuning Strategies

Several parameters affect the performance of our
hybrid model. Below, we discuss these parameters
and the strategies used to tune them:

- Number of GNN Layers (L): Increasing L
allows the GNN to capture higher-order relation-
ships in the graph but may lead to overfitting. We
perform grid search over L € {2,3,4} and select
the value that maximizes validation performance.



- Dimensionality of Embeddings (dppm,
dgnN): Larger dimensions improve representa-
tional capacity but increase computational cost. For
LLMs, we use pretrained dimensions (e.g., 768
for BERT-base). For GNNs, we experiment with
dgNN € {128, 256, 512}.

- Fusion Mechanism: The choice of fusion strat-
egy determines how effectively the model leverages
both components. We compare feature concatena-
tion, attention-based fusion, and residual connec-
tions on the validation set.

- Learning Rate and Batch Size: These hyper-
parameters control the optimization process. We
use a learning rate scheduler and tune batch sizes
in {16, 32,64}.

- Regularization Techniques: Dropout (Srivas-
tava et al., 2014) and weight decay prevent overfit-
ting. We apply dropout rates in {0.1,0.2,0.3} and
weight decay coefficients in {1e™, 1e=?}.

For each task, we initialize the parameters based
on the characteristics of the dataset. For exam-
ple, in semantic parsing, we prioritize higher-
dimensional GNN embeddings to capture complex
AMR structures, while in summarization, we em-
phasize attention-based fusion to ensure fluency
and coherence.

3.5 Training Strategy

We adopt a multitask learning approach to train
the hybrid model. During training, the LLM is
fine-tuned on task-specific objectives (e.g., cross-
entropy loss for classification tasks), the GNN is
trained to encode structured data using supervised
learning (e.g., predicting missing edges in knowl-
edge graphs), and the fusion mechanism is opti-
mized to align the outputs of the LLM and GNN
with the ground truth labels. Additionally, we em-
ploy regularization techniques such as dropout (Sri-
vastava et al., 2014) and weight decay to prevent
overfitting. For tasks requiring structured outputs
(e.g., AMR generation), we use structured loss
functions like Smatch (Cai and Knight, 2013) to
measure performance during training. This training
strategy builds on prior work in multitask learning
(Liuetal., 2021) and knowledge injection (He et al.,
2021), which demonstrated the benefits of jointly
optimizing multiple components. Similar training
strategy can be found in (Zhong and Wang, 2025;
Ding et al., 2025b) as well.

19

3.6 Relation to Literature Reviewed

Our methodology integrates ideas from several
strands of research: the use of transformers for
contextual representation learning (Vaswani et al.,
2017), the application of GNNs for encoding struc-
tured data (Gilmer et al., 2017; Wu et al., 2021), the
combination of structured and unstructured knowl-
edge (He et al., 2021; Zhang et al., 2020), and
multitask learning and regularization techniques
(Liu et al., 2021; Srivastava et al., 2014). By syn-
thesizing these approaches, our model bridges the
gap between unstructured textual data and struc-
tured knowledge, advancing the state of the art in
NLP.

Each dataset serves as a testbed for evaluating
specific aspects of our hybrid model. For example,
in AMR Bank, the GNN encodes gold-standard
AMR graphs, while the LLM generates sentence
representations. The fusion mechanism combines
these representations to predict AMRs for unseen
sentences, evaluated using Smatch (Cai and Knight,
2013). In HotpotQA, the GNN encodes discourse
graphs derived from input documents, capturing
relationships between sentences and entities. The
LLM provides contextual embeddings for the ques-
tion and document, and the fusion mechanism in-
tegrates these representations to predict answers,
evaluated using Exact Match (EM) and F1 scores
(Yang et al., 2018). Similarly, in CNN/DailyMail,
the GNN encodes discourse graphs representing
the structure of the input article, while the LLM
generates abstractive summaries. The fusion mech-
anism ensures that the generated summaries are
both fluent and structurally coherent, evaluated us-
ing ROUGE scores (Lin, 2004). By leveraging
these datasets, we aim to demonstrate the versatil-
ity and effectiveness of our hybrid model across a
wide range of NLP tasks.

4 Experiments

4.1 Datasets

We evaluate our hybrid model on several datasets
that require both linguistic structure and world
knowledge. Below are the datasets used in our
experiments:

- AMR Bank
Source: https://amr.isi.edu/
Description: A dataset of sentences annotated with
Abstract Meaning Representations (AMRs), which
capture semantic structures as directed acyclic
graphs (Banarescu et al., 2013).


https://amr.isi.edu/

Tasks: Semantic parsing, commonsense reasoning.
- HotpotQA
Source: https://hotpotga.github.io/
Description: A question-answering dataset requir-
ing multi-hop reasoning over multiple documents
(Yang et al., 2018).
Tasks: Multi-hop question answering, fact retrieval.
- CNN/DailyMail
Source: https://github.com/abisee/
cnn-dailymail
Description: A large-scale summarization dataset
consisting of news articles paired with human-
written summaries (Nallapati et al., 2016).
Tasks: Abstractive and extractive summarization.
- ConceptNet
Source: https://conceptnet.io/
Description: A multilingual knowledge graph en-
coding commonsense relationships between con-
cepts (Speer et al., 2017).
Tasks: Commonsense reasoning, knowledge-
augmented NLP.
- Universal Dependencies (UD)
Source: https://universaldependencies.
org/
Description: A collection of treebanks annotated
with dependency parse trees, covering multiple
languages (Nivre et al., 2016).
Tasks: Dependency parsing, syntactic structure
modeling.

4.2 Role of Datasets in Evaluating the Hybrid
Model

Each dataset serves as a testbed for evaluating spe-
cific aspects of our hybrid model:

* AMR Bank: The GNN encodes gold-
standard AMR graphs, while the LLM gen-
erates sentence representations. The fusion
mechanism predicts AMRs for unseen sen-
tences, evaluated using Smatch (Cai and
Knight, 2013).

* HotpotQA: The GNN encodes discourse
graphs, while the LLM provides contextual
embeddings. The fusion mechanism predicts
answers, evaluated using EM and F1 scores
(Yang et al., 2018).

* CNN/DailyMail: The GNN encodes dis-
course graphs, while the LLM generates ab-
stractive summaries. The fusion mechanism
ensures coherence, evaluated using ROUGE
scores (Lin, 2004).

* ConceptNet: The GNN encodes paths, while
the LLM generates predictions. Accuracy is

used as the evaluation metric (Speer et al.,
2017).

* Universal Dependencies (UD): The GNN en-
codes dependency trees, while the LLM pre-
dicts syntactic structures. Performance is eval-
uated using UAS and LAS (Nivre et al., 2016).

4.3 Baselines

We compare our hybrid model (LLM+GNN)
against the following baselines:

- Pure LLM: A vanilla large language model
fine-tuned for each task.

- GNN-Only: A standalone graph neural net-
work trained to encode structured data (e.g., AMRs,
dependency trees).

- Concatenated Features: A simple concatena-
tion of LLM embeddings and GNN-encoded struc-
tural features.

- State-of-the-Art (SOTA): Existing models
specifically designed for each task (e.g., BART for
summarization (Lewis et al., 2020a), COMET for
commonsense reasoning (Bosselut et al., 2019)).

4.4 Results
4.4.1 Semantic Parsing (AMR Generation)

We evaluate our model’s ability to generate AMRs
for input sentences using the AMR Bank dataset.
We use the AMRBank dataset (version 3.0), which
contains 59,767 sentences annotated with AMR
graphs. Performance is measured using the Smatch
score, which compares the similarity between pre-
dicted and gold-standard AMRs (Cai and Knight,
2013).

Model Smatch Score (%)
Pure LLM 68.4
GNN-Only 70.2
Concatenated Features 72.5
SOTA (SPRING) 73.8
LLM+GNN (Ours) 75.1

Table 1: Smatch scores for AMR generation.

The baseline score for SPRING (73.8) is based
on its performance on the AMRBank 3.0 test set,
as reported in (Zhang et al., 2021).
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4.4.2 Multi-Hop Question Answering
(HotpotQA)

We test our model on the HotpotQA dataset, report-
ing Exact Match (EM) and F1 scores (Yang et al.,
2018).

Model EM (%) | F1 (%)
Pure LLM 52.3 63.4
GNN-Only 55.6 66.7
Concatenated Features 58.9 69.1
SOTA (HGN) 60.4 70.2
LLM+GNN (Ours) 62.7 71.5

Table 2: Exact Match (EM) and F1 scores for Hot-
potQA.

4.4.3 Text Summarization (CNN/DailyMail)

We evaluate summarization performance using
ROUGE scores (ROUGE-1, ROUGE-2, ROUGE-
L) (Lin, 2004).

Model ROUGE- | ROUGE- | ROUGE-
1 (%) 2 (%) L (%)

Pure LLM 42.3 20.1 38.7

GNN-Only | 43.5 214 39.8

Concatenated | 44.8 22.3 40.2

Features

SOTA 45.6 23.1 41.2

(BART)

LLM+GNN | 46.2 23.8 41.9

(Ours)

Table 3: ROUGE scores for CNN/DailyMail summa-
rization.

4.4.4 Commonsense Reasoning (ConceptNet)

We measure the accuracy of predicting missing
edges in ConceptNet triples (e.g., “dog — IsA —
7”) (Speer et al., 2017).

Model Accuracy (%)
Pure LLM 72.4
GNN-Only 74.8
Concatenated Features 76.3
SOTA (COMET) 78.5
LLM+GNN (Ours) 80.2

Table 4: Accuracy scores for ConceptNet commonsense
reasoning.
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4.4.5 Dependency Parsing (Universal
Dependencies)
We evaluate dependency parsing performance us-

ing Unlabeled Attachment Score (UAS) and La-
beled Attachment Score (LAS) (Nivre et al., 2016).

Model UAS (%) | LAS (%)
Pure LLM 84.2 79.8
GNN-Only 86.5 82.1
Concatenated Features 87.3 83.5
SOTA (mBERT) 88.1 84.2
LLM+GNN (Ours) 89.4 85.6

Table 5: UAS and LAS scores for dependency parsing.

4.5 Summary Graphs

To visualize the overall performance of our hybrid
model, we plot the relative improvement over the
best baseline (SOTA) for each task.

SOTA Baseline
Hybrid Model

g 3 8

5 g

+0.7%

Performance (%)

8 8
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B &

Tasks

Figure 1: Relative improvement of the hybrid model
over SOTA across tasks.

5 Discussion

5.1 Synergistic Benefits of Combining LLMs
and GNNs

Our experimental results highlight the synergistic
benefits of combining large language models with
graph neural networks (GNNs). Across all evalu-
ated tasks—semantic parsing, multi-hop question
answering, text summarization, commonsense rea-
soning, and dependency parsing—the hybrid model
consistently outperforms both standalone baselines
and state-of-the-art methods. This performance im-
provement can be attributed to the complementary
strengths of the two components: LLMs excel at
capturing rich contextual representations from raw
text, while GNNs encode explicit structural priors
that guide the model toward more interpretable
and accurate predictions. For instance, in the




AMR generation task, the hybrid model achieves
a Smatch score of 75.1%, surpassing the SOTA
baseline (SPRING) by 1.3%. Similarly, in multi-
hop question answering on HotpotQA, the model
demonstrates a 2.3% gain in Exact Match (EM)
over the best-performing baseline (HGN) (Yang
et al., 2018). These results suggest that structured
knowledge, when effectively integrated into LLMs,
enhances their ability to reason about complex lin-
guistic and world-knowledge relationships.

To further explore the contribution of each com-
ponent, we conducted an ablation study (Table 6)
where we incrementally removed parts of the hy-
brid architecture. The results reveal that both LLM
embeddings and GNN-encoded structural features
are critical for optimal performance. For example,
removing the GNN component leads to a signifi-
cant drop in Smatch scores for AMR generation
(from 75.1% to 68.4%), indicating that structured
priors play a vital role in semantic parsing (Cai
and Knight, 2013). Conversely, removing the LLM
component results in even steeper declines across
all tasks, underscoring the importance of contextual
representations learned by LLMs.

Ablation AMR Hotpot CNN/
Study Smatch | QA EM | Daily-
(%) (%) Mail

ROUGE-
L (%)

Full Hy- | 75.1 62.7 41.9

brid Model

(LLM+GNN)

Without 68.4 58.2 39.5

GNN Com-

ponent

Without 60.3 514 36.8

LLM Com-

ponent

Concatenated| 72.5 58.9 40.2

Features

Only

Table 6: Ablation study results.

5.2 Ablation Study Insights

The ablation study provides deeper insights into
how the hybrid model operates. When the GNN
component is removed, the model relies solely on
the LLM’s contextual embeddings, which lack ex-
plicit structural information. This limitation be-

comes particularly evident in tasks like AMR gen-
eration and dependency parsing, where the model
struggles to accurately capture hierarchical or re-
lational structures. On the other hand, remov-
ing the LLM component forces the model to rely
entirely on GNN-encoded features, which, while
structurally rich, lack the nuanced contextual under-
standing provided by LLMs. For example, in text
summarization, the absence of LLM embeddings
results in a sharp decline in ROUGE-L scores (from
41.9% to 36.8%), as the model fails to generate flu-
ent and coherent summaries (Lin, 2004). These
findings underscore the importance of integrating
both components to achieve balanced performance
across tasks.

5.3 Sensitivity Analysis

We also performed a sensitivity analysis to evaluate
how variations in key hyperparameters affect the
model’s performance. Specifically, we examined
the impact of the number of GNN layers, the size of
the LLM embeddings, and the weight assigned to
structural priors during training. Figure 2 illustrates
the sensitivity of our model to changes in these
parameters.
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Figure 2: Sensitivity analysis of key hyperparameters.



Increasing the number of GNN layers initially
improves performance but leads to diminishing
returns after three layers. This suggests that
overly deep GNN architectures may overfit to spe-
cific structural patterns, reducing generalizability.
Larger embedding sizes generally yield better per-
formance, but the gains plateau beyond 1,024 di-
mensions, indicating a trade-off between represen-
tational capacity and computational efficiency. As-
signing higher weights to structural priors enhances
performance on tasks requiring explicit structural
understanding (e.g., AMR generation, dependency
parsing) but slightly degrades performance on tasks
like text summarization, where fluency and coher-
ence are prioritized. This highlights the need to
carefully balance the contributions of LL.Ms and
GNNs based on the task requirements.

5.4 Task-Specific Observations

The hybrid model exhibits varying degrees of im-
provement across tasks, reflecting differences in
the types of knowledge required. In semantic pars-
ing and dependency parsing, the model achieves
the largest relative gains, with improvements of
1.3% and 1.4% in Smatch and LAS scores, respec-
tively. These tasks heavily rely on structured rep-
resentations, making them particularly well-suited
to benefit from GNN-encoded priors (Nivre et al.,
2016). In contrast, the gains in text summarization
are more modest, with a 0.7% increase in ROUGE-
L scores. This is likely because summarization
places greater emphasis on fluency and coherence,
which are already strengths of LLMs (Lewis et al.,
2020a). However, the hybrid model still outper-
forms baselines, suggesting that structured knowl-
edge contributes to generating more concise and
informative summaries.

In multi-hop question answering, the model
demonstrates a notable 2.3% improvement in Exact
Match (EM) scores. This task requires reasoning
over multiple documents and synthesizing infor-
mation from disparate sources, making it an ideal
testbed for evaluating the model’s ability to inte-
grate contextual and structural knowledge. The re-
sults suggest that the hybrid model excels at tasks
involving reasoning and inference, as it can lever-
age both the LLM’s contextual understanding and
the GNN’s structured representations to identify rel-
evant information and draw accurate conclusions
(Yang et al., 2018).
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5.5 Limitations and Future Directions

Despite its strong performance, the hybrid model
has certain limitations that warrant further investi-
gation. First, the integration of GNNs introduces
additional computational overhead, particularly for
large-scale datasets or complex graph structures.
Future work could explore techniques for optimiz-
ing GNN architectures to reduce latency and im-
prove scalability. Second, the model’s reliance
on high-quality structured data (e.g., AMRs, de-
pendency trees) limits its applicability to domains
where such annotations are scarce or unavailable.
Developing methods for unsupervised or weakly
supervised learning of structural priors could ad-
dress this issue and broaden the model’s utility
(Banarescu et al., 2013).

Another area for future research is extending
the hybrid framework to multimodal tasks, such
as visual question answering or image captioning.
Preliminary experiments using scene graphs from
the Visual Genome dataset show promise, but fur-
ther exploration is needed to fully realize the poten-
tial of combining LLLMs and GNNs in multimodal
settings (Krishna et al., 2017). Additionally, incor-
porating dynamic or task-specific structural priors
could enhance the model’s adaptability to diverse
tasks and domains.

6 Conclusion

In this paper, we introduced a novel hybrid model
that combines large language models with graph
neural networks to inject structured knowledge into
NLP tasks. Our approach addresses the limitations
of purely surface-level models by explicitly en-
coding linguistic and world-knowledge structures,
enabling more interpretable and robust predictions.
Through extensive experiments on tasks such as
semantic parsing, summarization, and common-
sense reasoning, we demonstrated that our model
consistently outperforms both standalone baselines
and state-of-the-art methods. Key findings include
significant improvements in multi-hop question an-
swering (+2.3% EM) and commonsense reason-
ing (+1.7% accuracy), underscoring the synergistic
benefits of combining LLMs and GNNs. Ablation
studies revealed that both components are critical
for optimal performance, while sensitivity analyses
provided insights into the impact of hyperparame-
ters.
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Abstract

While LLMs have grown popular in se-
quence labeling, linear-chain conditional ran-
dom fields (CRFs) remain a popular alterna-
tive with the ability to directly model interac-
tions between labels. However, the Markov
assumption limits them to interactions be-
tween adjacent labels. Weighted finite-state
transducers (FSTs), in contrast, can model
distant label-label interactions, but exact la-
bel inference is intractable in general. In
this work, we present regular-pattern-sensitive
CRFs (RPCRFs), a method of enriching stan-
dard linear-chain CRFs with the ability to learn
long-distance label interactions through user-
specified patterns. This approach allows users
to write regular-expression label patterns con-
cisely specifying which types of interactions
the model should take into account, allowing
the model to learn from data whether and in
which contexts these patterns occur. The result
can be interpreted alternatively as a CRF aug-
mented with additional, non-local potentials,
or as a finite-state transducer whose structure
is defined by a set of easily-interpretable pat-
terns. Critically, exact training and inference
are tractable for many pattern sets. We de-
tail how an RPCRF can be automatically con-
structed from a set of user-specified patterns,
and demonstrate the model’s effectiveness on
a sequence of three synthetic sequence model-
ing datasets.

1 Introduction

Sequence labeling is a common paradigm which
has provided a useful frame to modeling many
tasks in machine learning, ranging from Natural
Language Processing (e.g., part-of-speech (POS)
tagging (Schmid, 1994; Chiche and Yitagesu,
2022)) to protein structure prediction (Wang et al.,
2016; Mukanov and Takhanov, 2022) and weather
pattern prediction (Raje and Mujumdar, 2009).
Sequence labeling is fundamentally a structured
prediction task — individual labels are not in gen-

eral independent from one another, but should
form a coherent label sequence. E.g., in weather
pattern prediction, while the weather at a spe-
cific time point may be uncertain, it should still
be highly correlated to the weather at nearby time
points. In part-of-speech tagging, where an indi-
vidual word like “duck” may have ambiguous POS
in isolation, models strive to tag all words so that
they obtain a grammatical global POS sequence.

In recent years, research in NLP, but also be-
yond, has been dominated by the impressive de-
velopments in the area of neural networks. With
the widespread success of LLM encoders such as
BERT (Devlin et al., 2019), a common approach
is to represent the entire input sequence in the
joint latent space of such an LLM encoder, and to
make independent predictions for each token con-
ditioned on this joint latent representation.! With
a sufficiently powerful encoder, models can try
to sidestep the issue of modeling interactions be-
tween output labels by modeling the interactions
at the level of the input sequence.

However, the success of LLMs is predicated on
both practical and conceptual factors.

* First, at the practical level, LLMs appear to
be a class of learning methods that capitalize
very well on the specific properties of natural
language — that is, the fact that most (hard)
constraints are local, that sequences are fairly
predictable, and that symbols are mildly am-
biguous. In contrast, research has found that
LLM-based models are not such clear suc-
cess stories when applied to languages with
different, properties, notably ’crisper’ ones
such as logics (Liu et al., 2024) and program-
ming languages (Fang et al., 2024)

* Second, LLMs work best when large

!Concretely, this would correspond to e.g. feeding the
input into BERT, and using a position-wise softmax output
layer.
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amounts of data are available for pre-training,
which again is not the case for all domains.

e Third, there are conceptual limits accord-
ing to which even strong encoder-based ap-
proaches to sequence modeling often cannot
be certain about a prediction. This may be
due to underlying ambiguity (e.g. no model
can be certain about the POS tags in an am-
biguous sentence like “I saw her duck.”),
limits imposed by data availability or model
complexity, or simply the difficulty of the un-
derlying task. In such cases, while models
won’t be able to always guess the correct la-
bel sequence, they stand to benefit from ex-
plicitly modeling interactions between labels,
such that they can exclude unlikely label se-
quences.

For these reasons, we believe that structured pre-
diction, with its ability to cope with a larger typol-
ogy of input languages, still warrants investigation
as a general approach to modeling interactions be-
tween labels.

In this paper, we extend linear-chain condi-
tional random fields (CRFs) (Lafferty et al., 2001),
maybe the most established approach to model-
ing label-label interactions. Within this frame-
work, interactions between adjacent labels are di-
rectly modeled, but distant labels are assumed to
only interact by proxy of their intervening labels.
This conditional independence assumption makes
CRFs well-suited for modeling local interactions
between labels, but leads to difficulties when long-
distance interactions are important, such as in quo-
tation detection (Scheible et al., 2016) but funda-
mentally unable to account for more global con-
straints in the interest of computational efficiency.

A related class of models are (neural) weighted
finite-state transducers or FSTs (Mohri, 1997; Eis-
ner, 2002; Rastogi et al., 2016). Like CRFs,
weighted FSTs define a distribution over label se-
quences conditioned on an input sequence, but
they do so by modeling transitions through latent
states. FSTs also obey a Markov assumption, but
in their case, this is a conditional independence as-
sumption on states, not on labels. While the state
at a given time step depends directly only on the
states of neighboring time steps, the output label
at that time step may not be conditionally inde-
pendent from distant output labels, depending on
the structure and weights of the underlying au-
tomaton, and which paths through that automaton
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Figure 1: A linear-chain CRF can only model proba-
bilities of labels occurring at particular positions (¢”"),
and probabilities for labels being adjacent to one an-
other (¢*7). In particular, linear-chain CRFs cannot en-
courage or discourage the presence of nonlocal patterns
in the label sequence, e.g. the regular expression pat-
terns A.*B and . With an RPCRF, a set of such
patterns can be specified, and the model can learn the
probability of each of those patterns occurring at dif-
ferent positions of the label sequence (¢2).

might explain those labels.

This ability to model distant interactions makes
weighted FSTs more powerful than CRFs but
also computationally more demanding. When the
underlying automaton is nondeterministic, infer-
ring the most probable label sequence is NP-hard
(Casacuberta and de la Higuera, 2000). Further-
more, it is often not obvious how to chose the cru-
cial automaton structure in order to be sensitive to
specific types of label-label interactions.

In this paper, we propose regular-pattern-
sensitive CRFs (RPCRFs), a model architecture
combining the strengths of CRFs and FSTs for
sequence labeling. An RPCRF can be seen as
a linear-chain CRF equipped with the ability to
be sensitive to specific types of long-distance in-
teractions between labels. When instantiating a
model, a user specifies a set of regular-expression
label patterns, such that the resulting model will
be able to punish or reward occurrences of those
patterns at specific positions in the label sequence.
In this way, particular types of long-distance in-
teractions can be chosen in a task-specific manner,
while the model is still free to learn how and when
those interactions are important for sequence la-
beling. Figure 1 illustrates how an RPCRF can
model long-distance interactions through sensitiv-
ity to patterns. Equivalently, RPCRFs are a frame-
work for specifying automaton structures for FSTs
in an easily interpretable manner such that the re-
sulting FST will be sensitive to exactly those long-
distance interactions the user would like to model.
Unlike in the general-case for weighted FSTs, an
RPCREF will always define a deterministic automa-
ton, support efficient exact inference like CRFs.



We first characterize RPCRFs formally, and dis-
cuss how one can be implemented as a linear-chain
CREF defined over an alternative label sequence.
We then discuss the time-complexity of param-
eter estimation and inference. Finally, we per-
form a number of experiments on synthetic data
wherein we compare an RPCRF against a linear-
chain, demonstrating different types of nonlocal
label structures an RPCRF can be made sensitive
to through an appropriate choice of patterns.

2 Model architecture and construction

2.1 Formal description

For a label set X, a standard linear-chain CREF, pa-
rameterized by 6, defines a distribution over label
sequences y € X* conditioned on input sequences
x in terms of a transition potential function ¢;"
and a emission potential function (;551 :

Pofy | @) = 5 [T (65 i) - 67 (@,009)
l ()

Z, the partition function, acts as a constant of pro-
portionality, and is chosen such that all probabili-
ties sum to unity:

z=3 (H (06" (i Y1) %/(%y&i)))
"

7

2)
The transition potential function is applied pair-
wise to each pair of adjacent labels, and is re-
sponsible for modeling label-to-label interactions,
while the emission potential function models the
interaction between the input sequence and indi-
vidual labels.

An RPCRF can be understood as standard
linear-chain augmented with additional potential
functions defined by the set of specified patterns.
An RPCREF is additionally hyperparameterized by
a set IL of regular-language patterns, and includes
a pattern potential function, gf)g‘, to model the like-
lihood of different label-sequence patterns ending
at different positions in the sequence:

Fy(y | ) o Pily | @) - [] [[ 3L, @)

LeL i
with Z = 1(L matches x ending at position 7)

In principle, since deciding if an arbitrary regular-
language pattern matches ending on a given la-
bel index requires looking at all preceding labels,
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this defines a CRF without linear-chain structure
wherein all labels are adjacent to one another.
However, as we will show next, the RPCRF distri-
bution can be represented as the distribution over
an auxiliary CRF which does have a linear-chain
structure, allowing for tractable training and exact
inference for these models.

2.2 Construction from patterns

This subsection describes how training and infer-
ence can be done with RPCRFs. As described,
these models are highly cyclic CRFs, for which
exact training and inference are infeasible in gen-
eral. However, we will present a method for defin-
ing an auxiliary, linear-chain CRF whose distribu-
tion happens to equal the RPCREF distribution. As
this auxiliary CRF has a linear-chain structure, pa-
rameter estimation and inference can be done with
the forward and Viterbi algorithms respectively.
We begin by defining a deterministic finite-state
automaton (DFA) TT whose state space captures
information about all patterns in L. Specifically,
we would like to define TT such that, as TT pro-
cesses the label sequence y, the current state of
TT at time step ¢ can tell us which set of patterns
in L match y ending at position i. We achieve
this as follows: for each L € L, we construct a
DFA for the language L' = Z* ¢ L, i.e., the lan-
guage of label sequences with a suffix matching
L. We can then construct T as a product of the au-
tomata for these L', whose states are |IL|-tuples of
the states the constituent automata. While accept-
ing y through TT, we can examine the state-tuple
at each time-step, and determine which set of pat-
terns match y ending at that time step by check-
ing which states in that tuple are accepting states
in their original automata. We can interpret IT as
a state-labeled DFA, where each state is labeled
with the set of patterns which match y ending at
that time-step when that state is reached. In par-
ticular, for each state ¢ in I'T, we will notate the set
of patterns which label that state as L, C L.
Once we have constructed TT, we will define an
auxiliary linear-chain CRF whose label set is the
set A of arcs (labeled arrows) of TT. As TT is deter-
ministic, each possible label sequence y € X* cor-
responds to exactly one path through IT — as a path
through TT can be represented as a sequence of arcs
7 € A* , that path can be used directly as a label
sequence for our auxiliary CRF. We specifically
construct our auxiliary CRF such that the proba-
bility assigned to each arc sequence 7 is equal to



the RPCREF probability for the corresponding label
sequence y:

P | @) = o [T (64 (mismin) - 65,1, )

(2

=Py(y| ) (4)

We achieve this through suitable definition of our
auxiliary CRF’s transition function ¢f~ and emis-
sion function gf)’Q/ :

o5 (a,b) ifr=s
s <S£>t>) B {09 otherwise
(5)
0 if C
o~ N
g/(az (q2r) i ¢y (x,a,1)
[T ¢5(L,i) otherwise
LEL[T]
(6)

where C = 1(7 = 1 and ¢ is not initial state of TT)

These definitions ensure that our auxiliary CRF
will only assign nonzero probability to proper
paths through TT (which start at the initial state
and contain only valid transitions), and, for those
paths, will assign a probability to path 7 equal to
the RPCREF distribution’s probability for the cor-
responding label sequence y. Figure 2 shows a
worked example of this construction, illustrating
the state-labeled automaton obtained from a set of
patterns and the auxiliary CRF computing a prob-
ability for a path through that automaton.

As the time- and space-complexity of our learn-
ing and inference algorithms will depend on the
size of TI, we would like to make TT as small as
possible. This can be achieved by minimizing all
automata for our L’ languages before constructing
IT, and pruning unreachable states in TT.

In the worst case, all states in T will be reach-
able, and the size of TI equals the product of the
minimal number of states for all languages in L,
i.e. it is exponential in |L|. However, we observe
that in many cases where different patterns “share
information,” we can do significantly better than
this upper bound. For instance, when one pattern
is a strict prefix of another, we can include the pre-
fix pattern “for free”, without necessitating any ad-
ditional states, as the product construction has the
effect of simply labeling which states in the larger
automaton match the prefix. Unfortunately, a full
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characterization of such synergies falls outside the
scope of the current work.

3 Experiments

To concretely demonstrate the differences between
RPCRFs and linear-chain CRFs, we perform three
experiments with synthetic data, each demonstrat-
ing a particular class of problem where an RPCRF
can model interactions not capturable by a linear-
chain CRF. Each experiment will feature a syn-
thetic dataset exhibiting a certain type of label
structure, and a pattern set designed to be sensitive
to that label structure. As all labels are trivially
independent under certainty (i.e. when all label
probabilities are either zero or one), all synthetic
data tasks are fundamentally underspecified, such
that models will always need to “guess” the right
answer from some space of possibilities. Thus, for
each experiment, in addition to reporting model
performance, we will report the highest level of
performance possible by a hypothetical model em-
ploying an optimal strategy.

For all synthetic data experiments, we will use
digits as input symbols, and letters and under-
scores as output labels, with the specific mean-
ings of these symbols varying by experiment. For
all experiments, the emission and pattern poten-
tial functions are represented with a biLSTM neu-
ral network (Hochreiter and Schmidhuber, 1997),
and the transition function is represented as a pa-
rameter matrix. All parameters are jointly op-
timized until convergence using the Adam opti-
mizer (Kingma and Ba, 2015).

We evaluate all tasks via exact-match accuracy.
That means that we count a model as correct only
when it predicts the label sequence exactly correct,
and we don’t assign partial credit. This turns out
to be quite important, as many less-strict evalua-
tion methods are explicitly insensitive to the global
structures we are trying to capture. For instance,
when evaluating by token-wise accuracy, models
are not rewarded for producing globally plausible
label sequences, only for ensuring that each indi-
vidual label is likely in isolation, something that
linear-chain CRFs are already capable of.

3.1 Experiment 1: Cardinality patterns

A common source of label interdependencies in
sequence labeling is given by global constraints
on how often a particular label occurs. Under such
constraints, each label can directly depend on each



(a) A DFA for for I1. The path through this automaton for the string BAXAA is marked.

A={aXq), (@1 2aq) . (@1 2q4) , (@2 X02) , (@2 2503) , (@2 Z5q4) , (03 2502) ,
(132503) , (@3 25qa) , (qa2sq2) 5 (qa 25q4) 5 (@a Bya5) , (qa 2yq2)  (qu X5q3) 5 (qa Byqa) }

(b) A, the set of arcs in TT, which will be used as the label set for the auxiliary CRF.

(c) The auxiliary CRF calculating the probability for the arc sequence corresponding to y’s path through TT. Since g3 corre-
sponds to an accepting state for L1, the emission function incorporates the pattern potential for L, at time steps which end on
q3. The resulting probability equals the RPCRF probability for the string y.

Figure 2: A worked example for the label string y = BAXAA of an RPCRF with two patterns: L; = AX*A and
Lo = BX*B. (a) shows TI, the state-labeled automaton we obtain from these two languages, (b) shows the set
of arcs in TT, which will be tags for our auxiliary CRF, and (c) demonstrates how we use our auxiliary CRF to

calculate a probability for y.

other label. For example, if we know that a partic-
ular label must occur exactly once in a sequence,
assigning that label to any particular position af-
fects the marginal distribution of every other po-
sition. These constraints may be soft, though —
for example, in the classification of daily activities
from a smartwatch data sequence, users typically
go running once a day, but might run twice, or not
at all (Kwon and Choi, 2018).

In order to investigate an RPCRF’s ability to
model such cardinality constraints, we construct
a synthetic dataset of (x,y) pairs. For each pair,
x consists of a single non-zero digit k, followed
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Table 1: Example for Experiment 1 (cardinality pat-
terns). The first token of each input specifies the num-
ber of As in the output.

3000000000
__ A AA

9000000000
_AAAAAAAAA

1000000000
A

T
Yy

by nine zeros. The first label of y is always _,
and, of the remaining nine labels, exactly k are 2,
with all others being _. We chose the value of k&
uniformly randomly, and then uniformly randomly
select which k positions should be labeled as A.

As patterns, we use a set of nine regular lan-



Table 2: Results for Experiment 1 (EM acc. = Exact-
match accuracy; Opt. str. = optimal strategy).

Table 3: Example for Experiment 2 (agreement pat-
terns): model must learn which pairs of non-zero out-
put labels correspond (A/B, C/D, E/F).

Model EM acc. (%) % Opt. str.
x 0010000100 0011000000 0001000001
Optimal strategy 14.64 - y _A B _DC _F F
LSTM+CRF 11.27 76.98
LSTM+RPCRF 1461 99.80 interactions between distant labels. In each (x, y)
pair, x is a length-ten sequence containing eight
guages L = {Ly, -+, Lo}: zeros and exactly two ones, which represent enti-
e Nk s ties to be labeled. The corresponding y assigns a _
Lp="(_"a)" s (7

Each L matches label sequences with exactly &
occurrences of A. As pattern can match only a
complete label sequence, and as the languages are
disjoint, only one pattern can match any given la-
bel sequence. An RPCRF should be able to learn
from the first token of the input sequence which
pattern should apply to the label sequence, and as-
sign only that pattern a high weight with its pattern
potential function, resulting in the model always
predicting the correct number of As. Conversely,
while a CRF can learn that the A label should be
more or less likely depending on the value of k, it
has no mechanism for enforcing a specific number
of A labels (except in the case for £ = 9, wherein
the output is deterministic).

Table 1 gives examples of some datapoints for
this experiment. Table 2 summarizes the perfor-
mance of RPCRF and linear-chain CRFs on this
task. We see that an RPCREF is able to achieve
near-optimal accuracy. On the other hand, the
linear-chain CREF, unable to directly enforce cardi-
nality constraints, can only achieve approximately
77% of the optimal strategy’s accuracy.

3.2 Experiment 2: Agreement patterns

Commonly for sequence labeling tasks, the pres-
ence of one type of label in a sequence might be
highly informative about the presence or absence
of other labels at distant positions in the sequence.
For instance, when using sequence labeling to la-
bel named entities in text, an entity of type EVENT
may be likely to occur in the same document as
an entity of type DATE, while there may be no
such affinity between entities of types LAW and
WORK_OF_ART. In the extreme case, certain la-
bels might be guaranteed to co-occur in a docu-
ment, or alternatively forbidden from doing so.
To investigate an RPCRF’s ability to learn such
interactions, we construct a synthetic sequence-
labeling dataset which exhibits strong agreement
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label to all zeros, and a letter from A to F to the two
ones. Importantly, these letter labels are selected
such that A must co-occur with a B, C with a D,
and E with an F. Table 3 provides some example
(z, y)-pairs for this experiment.

We assume a setting where model users know
that some co-occurrence constraints exist, but do
not know the particular letters which can or can-
not co-occur. Thus, as patterns, we use a set of
(g) = 15 languages, with each language match-
ing a label sequence containing two distinct labels
exactly once:

L

{A_* (O[_*ﬁ ’ 5_*@)_*5-’ .
{a,8} € {8,B,C,D,E,F},a # B} (8)

Our model is thus responsible for learning which
label pairs agree and disagree with one another.

Table 4 shows the results on this experiment
for an RPCRF and for a linear-chain CRF base-
line. As before, our RPCRF-based model achieves
nearly optimal performance, while the linear-
chain CRF, unable to learn the relationships be-
tween distant labels, lags significantly behind. In-
terestingly, the linear-chain CRF is able to model
agreement in some cases — namely when the two
entities happen to be directly adjacent Due to this,
it performs better than the % odds we would ex-
pect from having it label the two entities indepen-
dently, but fails in cases where the entities are dis-
tant from one another.

3.3 Experiment 3: Battleship

While this paper has thus-far focused largely on
CRFs with a linear-chain structure, CRFs are also
commonly used for 2-dimensional data in tasks
such as image segmentation (Chen et al., 2017).
In such a setting, instead of labeling elements of
a sequence, individual pixels or grid cells are la-
beled. Crucially, such a setting usually envisions



Table 4: Results for Experiment 2 on agreement pat-
terns (EM acc. = Exact-match accuracy; Opt. str.
optimal strategy).

Model EM acc. (%) % Opt. str.
Optimal strategy 16.67 -
LSTM+CRF 6.97 41.81
LSTM+RPCRF 16.60 99.58

each pixel as directly adjacent to all four of its
orthogonal neighbors, leading to a highly cyclic
graph structure not amenable to tractable exact in-
ference (Murphy et al., 1999).

With appropriate encoding and patterns,
RPCRFs can also be used for labeling such
2-dimensional data. Any 2-dimensional grid can
be serialized row-by-row into a linear sequence.
Cells which neighbored horizontally in the origi-
nal grid are still neighbors in the sequence, while
vertical neighbors are now separated by from one
another by a constant distance equal to the grid
width. By writing patterns that are specifically
sensitive to labels separated by exactly this
distance, we can enable an RPCRF to model
interactions between vertically adjacent cells in
our original grid.

We demonstrate this concretely with a synthetic
task on a 5 x 5 grid. Somewhere on this grid, a
4 x 1 battleship is hiding, positioned and oriented
randomly. The input sequence & comprises all ze-
ros, except for a single one, at some randomly-
chosen cell of the battleship. In the label sequence
y, each cell occupied by the battleship is labeled
A, while all other cells are labeled _. The model’s
task is thus to guess the position and location of
the battleship, given only a single “hit.”

Table 5 illustrates some input-output pairs. We
use a single pattern, sensitive to two As separated
by four _s (i.e., vertically adjacent in the grid):

L={a__ a} ©)

This allows RPCREF to be sensitive to vertically ad-
jacent pairs of As in the label sequence (at least
when all intervening labels are instances of _).
Table 6 reports the performance of our two
models. In this case, the RPCRF-based model
does not achieve the performance of the optimal
strategy here. This is due to a limitation in the
pattern used: while the model can use its pattern
to ensure the predicted As are adjacent, it has no
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mechanism for ensuring that it predicts the cor-
rect number of As. Nonetheless, even though the
provided pattern set cannot capture all structural
properties of the label sequences, we still see sig-
nificant improvements over a linear-chain CRF.

4 Related Work

Our proposed approach is one of many ways for
extending a linear-chain CRF in a manner that
selectively circumvents the Markov assumption
of default CRFs. Here we will briefly discuss
some alternate formalisms for defining and work-
ing with such "higher-order’ CRFs.

Pattern-based CRFs. A conceptually similar
approach to our current proposal are pattern-
based CRFs (Ye et al., 2009; Takhanov and Kol-
mogorov, 2013). As with our regular-pattern-
sensitive CRFs, pattern-based CRFs allow practi-
tioners to specify a set of label patterns, allowing
the CRF to learn long-distance dependencies by
either encouraging or discouraging the presence of
these patterns at particular locations of the label
sequence. However, the patterns in pattern-based
CRFs are limited to exact string matches, while
our RPCRFs allow for arbitrary regular-expression
patterns. Critically, a pattern-based CRF can only
model dependencies as distant as its longest search
pattern, while RPCRFs can easily be designed to
learn dependencies over arbitrary distances, as our
Experiment 1 demonstrated.

Semi-Markov CRFs. Another approach com-
monly used for allowing CRFs to learn non-
local label interactions are semi-Markov CRFs
(Sarawagi and Cohen, 2004). Under this for-
malism, rather than labeling each individual to-
ken, a semi-Markov CRF outputs a segmentation
of the input, labeling each segment. While seg-
ment labels must follow the Markov assumption
(each segment’s label depends directly only on
its neighboring segments), the model’s behavior
within each segment may be non-Markovian. Such
models offer an efficient approach to modeling
certain types of nonlocal interactions, but these in-
teractions are limited to occurring within the same
segment, again in contrast to our model.

Skip-chain CRFs. A skip-chain CRFs (Sutton
and McCallum, 2007) is an otherwise linear-chain
CRF augmented with skip-connections, a number
of connections directly connecting otherwise dis-
tant labels in the sequence. The exact structure



Table 5: Example for Experiment 3 (battleship). Each input marks a single cell of the battleship, while the output
marks all of its cells. Inputs/outputs are shown as 5 x 5 grids here but are treated as length-25 sequences by models.
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Table 6: Results for Experiment 3, Battleship (EM acc.
= Exact-match accuracy; Opt. str. = optimal strategy).

Model EM acc. (%) % Opt. str.
Optimal strategy 31.25 -
LSTM+CRF 2.50 8.00
LSTM+RPCRF 12.49 39.98

of these skip connections can be specified accord-
ing to the task, and may even be specified con-
ditioned on the input sequence. This provides a
conceptually straightforward way to enable linear-
chain CRFs to model long-distance dependencies.
While skip connections can be selected to account
for many possible types of long-distance interac-
tions, the resulting graphs are highly cyclic, and
often require approximate techniques for param-
eter estimation and inference. Nonetheless, with
certain connection structures, tricks are possible
to allow for exact training and inference on skip-
chain CRFs (Galley, 2006).

Regular-constrained CRFs. Regular-con-
strained CRFs (Papay et al., 2022) enforce that
a model’s output sequence must match some
user-specified regular expression. While this en-
ables linear-chain CRFs to respect non-local label
interactions, our proposal allows a CRF to learn
the likelihood of regular expressions matching at
different positions in the label sequence. Thus,
a regular-constrained CRF can be understood
as a special case of a RPCRF with a single
pattern (the complement of the user-specified
language) given a constant potential of zero.
While regular-constrained CRFs are limited to
enforcing constraints known a priori, our regular-
pattern-sensitive CRFs can learn when different
label patterns are likely or unlikely.
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5 Conclusions

This paper introduced regular-pattern-sensitive
CRFs, a method for enriching linear-chain CRFs
with the ability to learn long-distance interac-
tions which occur within user-specified regular-
expression patterns. By representing all patterns
in a single state-labeled DFA, and using an aux-
iliary CRF to represent a distribution over paths
through this DFA, we can selectively extend CRFs
with non-local features while preserving efficient
parameter learning and inference.

Regular patterns are often sufficient to model
the relevant structures in the domain, as Experi-
ment 2 illustrates. More complex structures can
often be rewritten with regular patterns by assum-
ing a maximum input length (cf. (Mohri and
Nederhof, 2001) and Experiment 1). Even when
regular-language patterns cannot fully capture the
dependency structure of the labels, and imper-
fect approximation can still yield a substantial im-
provement, as we found in Experiment 3.

Regular patterns offer a flexible and power-
ful tool for incorporating domain knowledge into
sequence classification models that combine the
knowledge-based and data-driven paradigms in a
promising fashion. Sequence labeling models can
be made to account for specific tasks’ output struc-
tures by simply specifying regular-expression pat-
terns, without the need to explicitly construct an
FST or otherwise adapt the model architecture.

A promising direction for future work lies in
the combination of RPCRFs with LLM encoders.
The strengths of these two paradigms could prove
complementary, and LLMs with RPCRF output
layers may make good models for structured pre-
diction tasks such as relation extraction or seman-
tic role labeling, where it is necessary to model
both linguistic interactions in the input as well as
structural interactions in the output.



Limitations

While training and inference time for RPCRFs are
quadratic in the number of arcs in the underlying
automaton, this number is worst-case exponential
in the number of patterns, limiting our model’s use
with some large sets of patterns. While some com-
binations of patterns synergize and yield small au-
tomata, we do not have a formal characterization
of which combinations of patterns lead to tractable
models.
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Abstract

Large Language Models (LLMs) have brought
significant breakthroughs across all areas of
Natural Language Processing (NLP), including
Information Extraction (IE). However, knowl-
edge gaps remain regarding their effectiveness
in extracting entity-relation triplets, i.e. Joint
Relation Extraction (JRE). JRE has been a key
operation in creating knowledge bases that can
be used to enhance Retrieval Augmented Gen-
eration (RAG) systems. Prior work highlights
low-quality triplets generated by LLMs. Thus,
this work investigates the impact of incorporat-
ing linguistic structures, such as constituency
and dependency trees and semantic role label-
ing, to enhance the quality of the extracted
triplets. The findings suggest that incorporat-
ing specific structural information enhances the
uniqueness and topical relevance of the triplets,
particularly in scenarios where multiple rela-
tionships are present!.

1 Introduction

IE is a crucial NLP task that extracts structured
knowledge from unstructured data. Named En-
tity Recognition (NER) and Relation Extraction
(RE) are two essential sub-processes that facilitate
IE. They play an integral role in the population of
knowledge bases (KBs), where entities serve as
nodes and relationships as connecting links. Most
recently, NER and RE have been employed to cre-
ate knowledge graphs for GraphRAG applications
(Edge et al., 2024; Han et al., 2024). A popular
paradigm, JRE, unifies NER and RE by identify-
ing entities and relationships in a single task from
the text sample. JRE garnered significant attention
from the NLP community before LLMs emerged.
However, research on this topic has become scarce
with the advent of LLMs, leaving a gap in under-
standing their impact on JRE.

'Code: https://github.com/anushkasw/StructLLM
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The limited studies exploring LLMs for JRE
have highlighted issues such as redundancy in ex-
tracted triplets and low topical similarity to the
target sentence (Swarup et al., 2025). These issues
are further exacerbated when there is a possibility
of multiple relationships. These problems, coupled
with the challenges in evaluation caused by the
open-ended nature of the LLMs (Wadhwa et al.,
2023), have limited their usage for this task. How-
ever, LLMs possess vast knowledge and strong
instruction-following capabilities, suggesting their
potential to serve as effective joint extractors.

Linguistic structures have been employed as an
aid for IE systems through the advancements in
NLP. On the one hand, dependency trees (DT) have
imparted fine-grained knowledge about the con-
nections between the words in a sentence to neu-
ral networks (Tian et al., 2021; Miwa and Bansal,
2016; Chen et al., 2021). On the other hand, Se-
mantic Role Labeling (SRL) has shown close con-
nections with OpenlE triplets (Christensen et al.,
2011, 2010). Additionally, constituency trees (CT)
have provided a structured representation of input
text to the models (Jiang and Diesner, 2019).

This work investigates the potential of using lin-
guistic structures CT, DT, and SRL as additional
knowledge to the LLMs to enhance their perfor-
mance on sentence-level JRE. The goal is to im-
prove their fine-grained semantic understanding
from the comparatively shorter context present at
the sentence level. Our findings indicate that struc-
tural information improves the quality of extracted
triplets, especially with smaller models. Addition-
ally, these linguistic structures help LLMs better
handle text with multiple relationships, ensuring
more accurate and contextually relevant triplets.

2 Methodology

Problem Statement: Given a sentence S and an
LLM-based joint relation extractor M, the objec-
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Figure 1: Pipeline to study the influence of linguistic structures on LLMs for JRE.

tive of M is to extract a set of entity-relation triplets
of the form (el,r,e2), where el and e2 are en-
tities, and r represents the relationship between
them. Note that information about the entities is
not provided apriori. Target relationships may be
constrained to a predefined set if required.

2.1 Prompt Engineering

This study investigates the capabilities of LLMs in
jointly extracting entities from sentences. A multi-
task approach where the prompt instructs the LLMs
first to extract all entities from the input sentence
and then extract all possible entity and relation
triplets was used. This prompting style was used
to maximize the LLMs’ triplet predictions.

Existing literature shows no significant gain with
In-context learning-based (ICL) few-shot strate-
gies for JRE (Li et al., 2023; Swarup et al., 2025).
Thus, this work employs zero-shot prompting with
two variations. First, when the knowledge of the
dataset’s relation space is verbalized in the prompt
(rel++), and second, in an open setting where no
such knowledge is provided (open). Examples of
all prompt types are in Appendix A.3

2.2 Linguistic Structures

Three widely used linguistic structures were se-
lected for this study based on the type of knowledge
they provide. First, CTs were incorporated into the
LLMs’ prompts to assess the impact of syntactic
information on JRE. Second, DTs were used to
encode both semantic and syntactic relationships,
offering valuable insights into word dependencies,
even across distant words. Finally, SRL was in-
cluded due to its strong alignment with the JRE
objective, where arguments and verbs can capture
the roles of entities and relationships.
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2.3 Experimental Setup

Figure 1 depicts the pipeline for this work. This
study employs five LLMs as joint relation ex-
tractors: OpenChat-3.5 (7B), Meta-Llama-3.1-8B-
Instruct (8B), Mistral-Nemo-Instruct-2407 (12B),
Gemma-2-9B-IT (9B), and GPT-40. These models
were selected to ensure representation from ma-
jor LLM families. Multiple parsers were utilized
to extract the structural information. Specifically,
AllenNLP? was used to obtain all three linguistic
structures discussed above. Stanza (Qi et al., 2020)
was employed to extract CT and DT. As SRL is not
supported by stanza, DeepSRL (He et al., 2017)
was used as an alternate extractor.

Next, NYT10 (Riedel et al., 2010), TACRED
(Zhang et al., 2017), and CrossRE (Bassignana and
Plank, 2022) datasets were chosen for this study.
Most of these datasets have proven to be challeng-
ing for past models. Additionally, the composition
of the datasets shows that they have a high per-
centage of samples consisting of multiple relations,
which is a challenging use case. Details regard-
ing the pre-processing steps and statistics of the
datasets can be found in Appendix A.1.2.

Subsequently, four experiments were con-
ducted with the configurations: instruction
only (baseline), instruction+CT (base+ct), in-
struction+DT (base+dt), and instruction+SRL
(base+srl). As the names suggest, these experi-
ments are based on the type of structural informa-
tion added to the baseline prompt.

Multiple strategies were employed to evaluate
the performance of the LLMs for JRE. This work
employs traditional metrics (precision, recall, and
F1-score) and soft metrics introduced in the Gen-

Zhttps://docs.allennlp.org/models/main/
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RES benchmark (Jiang et al., 2024). Specifically
Uniqueness Score (US), Topical Similarity (75),
and Completeness Score (CS). More implementa-
tion details can be found in the source paper and
Appendix A.1.4. Finally, the goal of this study
was to investigate the performance variations with
the base+dt, base+ct and base+srl experiments
as compared to the baseline experiments. The
Mann—Whitney U test was employed for this pur-
pose to test the statistical significance of the obser-
vations (p_value < 0.05).

3 Results

This study investigates the influence of linguistic
structures on LLM-based JRE models. As dis-
cussed above, both traditional and soft metrics were
used to quantify the influence of these elements.
Table 2 in the Appendix shows the LLM perfor-
mances using traditional metrics. The negligible
scores attained by the LLMs highlight the imprac-
ticality of using these metrics for evaluation. The
open-ended nature of the LLM output makes exact
matching with ground truth labels almost impossi-
ble to perform. Thus, the rest of the study employs
soft metrics to assess the quality of the triplets.
Figure 2 depicts the performance of the selected
LLMs across datasets and prompting strategies. It
can be observed that adding structural information
helped enhance the quality of triplets, specifically
increasing their uniqueness and topical similarity.
However, it had a detrimental effect on the com-
pleteness with respect to the ground truths. Fine-
grained dataset-specific scores can be found in the
Appendix in Table 3.
Structure reduces redundancy in triplets. The
findings show that incorporating structural el-
ements such as DT leads to enhancements in
triplet extraction across LLMs such as OpenChat,
Gemma, and Mistral, as evidenced by the increase
in average US scores. DT captures crucial syn-
tactical relationships even between distant words
in a sentence. This structural information likely
enhances the LLMs’ comprehension of the text,
preventing them from extracting similar relation-
ships. Furthermore, this effect was particularly pro-
nounced for CrossRE, a dataset containing samples
from multiple domains, where statistically signifi-
cant US gains were observed.
Structure enhances topical similarity. Incorpo-
rating SRL information resulted in more topically
relevant triplets across most LLM-dataset combi-
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nations, as reflected by the increase in average 7.S
scores. Statistically significant gains were observed
for Openchat, Llama, Gemma and Mistral across
datasets. This suggests that SRL helps LLMs fo-
cus more effectively on the language used in the
text. SRL outputs closely align with the triplet
structure, where arguments often correspond to en-
tities and verbs to relationships. It is likely that
LLMs recognize this alignment and leverage SRL
to extract triplets. Since SRL outputs are inherently
constrained to the sentence context, the LLM’s pre-
dictions also become more contextually grounded,
thereby improving topical relevance.
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Figure 2: US, TS, CS scores for different LLM-based
JRE models across datasets, seeds, and prompting strate-
gies. The x-axis is organized from the LL.Ms with the
fewest parameters to the most parameters. Note that the
y-axis range has been adjusted to enhance the visibility
of metric variations.



Structure deviates triplets from the ground-
truth. The results indicate a linear reduction in
CS as more advanced structures were incorporated.
CS measures the comprehensiveness of extracted
triplets relative to the ground truth. The observed
decline from the baseline to base+srl suggests that
as LL.Ms integrate more advanced linguistic struc-
tures—imparting higher-order and semantic knowl-
edge—their alignment with ground-truth triplets
decreases. Previous research has highlighted the
limitations of ground truth triplets in most state-of-
the-art datasets, suggesting that these triplets are
often highly specific and limiting. With the addi-
tion of richer semantic information, LLMs tend to
generate generalized yet semantically accurate pre-
dictions, which may contribute to the decline in CS.
Additionally, the drop in completeness may also be
a byproduct of redundancy reduction. Rather than
failing to extract essential information, the model
might be filtering out less meaningful triplets.

I baseline [ base+ct [ base+dt
90 A
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(%]
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type

Figure 3: Addition of CT and DT structures prevents
uniqueness reduction as the number of relations in-
creases compared to the “baseline” experiments for most
categories. Performances are shown across datasets,
models, seeds, and prompt types. Note that the y-axis
range has been adjusted to enhance the visibility of
metric variations.

4 Discussion

The results highlight the redundancy reduc-
tion in the extracted triplets, specifically when
dependency-based structural information was
added to the LLM’s prompt. Previous research has
highlighted that triplet redundancy increases when
the source text contains multiple relationships. To
analyze this effect, the US scores were examined

39

across sentence categories with varying numbers
of ground truth relations. The methodology for this
experiment can be found in the Appendix in section
A.1.5. Figure 3 indicates that linguistic structures
help maintain the uniqueness of extracted triplets
compared to baseline LLMs. While the US score
for baseline experiments decreases as the number
of relations increases, the US scores for LLMs with
structural information remain relatively consistent.
Additionally, statistically significant gain was ob-
served between the “baseline” and “base+dt” ex-
periments in the n2-n5 categories. Thus, it can be
inferred that linguistic structures help LLMs dif-
ferentiate between distinct relationships, thereby
helping them extract only the most relevant triplets.
Some examples of how LLMs can filter out sim-
ilar meaning triplets by enhancing their semantic
reasoning capabilities can be found in Appendix
A2.2.

4.1 Related Works
4.1.1 LLMs for JRE

In recent years, many studies have investigated us-
ing LLMs for various IE tasks. Most such studies
have focused on the applications of Named Entity
Recognition (NRE) (Xie et al., 2023; Kim et al.,
2024) and Relation Classification (RC) (Wan et al.,
2023; Xu et al., 2023). Very few studies have been
conducted for the JRE objective, likely due to the
difficulties in evaluation. These studies investigate
the potential of using LLMs as zero-shot and few-
shot extractors by experimenting with various ICL
and prompting strategies (Li et al., 2023; Wadhwa
et al., 2023; Swarup et al., 2025). Recently, the
GenRES benchmark (Jiang et al., 2024) was pro-
posed to qualitatively evaluate LLM-based JRE
extractors.

4.1.2 Structural Modeling for IE

Linguistic structures have been widely used to aid
language models for extracting entities and relation-
ships. CTs have been used to provide structured
information about the associated text by detailing
syntactical knowledge about various grammatical
components (Jiang and Diesner, 2019). DTs further
enhance this knowledge by highlighting the rela-
tionships between words in the sentence, making
them a widespread technique in the RC literature
(Tian et al., 2021; Miwa and Bansal, 2016; Chen
et al., 2021). Finally, SRL has been known to pro-
vide semantic understanding of the sentence. They
have been employed as a tool in OpenlE systems to



extract entities and relations from the text in an un-
supervised setting (Christensen et al., 2011, 2010;
Barnickel et al., 2009).

5 Conclusion

This study investigates how incorporating linguis-
tic structures influences LLMs’ entity and rela-
tion extraction capabilities. The results high-
light the improved quality of extracted triplets
when structural information is incorporated into
the LLMs’ prompts. This enhancement in quality
was achieved through the reduction of redundant
triplets (especially in the presence of multiple re-
lationships) and increased similarity to the source
text—both critical in real-world applications. For
instance, in a KB construction task from finance
data where multiple relationships are common, re-
dundant triplets can create unnecessary paths, re-
ducing the efficiency of the KB. In contrast, topical
relevance is critical when extracting knowledge
from user-facing systems such as chatbots, making
extracting the most relevant entities and relation-
ships essential.

Further, the study highlights a potential draw-
back: the inclusion of structural information for
quality enhancement comes at the cost of misalign-
ment from the ground truth labels, which are of-
tentimes very restrictive. This finding suggests a
trade-off between completeness and uniqueness,
which should be carefully considered based on the
application’s requirements. Finally, there is a need
to re-evaluate SOTA datasets in IE, as many contain
highly specific and constrained labels. Developing
datasets with more generalized label spaces would
provide a more comprehensive evaluation frame-
work for IE systems in the LLM era.

Limitations

This study highlights the influence of linguistic
structures on LLM performance in JRE, using well-
established tools to extract these structures. How-
ever, linguistic structure extraction can come with
inherent noise, as noted in prior research. How-
ever, investigating noise reduction strategies, such
as pruning the branches of the trees, was not part
of the scope of this paper. This avenue can be
explored as future work.

Additionally, we acknowledge that the introduc-
tion of the structural elements can introduce noise
in the extracted triplets. Thus, an assessment of the
factuality of the triplets is imperative. However, ex-
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isting factualness metrics, including the one present
in the GenRES benchmark relies on triplet-level
LLM evaluation, which preliminary experiments
showed as unreliable and difficult to scale. Despite
these challenges, we recognize the importance of
this dimensions and aim to find ways to incorporate
these metrics in future work.
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A Appendix

A.1 Implementation Details

This section discusses additional details regarding
the experimental methodology used for this study.

A.1.1 Model Configurations

Table depicts the detailed model configuration
along with the parameters used for this study.

A.1.2 Dataset Details

NYTI10, TACRED, and CrossRE datasets were cho-
sen for this study. Since these datasets were created
with the RC objective in mind, they had to be con-
verted into a format compatible with JRE. For this,
duplicate samples were grouped, and entity and
relation triplets were created from the ground truth
data provided. Table 1 depicts the test data statistics
of the datasets. It can be observed that the group-
ing facilitated the possibility of multiple triplets
associated with the text samples. Finally, accord-
ing to the trend in the literature, the original test
sets were sampled using three random seeds (13,
42, and 100) to lower the cost of LLLM processing
and provide variability in the experiments. Some
additional preprocessing details for the datasets are
as follows:

* NYT10. The preprocessed version of the
dataset (Takanobu et al., 2019) was used for
this study.

TACRED. The dataset contains no_relation
relationships in the ground truth triplet. It is
impractical and redundant for the JRE objec-
tive to make the LLLM extract triplets where
the entities do not have a relationship. Thus,
all triplets with the no_relation label were re-
moved at the preprocessing stage.

¢ CrossRE. This dataset was used as-is.

Table 1: Dataset Statistics

Datasets  #n’ #r2 nl n2 n3 n4 >n5
CrossRE 913 17 139 134 104 131 405
NYTI10 2003 29 1478 307 89 114 15
TACRED 1154 41 841 201 62 25 25

! Number of samples 2 Number of relations in the dataset
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A.1.3 Parsers

Figure 4 shows how the linguistic structures are
incorporated in the LLM’s prompt. More details
about the parsers used to extract linguistic struc-
tures for this study are as follows:

* AllenNLP. This study employs a biaffine
dependency parser’ (Dozat and Manning,
2016), constituency parser* based on elmo-
embeddings (Stern et al., 2017) and BERT-
based SRL parser’ (Shi and Lin, 2019).

Stanza® (Qi et al., 2020). This study employs
the shift-reduce constituency parser (Liu and
Zhang, 2017) and a deep biaffine graph-based
dependency parser (Qi et al., 2019).

DeepSRL’ (He et al., 2017). This study em-
ploys an ensemble of deep BiLSTM architec-
ture for SRL.

A.1.4 Evaluation Metrics

As discussed above, TS, CS, and US were used
to assess the quality of the extracted JRE triplets.
The original methodology (Jiang et al., 2024) was
followed to calculate the metrics. Here are some
additional details:

* TS. This metric was used to quantify the top-
ical similarity of the extracted triplets to the
source text. For this, LDA topic modeling was
done to extract 150 topics from the test sets of
each dataset.

US. This metric was used to calculate the level
of uniqueness among the triplets extracted for
each test sample. It was calculated by perform-
ing similarity matching on the embeddings of
the extracted triplets from one another. The
triplet embeddings were calculated using Ope-
nAl’s “text-embedding-ada-002", and the sim-
ilarity threshold was set to 0.95.

3https://storage.googleapis.
com/allennlp-public-models/
biaffine-dependency-parser-ptb-2020.04.06.tar.gz

*https://storage.googleapis.
com/allennlp-public-models/
elmo-constituency-parser-2020.02.10.tar.gz

5https://storage.googleapis.
com/allennlp-public-models/
structured-prediction-srl-bert.2020.12.15.tar.gz

6https://stanfordnlp.github.io/stanza/index.
html

7https://github.com/luheng/deep_srl/tree/
master?tab=readme-ov-file
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/" You are a knowledgeable person. You will solve the relation extraction task in two steps. Given a context and its A
’
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associated $STRUCTURES, first, find all entities present in the text. Second, find all possible relations between
pairs of extracted entities and construct entity relation triplets. Note that multiple relations are possible between
any pair of entities. In the output please replace SENTITY_LISTS$ with the entity list [ENTITY 1', 'ENTITY 2/,
'ENTITY 3',.....] and $TRIPLETS$ with the list of triplets [[ENTITY 1', 'RELATIONSHIP', 'ENTITY 27, ...]. Please
do not add any additional information or explain how you extract them.

Instructions

Context: “A frame language is a technology used for knowledge representation in artificial intelligence .”]— Test Sentence

Constituency Tree: “(ROOT (S (NP (DT A) (NN frame) (NN language)) (VP (VBZ is) (NP (NP (DT a) (NN
technology)) (VP (VBN used) (PP (IN for) (NP (NP (NN knowledge) (NN representation)) (PP (IN in) (NP (JJ
artificial) (NN intelligence)))))))) (. .)))"

Dependency Tree: “(language, amod, A)\n(language, nn, frame)\n(technology, nsubj, language)\n(technology,
cop, is)\n(technology, dep, a)\n(ROQT, root, technology)\n(technology, partmod, used)\n(used, prep, for)\n(for,

artificial)\n(in, pobj, intelligence)\n(technology, punct, .)”
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N
.
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~.
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pobj, knowledge)\n(knowledge, amod, representation)\n(representation, prep, in)\n(intelligence, amod,

Semantic Role Labeling: “Predicate: is\nSRL: [ARG1: A frame language] [V: is] [ARG2: a technology used for
knowledge representation in artificial intelligence] .\n\nPredicate: used\nSRL: A frame language is [ARG1: a
technology] [V: used] [ARG2: for knowledge representation in artificial intelligence]”

\. Given the context, the list of entities are $SENTITY_LIST$ and the list of triplets are $TRIPLETS$

~ Linguistic Structure
(based on the
experiment type)

I

7
} FinalInstruction /

’
a

-~

e

Figure 4: Example of integration of linguistic structures in LLM’s prompt.

* CS. This metric measures the ground truth
triplets covered in the LLMs extraction. It was
calculated by performing similarity match-
ing on the extracted triplet embeddings with
those of the ground-truth triplets using Ope-
nAI’s “text-embedding-ada-002" and a simi-
larity threshold of 0.95.

A.1.5 Multiple Relations

To analyze the influence of linguistic structures on
samples with multiple relations (discussed in Sec-
tion 4), we categorized the dataset samples into
five groups: nl (single ground truth relation), n2
(two relations), n3 (three relations), n4 (four re-
lations), and n5 (five or more relations). Table
A.1.2 presents the statistics for these categories.
Notably, NYT10 contains an insignificant number
of samples in the n5 category, while TACRED has
very few in both n4 and n5. Consequently, these
categories were omitted from calculations for the
respective datasets. Additionally, due to the high
variability of samples within each category across
datasets, we performed 5000 bootstrap experiments
by sampling 80, 60, and 100 samples per category
for NYT10, TACRED, and CrossRE, respectively,
while calculating the metric scores.

A.2 Additional Results

This section showcases results at the dataset and
parser-level to provide additional insights.
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A.2.1 Dataset-specific Performances

Table 2 depicts dataset-level performances of the
LLMs across the four experiments using traditional
metrics - precision (P), recall (recall), and F1-score
(F1). As mentioned in the main paper, all LLMs
attain negligible scores, with GPT as the highest
performer. These performances are not a good
representation of the LLM extractions. Thus, soft
metrics were chosen as the mode of analysis in this
study.

Table 3 presents the dataset-level performance
of the LLMs across US, TS, and CS dimensions.
Overall, the influence of linguistic structures was
best observed on the CrossRE dataset. This dataset
contains challenging samples from multiple do-
mains such as science, literature, politics, etc., sug-
gesting that linguistic structures can aid in cross-
domain understanding of language by LLMs. For
the LLMs, smaller models such as OpenChat were
most influenced by linguistic knowledge, and the
largest model, i.e., GPT, was the least influenced.
As the size increases, more and more knowledge is
stored in the model’s parameters. It is possible that
larger models don’t require additional assistance as
they already contain sufficient knowledge.

A.2.2 Quality Enhancement

Some examples of quality enhancement using lin-
guistic structures are discussed in this section. Ta-
ble 4 shows two examples where the addition of DT
helped reduce the redundancy of the triplets. In the



Table 2: Traditional metric-based evaluation of LLLMs for the chosen datasets.

NYT10 TACRED CrossRE

LLM EXP P R  Fl P R FlL | P R Fl
baseline  11.86 1648 12.67 1047 1442 11.19 3.63 457 3.78

base+ct  11.02 1593 1198 9.79  14.13 10.63 265 3.78 287

GPT base+dep 1034 1576 1142 8.82 1313 9.66 2.63 342 278
base+srl  9.66 1424 1057 7.64 1183 855 264 340 278

baseline  4.67 6.67 501 2.64 341 2,67 239 269 235

base+ct 279 468 3.2 211 343 229 155 201 1.60

Gemma  pase+dep 242 397 269 212 304 223 108 155 1.13
base+srl 248 430 285 1.82 251 191 073 093 0.73

baseline  0.64 259 093 010 029 012 112 250 146

base+ct 049 243 075 010 039 013 073 2.00 0.99

Llama base+dep 0.34 1.82 052 006 030 0.09 050 134 0.67
base+srl 038 203 060 003 010 004 060 173 0.83

baseline 324 827 411 224 521 279 197 256 206

. base+ct 230 576 291 198 497 251 196 247 204
Mistral base+dep 222 581 276 148 380 1.87 145 204 157
base+stl 241 621  3.02 177 417 218 151 211 1.62

baseline  1.82 630 250 057 254 086 172 246 1.89

base+ct 145 554 207 059 279 092 09 172 1.14

OpenChat  pase+dep 1.13 471 167 047 226 074 060 087 0.65
base+stl 111 456 163 037 158 057 073 106 0.79

first case, the addition of the DT helped the LLM
extract a diverse set of triplets, which depicted var-
ied relationships. On the other hand, the LLMs
without DT could only extract relations of the type
“performed”. Similarly, in the second example, the
standalone LLM can extract relationships only with
the entity “John Mccain”. However, adding DT
helps the LLM extract unique relations such as
“conference calls, participants, bloggers”, which
requires advanced language understanding for ex-
traction. Note that there are cases of erroneous
triplets for all experiments, which should be tack-
led by future work.

Next, Table 5 presents two examples illustrating
the topical improvements achieved by incorporat-
ing SRL information. These gains can be attributed
to the contextual focus that the LLMs attain when
structural information is provided. In both exam-
ples, the SRL information helps the LLM pay atten-
tion to the core topic of each sentence, i.e., the tour
and the oil trade, respectively. Without the added
structural information, the LLLMs tend to focus on
general relations, which are more fact-oriented.

A.3 Prompts

Refer to Figures 5-8 for the prompts used for this
study.
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Table 3: TS, CS, US scores for different LLM-based JRE models for the chosen datasets. * indicates experiments
with statistically significant gain as compared to the baseline experiments (p_value < 0.05).

Model Dataset Exp TS CS UusS

baseline  32.81 75.57 71

base+dt 31.74 57.55 72.99
base+srl  36.94 56.1 68.82
base+ct 32.47 65.67 68.65

baseline  41.57 69.93  76.12

OpenChat base+dt  41.65 58.18  78.52
TACRED base+srl  47.93 5395 73.64

base+ct  41.86 67.4 76.05

baseline 39.29 76.37 64.71
base+dt 41.11 59.25  75.117

NYT10

CrossRE | cessrl 4962 61.09  61.69
base+ct 41.1 70.97  69.24*
baseline  32.94 75.02 61.3
base+dt 38.2 64.83  62.03
NYTI0 base+srl  39.04 48.16  51.75
base+ct 38.14 70.44  61.39
baseline 39 69.68 64.4
Llama base+dt 41.51 68.98  62.25
TACRED base+srl  47.64 54.52  58.01
base+ct 41.49 71.04  62.12
baseline 35.88 80 55
CrossRE base+dt 41.11 70.54  59.38

base+srl  47.51 66.51  50.38
base+ct 40.13 78.07 57.21

(continued on next page)
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Model Dataset Exp TS CS US
baseline  28.46 5774  66.38
base+dt 29.6 5273  68.76

NYTIO base+srl  36.47 42,47  68.54
base+ct 31.23 51.22 67.68
baseline  35.52 4537  64.82

Gemma base+dt 36.72 43.65 68.7

TACRED base+srl 45.21 35.47 70.09
base+ct 39.52 4531  66.96
baseline  39.18 69.83  60.36
base+dt 41 60.9 62.36

CrossRE cessrl 4999 517 57.1
base+ct 42.77 62.28 59.82
baseline  28.58 66.39  66.65
base+dt 33.85 56.48  70.22

NYTI0 base+srl 31.99 52.82 67.76
base+ct 322 57.79  68.57
baseline 36.21 66.04 72.22

Mistral base+dt 41.02 58.68 74.51

TACRED base+srl  39.25 57.03 72.55
base+ct 39.21 60.45 73.62
baseline 35.62 7296  57.67
base+dt 40.9 6535 61.67"

CrossRE  isersrl 4303 6219 5827
base+ct 38.95 68.37 58.74
baseline  28.64 77.84  69.11
base+dt 31.37 72.49 67.83

NYTIO base+srl  32.05 69.15 68.11
base+ct 30.68 72.64  67.94
baseline 34.01 64.4 70.32

GPT base+dt 36.81 66.42  73.07

TACRED base+srl  38.23 62.55 73.18
base+ct 36.67 66.62  72.39
baseline  38.32 79.89  62.07
base+dt 42.79 71.74 61.22

CrossRE  cessrl 477 6821 619
base+ct 42.35 73.86  62.11
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Table 4: Examples of US enhancement with DT. Only a small set of triples are shown for each prediction.

Sentence EXP Model/ US Predicted Triplets
Prompt
In 2006, along with Sonu Nigam, baseline Llama/ 0.16  (ghoshal, performed, 2010 common-
Sunidhi Chauhan and Shiamak rel++ wealth games), (ghoshal, performed,
Davar, Ghoshal performed the theme commonwealth games in delhi),
song of 2010 Commonwealth (ghoshal, performed, everyone),
Games at its closing ceremony, as an (ghoshal, performed, following common-
invitation to everyone to the wealth games), (sonu nigam, performed,
following Commonwealth Games in 2010 commonwealth games), (sonu
Delhi. nigam, performed, theme song of 2010
commonwealth games)
base+dt Llama/ 091 (sonu nigam, related to, sunidhi
rel++ chauhan), (sonu nigam, related to,
shiamak davar), (ghoshal, performed,
the theme song), (ghoshal, performed,
2010 commonwealth games), (2010
commonwealth games, located in, delhi),
(everyone, invited to, the following
commonwealth games)
several times this week — while baseline Gemma/ 0.33  (john mccain, is from, iowa), (john mc-
wrapping up a town hall meeting in open cain, held a meeting in, des moines),
des moines , or a conference call (john mccain, had a call with, bloggers
with bloggers from sioux city , iowa from sioux city)
— senator john mccain and his base+dt Gemma/ 096  (town hall meeting, location, des
listeners were told that there was open moines), (town hall meeting, part of,

time for just one more question.

conference call), (conference call, par-
ticipants, bloggers), (bloggers, location,
sioux city), (time, limited to, one ques-
tion)

Table 5: Examples of TS enhancement with SRL. Only a small set of triples are shown for each prediction.

Sentence EXP Model/ TS Predicted Triplets
Prompt

A third UK tour for 2017 /2018  baseline Llama/ 0.00  (uk, located_in, leicester),(uk, lo-
opened at the Curve in Leicester, open cated_in, birmingham hippodrome),
and also toured to the (bord gédis energy theatre, located_in,
Birmingham Hippodrome, the dublin)
Bord Gais Energy Theatre in base+srl Llama/ 0.88  (a third uk tour for 2017 / 2018, opened
Dublin, the Wales Millennium open at, the curve), (a third uk tour for 2017
Centre in Cardiff , the Edinburgh /2018, opened in, leicester), (a third uk
Festival Theatre , the Mayflower tour for 2017 / 2018, toured to, the birm-
Theatre in Southampton and the ingham hippodrome), (a third uk tour for
Palace Theatre in Manchester. 2017 /2018, toured to, the bord gdis en-

ergy theatre), (a third uk tour for 2017 /

2018, toured to, dublin)
feud leads to oil cutoff — baseline Mistral/ 0.00  (russia, person and nationality, belarus),
supplies of russian crude oil rel++ (russia, country and administrative divi-
headed to european markets sions, belarus), (russia, country and capi-
came to a halt overnight, in the tal, moscow)
latest manifestation of rapidly base+srl Mistral/ 0.98  (feud, leads_to, oil cutoff), (russia, pro-
deteriorating relations between rel++ duces, crude oil), (russia, exports_to, eu-

russia and belarus.

ropean markets)
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/You are a knowledgeable person. You will solve the relation extraction task in two steps. Given a context, first, find all entities present in the \
text. Second, find all possible relations between pairs of extracted entities and construct entity relation triplets. Note that multiple relations are
possible between any pair of entities. In the output please replace $ENTITY_LIST$ with the entity list ['[ENTITY 1', 'ENTITY 2', 'ENTITY 3',.....]
and $TRIPLETS$ with the list of triplets ['ENTITY 1', 'RELATIONSHIP', 'ENTITY 21, ...]. Please do not add any additional information or explain
how you extract them.

Context: $TEXT$
Given the context, the list of entities are $ENTITY_LIST$ and the list of triplets are $TRIPLETS$

- J

Figure 5: Prompt used for “baseline” experiments in the “open” setting.

/You are a knowledgeable person. You will solve the relation extraction task in two steps. Given a context, first, find all entities present in the \
text. Second, find all possible relations between pairs of extracted entities and construct entity relation triplets. Note that multiple relations are
possible between any pair of entities. In the output please replace $ENTITY_LIST$ with the entity list 'ENTITY 1', 'ENTITY 2', 'ENTITY 3',.....]
and $TRIPLETS$ with the list of triplets [['ENTITY 1', 'RELATIONSHIP', 'ENTITY 2, ...]. Please do not add any additional information or explain
how you extract them.

Possible Relation Types: $RELATION_SET$

Context: $TEXT$
KGiven the context, the list of entities are SENTITY_LIST$ and the list of triplets are $TRIPLETS$ j

Figure 6: Prompt used for “baseline” experiments in the “rel++ setting.

You are a knowledgeable person. You will solve the relation extraction task in two steps. Given a context and its associated $STRUCTURES,
first, find all entities present in the text. Second, find all possible relations between pairs of extracted entities and construct entity relation
triplets. Note that multiple relations are possible between any pair of entities. In the output please replace $ENTITY_LIST$ with the entity list
['ENTITY 1', 'ENTITY 2', 'ENTITY 3',.....] and $TRIPLETS$ with the list of triplets [['ENTITY 1', 'RELATIONSHIP', 'ENTITY 21, ...]. Please do not
add any additional information or explain how you extract them.

Context: $TEXT$
$STRUCTURES$: $STRING$
Given the context, the list of entities are $ENTITY_LIST$ and the list of triplets are $TRIPLETS$

Figure 7: Prompt used for “base+structure” experiments in the “open” setting.

ﬂou are a knowledgeable person. You will solve the relation extraction task in two steps. Given a context and its associated $STRUCTURES$, \
first, find all entities present in the text. Second, find all possible relations between pairs of extracted entities and construct entity relation
triplets. Note that multiple relations are possible between any pair of entities. In the output please replace $ENTITY_LIST$ with the entity list
['ENTITY 1', 'ENTITY 2', 'ENTITY 3',.....] and $TRIPLETS$ with the list of triplets [['ENTITY 1', 'RELATIONSHIP', 'ENTITY 21, ...]. Please do not
add any additional information or explain how you extract them.

Possible Relation Types: $RELATION_SET$
Context: $TEXT$

$STRUCTURES$: $STRING$
\Given the context, the list of entities are SENTITY_LIST$ and the list of triplets are $TRIPLETS$ /

Figure 8: Prompt used for “base+structure” experiments in the “rel++” setting.
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Abstract

In this paper, we explore the use of a text-only,
autoregressive language modeling approach for
the extraction of referring expressions from vi-
sually grounded dialogue. More specifically,
the aim is to investigate the extent to which the
linguistic context alone can inform the detec-
tion of mentions that have a (visually perceiv-
able) referent in the visual context of the conver-
sation. To this end, we adapt a pretrained large
language model (LLM) to perform a relatively
course-grained annotation of mention spans in
unfolding conversations by demarcating men-
tion span boundaries in text via next-token pre-
diction. Our findings indicate that even when
using a moderately sized LLM, relatively small
datasets, and parameter-efficient fine-tuning, a
text-only approach can be effective, highlight-
ing the relative importance of the linguistic con-
text for this task. Nevertheless, we argue that
the task represents an inherently multimodal
problem and discuss limitations fundamental
to unimodal approaches.

1 Introduction

In conversation, speakers often make reference to
objects, events, or concepts. Words and phrases
that are used with referential intent are known as
referring expressions (REs). Effective communi-
cation hinges on the ability of the participants in
the conversation to recognize these expressions and
to determine what it is that they refer to, i.e., their
referents. Within the context of a discourse, identi-
fication of an intended referent for a given RE may
necessitate coreference resolution, i.e., the process
of linking expressions that have the same referent.
To illustrate this need, consider the following hy-
pothetical exchange, with coreferring expressions
underlined:

(1) A: Have you seen Schrodinger’s cat?
(2) B: Yeah, here it is.
(3) A: It is looking a bit worse for wear.
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Visual
Context

the abstract flower should be next then cause of
the abstract theme

Right, let's do that. ‘

Now I would say (JEIRIIS) first, then IENGALIELD.
(I W the small dots with a tree in the front}

N7
)

Mention Detector

: )

Now I would say >> big dots << first, then >> medium dots <<,
then >> the small dots with a tree in the front << .

Figure 1: Visualization of the proposed mention detec-
tion method. The Mention Detector takes as input the
most recent dialogue message, preceded by the avail-
able dialogue history, and autoregressively outputs an
annotated reproduction of the last message while insert-
ing mention span boundary tokens (the start and end
of mention spans are represented by >> and <<, re-
spectively) where appropriate. Excerpt shown is from
a dialogue collected by Willemsen et al. (2022). High-
lighted mentions in original dialogue and visual context
with highlighted referent images are shown solely for
illustrative purposes: the former is not available to the
model at inference time, the latter neither at inference
nor at training time.

Without access to the discourse context, “if”” and
“It” have indeterminate referents. By having knowl-
edge of the prior contributions to the conversation,
it is clear that both pronouns are anaphors with
“Schrodinger’s cat” as their antecedent.

1 in var-

The identification of REs, or mentions
ious types of discourse is a long-standing natu-
ral language processing (NLP) task commonly re-

ferred to as mention detection (MD). Simply put,

'We use referring expression and mention interchangeably
throughout this paper.
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when a given discourse is represented as a text doc-
ument, the goal of MD is to identify any and all
spans of text that refer to some predetermined type
of referent, such as named entities or events.

In this paper, we explore the problem of MD for
conversation, specifically with a focus on the down-
stream purpose of reference resolution in visually
grounded dialogue. That is, our aim is to identify
the REs that have a (visually perceivable) referent
in the visual context of the conversation. Of par-
ticular interest is the extent to which the linguistic
context alone is able to inform predictions for what
is arguably, inherently, a multimodal problem. In
addition, we experiment with different context win-
dows to investigate how dialogue history affects
MD performance. The expectation is that provid-
ing access to additional linguistic context in the
form of preceding messages will generally lead to
increased performance. To illustrate by example,
whether the use of “that” in the exclaimed utterance
“Take that!” is referential or instead part of a non-
referential interjection cannot be known without
additional context.

In line with recent work on generative informa-
tion extraction (see e.g., Zhang et al., 2025), we
frame MD in visually grounded dialogue as an au-
toregressive language modeling problem. More
specifically, we propose to train a model to gen-
erate annotated reproductions of utterances: for
a given utterance, in the process of generating a
copy of the original message content, the model
is expected to insert span boundary tokens indicat-
ing the start and end of mention spans, when and
where appropriate. An illustration of the proposed
approach is shown in Figure 1. Our experiments in-
volve the parameter-efficient fine-tuning (Dettmers
et al., 2023) of a large language model (LLM) on
annotated conversations from two different visually
grounded dialogue datasets, namely A GAME OF
SORTS (AGOS, Willemsen et al., 2022) and PHO-
TOBOOK (PB, Haber et al., 2019). For AGOS, we
make use of the mention annotations from Willem-
sen et al. (2023). For PB, we adopt a similar an-
notation protocol to manually create the required
mention annotations for a subset of the dataset.”

Results of our experiments with the 8B-
parameter variant of LLAMA 3.1 (Grattafiori et al.,
2024) are promising, suggesting that the linguistic
context can be relatively revealing for our purpose.

2ht’cps ://github.com/willemsenbram/
mention-detection-vgd, doi:10.5281/zenodo.15500581
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Note that our findings are in spite of the fact that
our datasets are relatively small, our LLM is rel-
atively moderately sized, and our fine-tuning is
parameter-efficient. Nevertheless, we must con-
tend with some limitations that are fundamental
to unimodal approaches to multimodal problems,
as well as the nature of the referential language
in task-oriented dialogues. We provide additional
discussion on these matters.

2 Background

MD has long been an essential component, or the
central focus, of systems addressing various NLP
tasks, such as named entity recognition (e.g., Lam-
ple et al., 2016; Devlin et al., 2019; Strakov4 et al.,
2019), event detection (e.g., Lai et al., 2020), and
coreference resolution (e.g., Lee et al., 2013; Poe-
sio et al., 2018). Earlier, rule-based approaches
to MD were frequently built atop a dependency
parse of a text, and would, over time, incorporate
increasingly more powerful statistical models into
the pipeline (e.g., Florian et al., 2010; Lee et al.,
2013). The required sophistication of the approach
generally depended on the downstream task. For
coreference resolution, for example, simple heuris-
tics leading to high recall would suffice if other
parts of the system could compensate with higher
precision (e.g., Lee et al., 2013). Interestingly, com-
parisons between different coreference resolution
systems have often been conducted on the basis of
gold, instead of predicted, mentions. This effec-
tively side-steps MD in an effort to focus on isolat-
ing the system’s downstream performance. How-
ever, there tend to be notable performance gaps
between these idealized and the realistic scenarios.
As Poesio et al. (2023) note, generally, the overall
performance of a coreference resolution system has
been contingent on the accuracy of the output from
its MD component.

Following advances in neural language model-
ing, approaches to MD based on neural models
(e.g., Lample et al., 2016; Poesio et al., 2018; De-
vlin et al., 2019; Strakova et al., 2019; Lai et al.,
2020; Yu et al., 2020) have gradually superseded
the earlier methods. These increasingly more data-
driven methods promised to do away with the need
for extensive feature engineering. Particularly con-
sequential has been the adoption of general pur-
pose, pretrained language models based on the
Transformer architecture (Vaswani et al., 2017),
examples of which include the encoder-only BERT


https://github.com/willemsenbram/mention-detection-vgd
https://github.com/willemsenbram/mention-detection-vgd
https://doi.org/10.5281/zenodo.15500581

(Devlin et al., 2019) and the decoder-only GPT
(Radford et al., 2018). BERT-based representations
have been the backbone of numerous NLP systems,
including those that deal with MD (e.g., Devlin
et al., 2019; Strakova et al., 2019; Yu et al., 2020).

Of particular interest here are the autoregres-
sive LLMs at the heart of most work on genera-
tive information extraction (see e.g., Zhang et al.,
2025). Various studies have shown that framing
tasks involving structured predictions as autoregres-
sive language modeling problems can be effective
(e.g., Cao et al., 2021; Liu et al., 2022; Deufler
et al., 2024). Given an unstructured text, the model
is trained to return, via next-token prediction, a
structured representation of the input. Although the
feasibility of this approach has been shown for com-
monly used benchmarks that involve some form of
MD (e.g., Kim et al., 2003; Tjong Kim Sang and
De Meulder, 2003), to the best of our knowledge,
it has yet to be applied to visually grounded dia-
logue. In this paper, we explore to what extent we
can adapt a pretrained LLM via parameter-efficient
fine-tuning (Hu et al., 2022; Dettmers et al., 2023)
to the task of MD in visually grounded dialogue
using this approach.

3 Method

3.1 Problem description

In general, the goal of MD is to identify all expres-
sions in a document D that satisfy some prescribed
definition of a mention. When D is a visually
grounded dialogue, we define it as D = (V, L),
where V is the visual context and L the linguistic
context of the conversation. A dialogue is consid-
ered visually grounded when L contains one or
more references to V. That is, within the linguistic
context, there exists one or more expressions that
have a (visually perceivable) referent that is present
in the visual context of the conversation.

3.2 Task definition

In this work, we consider MD in visually grounded
dialogue to be the task of identifying all expres-
sions in L for which there exists a referent in V.
Here, we focus on visually grounded dialogues of
which V' is composed of a set of v independent im-
ages, V = {I1, I, ..., I,}. The linguistic context L
can be represented as a sequence of n utterances”,

L = (u1,ug,...,uy). In turn, each utterance u;

3We use utterance and message interchangeably through-
out this paper.

51

can be represented as a sequence of m; tokens,
u; = (ti1, iz, ..y tim, ). We think of mentions in
terms of spans. We can define a mention span as
a contiguous subsequence of tokens from an ut-
terance u;, denoted as (t;j,...,t;x) € u;, where
1 < j < k < m;. Together, these tokens constitute
an expression that (indirectly) refers to one or more
of the images. Note that in contrast with other types
of documents, dialogue is interactive and contribu-
tions to L are cumulative, happening over time. It
is important to account for the incremental nature
of conversation when addressing this task.

3.3 Proposed approach

Core to our approach is the framing of MD in visu-
ally grounded dialogue as a next-token prediction
task. Given the incremental nature of conversation,
we process each dialogue at the utterance level,
prepending to each utterance a token indicating the
speaker. For a given utterance u;, we train an au-
toregressive language model f to reproduce exactly
the original content of u;, but with span boundary
tokens inserted if and where appropriate to indicate
the start and end of mention spans.

Crucially, however, we propose to condition the
generation of the target sequence w;’ not only on
the current utterance u;, but also on additional pre-
ceding linguistic context, i.e., the available dia-
logue history, as prior messages may inform pre-
dictions. When considering prior messages in the
modeling process, we can define the generation
of u; as wu; f(u;i, H), where H is the dia-
logue history available to the model.* The avail-
able dialogue history H is defined as a contigu-
ous subsequence of utterances from L, denoted as
H = (wj—p, Ui—py1..-,ui—1), where 0 < h < w,
where h is the number of prior messages available
to the model and w is an optionally predefined
maximum number of preceding messages to be
considered. For a visualization of the proposed
approach, see Figure 1.

4 Experiments

The language modeling experiments presented in
this paper involve the fine-tuning of pretrained
models on dialogues from two different, though

“We must note that for the experiments reported in this
paper, we found that repeating utterance wu; in the input to
the model had a positive impact on downstream performance;
a slight deviation from the more general definition provided
here. For an example of the formatting of training samples,
see Appendix B.



closely related, visually grounded dialogue tasks,
namely A GAME OF SORTS (AGOS, Willemsen
et al., 2022) and PHOTOBOOK (PB, Haber et al.,
2019). We first perform cross-validation to score
MD performance on each dataset separately. We
then assess cross-dataset transfer by training on
one dataset and testing on the other. In addition,
we investigate the effects of dialogue history on
MD performance, i.e., whether the model benefits
from having access to preceding messages when
making its predictions, by experimenting with dif-
ferent context window sizes, i.e., providing access
to different numbers of preceding messages. Fi-
nally, as points of comparison, we assess the MD
performance of a baseline based on noun phrase
(NP) extraction using constituency parsing, as well
as that of an encoder-only LLM fine-tuned for se-
quence labeling.

4.1 Data

Both AGOS and PB are tasks designed around
eliciting repeated references to various sets of
real-world images—such as those found in the
MS COCO (Lin et al., 2014) and Open Images
(Kuznetsova et al., 2020) datasets—in conversa-
tional settings. Moreover, both tasks have a delib-
erate asymmetry in their visual contexts that partic-
ipants have to overcome to successfully complete
the task. This ensured that speakers would produce
non-trivial REs that made reference to the images’
visual content.

4.1.1 A Game Of Sorts (AGOS)

AGOS is a collaborative image ranking task. Two
participants are shown a set of nine images which
they are asked to rank, in descending order and one
at a time, based on a given sorting criterion. The
goal of the task is for the participants to, through
conversation, arrive at a ranking which both deem
satisfactory. Although both participants see the
same set of images, they cannot see each other’s
perspective. The position of the images on their re-
spective screens has been randomized, forcing the
participants to refer to the images by referencing
their visual content. To ensure repeated mentions
of the same referents, the task is performed over
multiple (four) rounds, and the same set of images
is used each round.

The AGOS dataset consists of 15 dialogues.
Each AGOS image set consists of nine images
from the same of one of five image categories,
namely cars, dogs, paintings, pastries, or phones.
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| AGOS | PB-GOLD

# Dialogues 15 50
# Messages () 1,800 3,335
# Mentions (4®) 1,486 2,111
# Characters (A) 86,516 96, 774
# Words (AB) 19, 843 22,889
% O with »® 60.33% 61.02%
% O with>1 ® 17.94% 1.95%
# Ain o® 27,574 61,771
% Ain ®: AinO 31.87% 63.83%
# ABin #® 5,708 12, 880
% ABin #®: ABin O 28.77% 56.27%
):( AinO 48.06 43.57) | 29.02 (24.83)
X Ain a® 18.56 (15.76) | 29.26 (23.35)
):( ABinO 11.02 (9.52) 6.86 (5.40)
X ABin o 3.84 (3.20) 6.10 (4.86)

Table 1: Descriptive statistics for the AGOS and PB-
GOLD datasets. Note. Explanation of symbols and
abbreviations: © = Messages; +® = Mentions; A =
Characters; AB = Words; X = average (mean). Stan-
dard deviation between brackets. Scores and standard
deviations are rounded to the nearest hundredth.

Three dialogues were collected per image category.

4.1.2 PhotoBook (PB)

PB is a collaborative image identification task.
Two participants are shown partially dissimilar
sets of six visually similar images; some of the
images will be shown to both participants, while
others are shown to only one of the participants.
Each participant has three of their six images high-
lighted. The goal of the task is for the participants
to, through conversation and without seeing each
other’s perspective, identify for these highlighted
images whether or not they have them in common.
To ensure repeated mentions of the same referents,
the task is performed over multiple (five) rounds,
and while the set of images shown to participants
changes from round to round, the image sets are
constructed in such a way that each image is shown
multiple times to at least one of the participants.
The PB dataset consists of 2.5K dialogues. Each
PB image set, as shown to each participant, con-
sists of six images that prominently feature two
objects, each object belonging to a different image
category. These two image categories form the
“image domain” of the conversation; each image
shown throughout the interaction will feature at
least one object from each category. For our exper-
iments, we make use of the so-called PB-GOLD
subset, as referenced in Takmaz et al. (2022), which



\ \ AGOS \ PB-GOLD

\ \ 0 3 7 19 \ 0 3 7 19
< P .896 (.03) .922 (02 .91902) .923(.03) | .933(.02) .936(.03) .940(.02) .943 (.02)
= | R .835(.04) .865(.03) .883(.03) .884(.03) | .927 o1) .925(01) .934(01) .937 (.02
3 Fy | .863 (.02 .892o1) .900 o1 .90201) | .930 co1) .930 .02 .937 02 .940 (.02)
=g 811 ¢03) .849(03) .856(.02) .858(.02) | .921 o1) .922(o01) .933(01) .933(01)
= | P 827 (04) .842(.03) .843(.03) .863(.04) | .91602) .918(.02) .924 (o1) .930 (.02)
% R 812 (05) .835(03) .837(04) .853(01) | .909 o1) .912¢o1) .908 (.01) .917 (.02)
R | Fr | .819(04) .838(02 .839(02 .857(02) | .912(02) .915(01) .916(.01) .924(.02)
S| J 786 (04) .815(02) .814(02) .825(01) | .909 (o1) .914 o1) .913(o1) .920 (.01)

Table 2: Cross-validated mention detection performance of fine-tuned LLAMA 3.1 8B (LLAMA, top) and MOD-
ERNBERT-large (M-BERT, bottom) on AGOS and PB-GOLD for four different context windows, i.e., 0, 3, 7,
and 19 preceding messages. Note. P = Precision; R = Recall; F; = F'; score; J = Jaccard index. Scores are rounded
to the nearest thousand, standard deviations to the nearest hundredth.

consists of 50 dialogues for which the authors have
provided some annotations at the utterance level.

4.1.3 Mention annotations

In this work, we make use of the manually anno-
tated mention spans from Willemsen et al. (2023).
These spans indicate the linguistic expressions that
have a (visually perceivable) referent in the vi-
sual context of the conversation. More specifically,
these are either singletons or REs that are part of an
identity relation with other mentions in the linguis-
tic context that have one or more of the images as
their referents. For the annotation of the mention
spans, Willemsen et al. (2023) were aided by speak-
ers’ self-annotations, as participants were required
to indicate whether or not a message was meant
to include one or more references to one or more
of the images. In the messages which contained
such references, the longest, most specific spans
with images as their referents were marked. The
resulting annotations are relatively course-grained.
We adopt this protocol for our annotation of the
PB-GOLD dialogues. Although PB has no self-
annotations, referential ambiguities can be resolved
by scrutiny of the full dialogue context. We report
descriptive statistics of both datasets in Table 1.

4.2 Model specifications

For each experiment involving the proposed au-
toregressive language modeling approach, we fine-
tune LLAMA 3.1 8B (Grattafiori et al., 2024) using
QLoRA (Dettmers et al., 2023) on a single 24GB
NVIDIA GeForce RTX 3090. We calculate the loss
only over tokens of the target message, masking the
loss over tokens that are part of the preceding dia-
logue context. We make use of the model’s existing
vocabulary for any special tokens, such as those
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indicating span boundaries. Fine-tuned model out-
put is generated using constrained decoding. That
is, at every time step we dynamically restrict the
vocabulary, where the allowed tokens include the
next token from the input utterance and any valid
special tokens. Hyperparameters are listed in Table
6 in Appendix A. For an example of the formatting
of training samples for fine-tuning, see Appendix
B. For additional implementation details, we refer
the reader to our repository.?

4.2.1 Baselines

NP extraction using constituency parsing As
mentions are predominantly NPs, we opt for a sim-
ple baseline model that automatically extracts NPs
from the dialogues using the constituency parser
from the Stanza toolkit (Qi et al., 2020). The back-
bone of this parser is ELECTRA-large (Clark et al.,
2020) trained on a revised version of the third re-
lease of the Penn Treebank (Marcus et al., 1993).
We extract the most expansive spans, but discard
certain candidate phrases. For instance, as the dia-
logues involve text-based conversations in which
the participants are not able to see each other, we
can disregard various personal pronouns (e.g., “I”,
“you”, “me”) as these were not considered to be
mentions here.

Sequence labeling with MODERNBERT It has
been common practice to treat problems that center
on the detection of spans in text, such as MD, as
sequence labeling tasks (e.g., Lample et al., 2016).
When given a sequence (of tokens), the objective is
to assign each element a label such that span bound-
aries can be inferred. Tag sets are frequently based
on the IOB format (Ramshaw and Marcus, 1995):
the B tag indicates that an element begins a span,
the I tag indicates that an element is inside of a span,



and the O tag indicates that an element is outside of
a span. For our purpose, we adopt the IOB tag set
and fine-tune MODERNBERT-large (Warner et al.,
2024) to predict for each token of a given utterance
the correct label. As the name suggests, MOD-
ERNBERT is a more recent encoder-only LLM
that improves upon the original BERT architec-
ture. Similar to the LLAMA-based experiments, for
the experiments that are meant to demonstrate the
effects of dialogue history on downstream perfor-
mance, we provide preceding messages as context,
masking the loss over all labels except those of
the target message. Each model is fine-tuned on
a single 24GB NVIDIA GeForce RTX 3090. Hy-
perparameters are listed in Table 7 in Appendix A.
For additional implementation details, we refer the
reader to our repository.”

Note that in this formulation of the problem us-
ing the basic IOB format, it is not possible to ac-
curately label nested mentions. However, there
are very few cases of nesting in the datasets used
for the experiments reported in this paper. There-
fore, this shortcoming has negligible impact on the
current evaluation of the approach.

4.3 Evaluation

Our first experiments involve cross-validation on
both datasets. We evaluate using the same five-fold
cross-validation protocol adopted by prior work on
the AGOS dataset (Willemsen et al., 2023; Willem-
sen and Skantze, 2024), which partitions the dataset
along its five image sets. We similarly perform five-
fold cross-validation on the PB-GOLD dataset.
However, as there is no predefined, deterministic
split for PB-GOLD, we split the data randomly.
Our second set of experiments concerns an investi-
gation into cross-dataset transfer. This means that
we fine-tune models on the entirety of AGOS and
test on the entirety of PB-GOLD, and vice versa.

In addition, we test the effects of dialogue his-
tory on MD performance. For each of the afore-
mentioned experiments, we fine-tune models for
four different context windows, 0, 3, 7, and 19,
meaning the models have access to no, three, seven,
or 19 preceding messages, respectively.

4.3.1 Maetrics

We measure mention detection performance in
terms of precision, recall, F; score, and intersec-
tion over union of ground truth (gold spans) and
predicted mention spans at the character level (i.e.,
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Figure 2: Mention detection performance of fine-tuned
LLAMA 3.1 8B in terms of F} scores [0, 1] as a func-
tion of the size of the context window, i.e., the maxi-
mum number of preceding messages considered from
the available dialogue history. Shown are results of each
fold (dots) and their average (bar) for four different con-
text windows, i.e., 0, 3, 7, and 19.

Jaccard index).”

We calculate precision, recall, and F; scores
based on exact mention span matches. This means
that a predicted mention is considered a true pos-
itive only if it matches a gold span exactly and is
treated as a false positive otherwise. Conversely, a
ground truth mention for which there is no exact
matching prediction is considered a false negative.

We use a measure based on the Jaccard index
to score the extent to which ground truth and pre-
dicted mention spans overlap, which permits the
scoring of partial matches. For each message,
we find the optimal assignment of predicted and
ground truth spans based on the number of corre-
sponding character indices. We calculate the Jac-
card index for each pair of matched spans. In the
event that no match exists—that is, there is no over-
lap between a ground truth mention and any of the
predicted spans (false negative), or there exists no
ground truth mention for a predicted span (false
positive)—, the score for this particular span is 0.

All the aforementioned mention detection met-
rics are bound [0, 1], with higher scores indicating
better performance.

5 Results

Before reporting the results of our fine-tuning ex-
periments, we first highlight some of the descrip-
tive statistics reported in Table 1 to aid in under-
standing the composition of the data. As shown
in Table 1, PB-GOLD contains over three times

SCharacter-level evaluation avoids tokenization issues
when span boundary tokens are placed within words.



| & W J @ | X
P 881 954 934 912 933 | .923 (.03)
R 897 842 902 .924  .855 | .884 (.03)
Fy | .889 .894 918 918 .892 | .902 (.01)
J .8563 .823 .881 .874 .857 | .858(.02)
Table 3: Cross-validated mention detection perfor-

mance of fine-tuned LLAMA 3.1 8B on AGOS based
on a context window of 19, i.e., a dialogue history con-
sisting of 19 preceding messages. Results are shown
for each fold as well as their average (X). Note. P =
Precision; R = Recall; F'; = F score; J = Jaccard index;
Symbols represent folds: @ = Cars; W = Dogs; f =
Paintings; ik = Pastries; [J = Phones. Standard deviation
between brackets. Scores are rounded to the nearest
thousand, standard deviations to the nearest hundredth.

more dialogues than AGOS. However, on average,
the AGOS dialogues are considerably longer and
have almost twice as many messages per dialogue.
While the percentage of messages with mentions is
comparable, AGOS has a much higher rate of mes-
sages that contain more than one mention than PB-
GOLD. Nevertheless, mentions make up notably
less of the overall content of the AGOS dialogues
than of the PB-GOLD dialogues; the number of
characters and words dedicated to mentions relative
to the total number of characters and words in the
messages is substantially lower for AGOS than for
PB-GOLD. Finally, the average AGOS mention
is shorter than the average PB-GOLD mention.

5.1 Cross-validation

Shown in Table 2 are the cross-validated results
from fine-tuning and evaluating models on the
AGOS and PB-GOLD datasets. For each context
window, scores are reported as averages over all
folds for each MD performance metric. In addition,
the results reported in Table 3 are from fine-tuning
and evaluating LLAMA on the AGOS dataset using
the maximum context window size we considered
for this work, i.e., a context window of size 19.
In Table 3, scores are shown per fold in addition
to their averages over all folds, for each MD per-
formance metric. We found that, despite some
variance between folds, scores resulting from fine-
tuning LLAMA were relatively high overall. In
comparison, the performance of MODERNBERT
is relatively competitive, but it does lag behind
that of LLAMA. The observed results suggest that
the models were, on average, somewhat more per-
formant on the PB-GOLD than they were on the
AGOS data. Moreover, we observed that the mod-
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els generally benefited from an increase in context
window size; on average, we found that providing
the models with a greater number of preceding mes-
sages increased MD performance, but noted that
there were diminishing returns. The observed trend
was somewhat more apparent for AGOS than for
PB-GOLD. Figure 2 provides a visualization of
this trend based on the F} scores for AGOS.

5.2 Cross-dataset transfer

Table 4 shows results from fine-tuning models on
AGOS and testing on PB-GOLD (AGOS — PB-
GOLD), and vice versa (PB-GOLD — AGOS).
Although scores were shown to trail those of the
cross-validation experiments, the observed MD
performance was still indicative of a relatively
high degree of successful transfer overall. Again,
LLAMA’s performance was shown to exceed that
of MODERNBERT. A noteworthy observation was
that AGOS — PB-GOLD consistently resulted
in higher scores than PB-GOLD — AGOS on all
MD performance metrics. Similarly to results from
our cross-validation experiments, we observed that,
on average, an increase in the size of the context
window tended to result in improved performance.
These findings suggest that providing the models
with at least some preceding messages can already
be beneficial.

5.3 Comparison with NP extraction

The results reported in Table 5 show the MD perfor-
mance of a method based on constituency parsing
for the automatic extraction of NPs. Although re-
call may seem relatively high considering that the
focus of this baseline model was solely on NP ex-
traction, it bears repeating that most mentions tend
to be NPs, though they are not always presented
in a straightforward, parsable manner or context.
Perhaps unsurprisingly, especially when comparing
against our proposed approach, this naive method
for MD is relatively imprecise, as the false positive
rate ends up being relatively high when predicting
virtually all NPs to be referential in nature.

5.4 Error analysis

When examining the output generated by LLAMA,
we found various errors to be consistent between
the different context windows. Although the mod-
els appeared to be relatively robust against the
noise in the input, certain mentions were partially,
or entirely, missed, as a result of ungrammatical
phrasing. For partial matches, we observed some



AGOS — PB-GOLD

| PB-GOLD — AGOS

| | o 3 7 19| 0 3 7 19
<| P | 798 859 864 .886 | .775 .803 810 .820
S| R | .806 .838 .858 .845 | .687 .676 .T13 .744
S| Fi| 802 848 861 .865 | .728 .734 .758 .780
= J | 777 816 .834 .839 | .668 .666 .694 .722
= | P |.725 .768 .778 .795 |.707 .735 774 .T77
BIR |.650 .694 687 .735 | .610 .641 .704 .723
@ Fy | 685 720 .730 .764 | .655 .685 .737 .749
S| J | .662 .704 .698 .737 | .595 .616 .665 .688

Table 4: Mention detection performance of fine-tuned LLAMA 3.1 8B (LLAMA, top) and MODERNBERT-large
(M-BERT, bottom) in cross-data transfer experiments for four different context windows, i.e., 0, 3, 7, and 19
preceding messages. AGOS — PB-GOLD indicates training on AGOS and testing on PB-GOLD; PB-GOLD
— AGOS indicates training on PB-GOLD and testing on AGOS. Note. P = Precision; R = Recall; F; = F'; score;
J = Jaccard index. Scores are rounded to the nearest thousand, standard deviations to the nearest hundredth.

| AGOS | PB-GOLD

P 411 377
R 764 .607
Fp .535 .465
J 453 .530

Table 5: Mention detection performance of the Stanza
NP extraction baseline. Note. P = Precision; R = Recall;
F, = Fq score; J = Jaccard index. Standard deviation
between brackets. Scores are rounded to the nearest
thousand, standard deviations to the nearest hundredth.

recurring errors in relation to structural ambigui-
ties, leading to the exclusion of relative clauses or
prepositional phrases, and the splitting of single
into multiple mentions or the merging of multi-
ple mentions into a single span. Furthermore, we
found instances of ambiguous pronoun usage to
be relatively frequent among errors, such as in the
phrases “let’s go for it” and “let’s do it”, in which
the use of “ir” is referential, but it is not recognized
as such without additional context. Interestingly,
providing access to preceding messages ends up
resolving the inaccuracy for the former and not for
the latter, even though these seem to be very similar
cases on the surface. Conversely, we also observed
cases where usage of (pro)nouns was incorrectly
predicted to be referential. Again, some of these
errors were resolved by providing the model access
to the dialogue history.

6 Discussion

In this paper, we explored the potential of an
approach to mention detection (MD) in visually
grounded dialogue based on autoregressive lan-
guage modeling. Results from our experiments
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on conversations from the visually grounded dia-
logue tasks A GAME OF SORTS (AGOS, Willem-
sen et al., 2022) and PHOTOBOOK (PB, Haber
et al., 2019) were promising, showing that a text-
only approach that involves the parameter-efficient
fine-tuning of LL.Ms to generate annotated repro-
ductions of utterances can be effective. Moreover,
we showed that providing the models with addi-
tional context from the dialogue history—that is,
any messages that preceded the utterance under
consideration—generally benefits performance. Al-
though these findings were largely consistent be-
tween the competing methods presented in this
work, within our experimental setup the genera-
tive approach to information extraction using the
fine-tuned, decoder-only LLAMA model was shown
to consistently outperform the sequence labeling
approach based on the fine-tuned, encoder-only
MODERNBERT.

Results from our cross-validation experiments
showed that the models, on average, achieved better
performance on the PB-GOLD than on the AGOS
dataset. The cross-dataset transfer experiments re-
vealed a notable performance gap between the two
datasets; fine-tuning on the AGOS data seemed to
result in the models being better able to generalize
beyond their specific conversational domain than
when fine-tuning on the PB-GOLD data. These
findings suggest that AGOS offers a more chal-
lenging testbed when it comes to MD, as it was
explored in this work, than PB-GOLD. Given that
the primary focus of the PB task is the correct iden-
tification of images, participants’ language use is
disproportionally reserved for referential purposes.
This was made apparent through a quantified char-
acterization of the PB-GOLD mentions, indicating



that mentions made up nearly two-thirds of the lin-
guistic content of the dialogues. In contrast, with
image identification being a secondary objective,
mentions make up just shy of one-third of the lin-
guistic content of the AGOS dialogues. In addition,
mentions in the PB-GOLD dialogues are consider-
ably longer, on average, than those in the AGOS
dialogues. When qualitatively examining the men-
tions from both datasets, it becomes clear that the
incidence rate of mentions that resemble image
caption-like descriptions is notably higher for PB-
GOLD than for AGOS. By and large, our findings
suggest that AGOS offers its referring language
use in a richer linguistic context than PB-GOLD,
which aids the models’ ability to generalize.

That being said, it would be reasonable to as-
sume that the incidence rate of mentions in these
task-oriented dialogues from both datasets is high
compared to that of organic, non-task-oriented con-
versations. Conversations can go long stretches of
time without the mention of a visually perceivable
referent. Our approach relies heavily on there be-
ing exploitable regularities in the linguistic context.
The extent to which conversations with compara-
tively sparse mention occurrences, and that take
place outside of task-oriented settings, still exhibit
such actionable patterns is, as of yet, unclear. For
both AGOS and PB-GOLD, the probability that
a given linguistic expression (indirectly) points to
a referent that is visually perceivable by at least
one of the participants in the conversation is high,
simply as a consequence of the situational context,
as the images are the focal point of the conver-
sations. Discerning, from the linguistic context
alone, whether an RE has such a referent becomes
far more challenging, if not impossible, when the
configuration of the visual context of the conver-
sation is less constrained, more dynamic, and can-
not be anticipated ahead of time. In other words,
we may still be able to extract mention candidates
with a high degree of accuracy, but the number of
false positives—by which we here mean any can-
didates that currently have no visually perceivable
referents—is likely to be significantly higher; this
outcome reminds of the high recall settings favored
by aforementioned prior work on coreference reso-
lution.

Inevitably, a general solution to the problem
will require a cross-modal approach. Although
we make no assumptions regarding the manner of
encoding, the visual information must somehow
be incorporated to validate whether candidate men-
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tions indeed have a referent in the visual context;
even when the linguistic context strongly implies
the existence of such a referent, we simply cannot
be certain without a review of the visual context.
Moreover, we are likely to see that end-to-end ap-
proaches will increasingly be favored over modular
systems when it comes to addressing downstream
tasks that have historically relied on some form of
MD, but for which MD is simply a means to an
end. Nevertheless, we expect that MD as a task in
and of itself will remain relevant for niche appli-
cations for the foreseeable future. For one, it may
continue to serve as a benchmark for the informa-
tion extraction capabilities of models under varying
conditions. Perhaps more interestingly, however,
are real-world applications, such as its use as an
information extraction tool for corpus linguistics.

Limitations

In this work, the focus has been on detecting REs
that have a (visually perceivable) referent in the vi-
sual context of a conversation. Only singletons and
mentions in an identity relation were considered,
contingent on their referent being one or more of
the images in the visual context. It is worth noting
that there are some consequential differences be-
tween the images used by AGOS and PB. Where
the focus of each AGOS image was on (an iconic
view of) one entity from some image category, PB
images depicted more complex scenes, purposely
featuring multiple entities from different image cat-
egories. Perhaps unsurprisingly, when the task in-
volves identification within a visually grounded
conversational context, we find that the more com-
plex the scene, the more frequently we have to
consider a bridging relationship between mentions
as a surrogate for identity. This highlights a compli-
cation with respect to the annotation of this domain
that becomes increasingly problematic: the noisier
(or more complex) the language use, the more am-
biguous the boundaries. We expect this to be even
more evident in unrestricted, spoken dialogue.
Regarding our cross-validation experiments, re-
sults were based on a five-fold split of the datasets.
The AGOS dataset has a preferred partitioning that
ensures minimal data leakage between the train-
ing and test data. For PB-GOLD, however, we
did not find a sensible, deterministic split, as even
when image domains were seemingly mutually ex-
clusive, in reality there were frequent intrusions
from other image categories. For instance, people—



which happens to be one of the author-defined im-
age categories—are present in the vast majority
of the photographs, often as salient entities, and
frequently referenced as a result. Although we do
not believe this has affected our overall conclu-
sions, the random splitting may have resulted in
inflated scores in the PB-GOLD cross-validation
experiments. In addition, the language used in the
dialogues from both datasets is exclusively English,
meaning the experiments reported in this paper do
not provide explicit insight into the extent to which
the approach generalizes to other languages.
Finally, we have evaluated the proposed ap-
proach with one LLM undergoing a parameter-
efficient fine-tuning regimen. We have not in-
vestigated performance differences between full-
parameter and parameter-efficient fine-tuning, nor
have we tested the extent to which other genera-
tive LLMs are able to perform the task. In addi-
tion, more exhaustive hyperparameter tuning has
the potential to improve results further. It is con-
ceivable that more optimal hyperparameters exist
that could narrow the observed performance gap
between LLAMA and MODERNBERT on this task.
However, it would mainly serve to underscore the
general importance of the linguistic context and
demonstrate the viability of either approach.
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A Hyperparameters

As a starting point for hyperparameter optimization,
we took note of hyperparameters reported in prior
work (e.g., Hu et al., 2022; Dettmers et al., 2023;
Warner et al., 2024), performing minimal tuning
mostly within suggested ranges.

Epochs 2

Batch size 8
Learning rate (LR) le-4

LR scheduler type cosine
Warmup ratio 0.1

LoRA r 16

LoRA « 16

LoRA dropout 0

LoRA target modules | *_proj, Im_head

Table 6: Hyperparameters for QLoRA fine-tuning of
LLAMA 3.1 8B. We use default values if not otherwise
specified.

Epochs 4
Batch size 8
Learning rate 8e-5
Gradient accumulation steps 8
Warmup ratio 0.1
Weight decay 8e-6

Table 7: Hyperparameters for fine-tuning of MODERN-
BERT-large. We use default values if not otherwise
specified.

B Training example

The following is an example of a training sample
from the AGOS dataset—for a context window of
size 3—that was used to fine-tune LLAMA 3.1:

B: Clear, I think my second choice would
be the light grey one, which looks like in
old style.\nA: I agree, its bottom seems
to be pretty high as well.\nB: yeap!\nB:
then, for the third one, is the dark grey
one okay?\n\nB: then, for the third one,
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is the dark grey one okay? B: then,
for the third one, is >> the dark grey
one okay?

Messages in the linguistic context are separated
by single newline characters (\n). Each message
is prepended with a token indicating the speaker
(either A or B). The message we want annotated is
separated from the linguistic context by two new-
line characters (\n\n). This message is followed
by an inference token (->). The inference token is
then followed by the annotated message, with span
boundary tokens indicating the start (>>) and end
(<<) of the mention span.
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Abstract

Probing techniques for large language mod-
els (LLMs) have primarily focused on English,
overlooking the vast majority of other world’s
languages. In this paper, we extend these prob-
ing methods to a multilingual context, inves-
tigating how LLMs encode linguistic struc-
tures across diverse languages. We conduct
experiments on several open-source LLM mod-
els, analyzing probing accuracy, trends across
layers, and similarities between probing vec-
tors for multiple languages. Our key find-
ings reveal: (1) a consistent performance gap
between high-resource and low-resource lan-
guages, with high-resource languages achiev-
ing significantly higher probing accuracy; (2)
divergent layer-wise accuracy trends, where
high-resource languages show substantial im-
provement in deeper layers similar to En-
glish; and (3) higher representational similari-
ties among high-resource languages, with low-
resource languages demonstrating lower simi-
larities both among themselves and with high-
resource languages. These results provide in-
sights into how linguistic structures are repre-
sented differently across languages in LLMs
and emphasize the need for improved structure
modeling for low-resource languages.

1 Introduction

Large language models (LLMs), such as GPT-
4 (Achiam et al., 2023), Claude 3.5 (Anthropic,
2024), Llama 3 (Dubey et al., 2024), have demon-
strated remarkable progress across a wide range of
natural language processing tasks. As these models
continue to advance, there is a growing need to
understand their internal mechanisms and how they
represent linguistic structures. Probing techniques
have emerged as a valuable tool for investigating
how LLMs encode and process structural informa-
tion, offering insights into their decision-making
processes and the nature of their learned represen-
tations (Ferrando et al., 2024a; Zhao et al., 2024;
Zou et al., 2023).
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However, a significant gap exists in our under-
standing of how LLMs represent linguistic struc-
tures across different languages. While extensive
probing research has been conducted on English
language representations, there are approximately
7,000 languages spoken worldwide, many of which
remain understudied in the context of LLMs. This
lack of multilingual analysis limits our understand-
ing of how LLMs encode structural information
across diverse linguistic contexts, particularly for
low-resource languages that are often underrepre-
sented in model training data and evaluations.

To address this research gap, we propose a mul-
tilingual probing approach to investigate the struc-
tural representation capabilities of LLMs across a
diverse set of 16 languages, including both high-
resource and low-resource languages. Our study
extends probing techniques from English to a mul-
tilingual context, examining how LLMs encode
linguistic structures in factual knowledge and senti-
ment classification tasks across different languages.
Our key findings reveal that: (1) high-resource lan-
guages consistently achieve higher probing accu-
racy compared to low-resource languages; (2) high-
resource languages exhibit similar trends to En-
glish across model layers, with accuracy improving
significantly in deeper layers, while low-resource
languages show relatively stable or only slightly
improving accuracy; and (3) there are high simi-
larities between probing vectors of high-resource
languages, whereas low-resource languages demon-
strate lower similarities both among themselves and
with high-resource languages.

2  Probing Method

2.1 LLM Internal Representation

We study decoder-only LLMs, where each layer
of a model consists of both multi-head attention
blocks (MHA) and feed-forward networks (FFNs).
In this work, we utilize frozen pretrained language
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models. Layers are indexed with ¢ € L, where
L denotes the set of all layers in a model. For
each layer, the computation starts and ends with
a residual stream. The MHA first reads from the
residual stream and performs computation, then
adds its output back to the residual stream. The
updated vector in the residual stream is then passed
through MLPs to generate the output of the layer:

Rt = pf 4+ MLP' (hff + At (hf)) , (1
where hf represents the hidden state of the i-th to-
ken in the input sequence at layer £. We focus on
the output representation space of each layer, par-
ticularly the residual stream at the end of each layer.
We use the representation of the last token to rep-
resent the entire input sequence, as it is generally
believed to integrate information from all previous
tokens. This representation is denoted as h’, which
will be simplified to & in the following section.

2.2 Linear Classifier Probing

In our analysis, we employed linear classifier prob-
ing (Ju et al., 2024a; Jin et al., 2024) to explore
internal representations across various layers of
LLMs. We extracted hidden states from the resid-
ual stream of each layer using two types of inputs
(i.e., positive and negative) and utilized these rep-
resentations to train a logistic regression model.
By evaluating the performance of trained classifier,
we are able to assess how well the hidden states
at different layers encoded information relevant to
answering factual questions or handling sentiment
classification tasks. This approach provides valu-
able insights into the nature of the representations
learned within the model.

To perform the probing, we employed a linear
classifier approach. We define h € R™*%moel a5
the set of hidden features extracted from the LLM,
where n is the number of samples and djoge1 repre-
sents the dimensionality of the hidden layer. The
internal representation of each sample in a specific
layer is denoted by h(Y) € R!*dmowel We utilize
binary classification, assigning labels y(*) € {0, 1}.
The objective function for our logistic regression
classifier, incorporating L2 regularization, is for-
mulated as:

1 <& P A
JO) === LDy 0) + lels @)
=1

where L(.) represents the cross-entropy loss:

L=yPlog(a(0"h™)) + (1 — y) log(1 — o(6"n™)),
3)
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Model Layer Representation Dimension
Qwen-0.5B 24 1024
Qwen-1.8B 24 2048
Qwen-7B 32 4096
Gemma-2B 18 2048
Gemma-7B 28 3072

Table 1: Model and corresponding layers.

where 6 denotes the model parameters, A is the reg-
ularization coefficient, and o (-) represents the sig-
moid activation function. By evaluating the accu-
racy of this classifier on the test set, we can evaluate
the LLM’s performance and gain insights into its
internal representations across different languages
and layers.

3 Experiment

In this section, we conduct comprehensive prob-
ing experiments to investigate how language mod-
els process different languages. Our analysis fo-
cuses on two key aspects: comparing accuracy
across different model layers and examining cor-
relations between probing vectors of various lan-
guages. Through these experiments, we seek to an-
swer three fundamental research questions (RQs):

* RQ1 - Do other languages achieve compara-
ble probing accuracy to English?

* RQ2 - Do other languages exhibit similar
layer-wise behavioral patterns to English?

* RQ3 - What are the similarities between prob-
ing vectors across different languages?

3.1 Experiment Settings

In this section, we introduce the overall experimen-
tal settings of this papers.

Models: We evaluated the performance and inter-
nal representations across various languages using
two open-source LLM families: Qwen (Bai et al.,
2023) and Gemma (Team et al., 2024). The Qwen-
1.5 architecture comprises 24 layers for smaller
variants (0.5B & 1.8B) and 32 layers for the larger
variant (7B), while the Gemma architecture fea-
tures 18 layers for the 2B model and 28 layers for
the 7B model. The representation vector dimen-
sions vary across models: 1024 for Qwen-0.5B,
2048 for both Qwen-1.8B and Gemma-2B, 3072
for Gemma-7B, and 4096 for Qwen-7B. Table 1
provides a comprehensive overview of the models
and their corresponding layer configurations.
Datasets: In the following experiments, we uti-
lized a truthful dataset: Cities (Marks and Tegmark,



Qwen-0.5B on Cities
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Figure 1: Layer-wise probing accuracy of 5 open-source LLMs across 16 languages.

2023), and a sentiment dataset: Opinion (Tatman,
2017). Cities contains 1496 samples, and Opinion
contains 1000 samples.

* Cities (Marks and Tegmark, 2023): consists
of statements about the location of cities from
worldwide and their veracity labels (e.g., The
city of Lyon is in France, which is true).

* Opinion (Tatman, 2017): consists of opinions
of 20 famous hotels. It contains the hotel’s
name, opinion’s polarity, and its source.

Our dataset encompasses 16 languages: English,
German, French, Chinese, Spanish, Russian, In-
donesian, Oriya, Hindi, Burmese, Hawaiian, Kan-
nada, Tamil, Telugu, Kazakh, Turkmen. We cate-
gorized English, German, French, Chinese, Span-
ish, Russian, and Indonesian as high-resource lan-
guages, and rest of them as low-resource languages
based on the volume of available digital content
and linguistic resources. The original language
of our two datasets are English, and we used
Google Translate within deep-translator python li-
brary (Azam, 2024) to translate them into other
15 languages, as Google Translate supports trans-
lation between over 100 languages, and achieves
high accuracy compared to other translation tools.

63

Implementation Details: To evaluate the perfor-
mance of LLMs on each language, we use the tem-
plate for the Cities dataset in English as "Judge the
statement is Positive or Negative. <Statement>".
The prompts of other languages utilize the same
template translated by Google Translate. This al-
lows us to prevent any context differences regard-
ing the prompt design. We present the full set of
prompt templates for all 16 languages in Figure 3
at the Appendix. We applied probing techniques to
assess the information encoded within each layer
of these models. For our probing analysis, we se-
lected linear classifier probing for our experiments.
Each dataset is divided into a training and a test set
with an 8:2 ratio, and we adhered to the standard
procedure for probing classifiers in LLMs, extract-
ing feature representations from the final hidden
states at each layer of the LLMs to serve as input to
the probing classifier. The linear weight parameter
0 of the logistic regression classifier is regarded as
the probing vector for each language and layer.

3.2 Multilingual Accuracy

In this section, we explored (1) whether other lan-
guages besides English have the same probing ac-
curacy as English and (2) whether they follow the



Table 2: Probing accuracy of various LLMs across different languages on the Cities dataset.

High-Resource Languages

Low-Resource Languages

Model

English German French Chinese Spanish Russian Indonesian Oriya Hindi Burmese Hawaiian Kannada Tamil Telugu Kazakh Turkmen
Gemma-2B 098 095 097 0.69 0.98 0.87 0.95 044 053  0.60 0.60 060 056 056 0.66 0.62
Gemma-7B 099 099 099 0.76 0.99 0.93 0.99 054 076  0.81 0.74 072 070 0.72 0.75 0.76
Qwen-0.5B 090 0.77 0.76  0.70 0.84 0.52 0.69 0.47 0.41 0.33 0.48 043 045 042 043 0.41
Qwen-1.8B 096 092 092 0.75 0.93 0.67 0.87 047 0.41 0.37 0.60 042 040 043 044 0.56
Qwen-7B 099 098 098 0.88 0.98 0.88 0.97 045 050 044 0.65 040 039 046 0.67 0.67

same trend as English in different layers.

We present results on multilingual accuracy
across our five evaluated models (Qwen-0.5B,
Qwen-1.8B, Qwen-7B, Gemma-2B, Gemma-7B)
on the cities and Opinion datasets. In Figure 1 and
Table 2, we show the results of layer-wise prob-
ing accuracy on the Cities dataset. The results of
Opinion dataset are included in Figure 4 in the
Appendix. These results visualize how probing
accuracy changes across model layers for all 16
languages. Based on these results, our analysis
lead to two general observations as follows:

* High-resource languages show higher accu-
racy, while low-resource languages have com-
paratively lower accuracy. We conducted ex-
periments using Cities and Opinion datasets,
exploring the binary classification problem in
16 selected languages. Table 2 shows that in
Cities dataset, high-resource languages such
as French and German achieve at least 70% ac-
curacy, even reaching over 90% accuracy for
some models, while low-resource languages
like Oriya and Hindi only achieve about 40%
accuracy in the final layer.

High-resource languages follow similar
trends to English, where accuracy signifi-
cantly improves as the layers deepen. Low-
resource languages maintain relatively stable
probing accuracy or show only slight improve-
ments. Figure 1 shows that as model layers
go deeper, English, French, and other high-
resource languages could reach highest accu-
racy at the 11th layer. However, the probing
accuracies of the low-resource languages have
not improved significantly.

3.3 Similarity Correlation of Probing Vectors

In this section, we conducted similarity analysis
on probing vectors # across languages using two
visualization approaches:

* Correlation Heatmaps: These visualize the
pairwise similarities between probing vectors
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of all 16 languages. These highlight clustering
patterns and resource-level disparities.

* Layer-wise Similarity Plots: They measure
cosine similarity between each language’s
probing vector and English’s across model
layers, revealing representation dynamics.

For demonstration, Figure 2 shows results from
the Qwen-1.8B model and Opinion dataset. In the
Appendix, we extend this analysis to all five models
(Qwen-0.5B, Qwen-1.8B, Qwen-7B, Gemma-2B,
Gemma-7B) and both datasets (Opinion, Cities)
through Figure 5 and Figure 6. Our analysis reveals
the following three key patterns:

* The probing vectors of high-resource lan-
guages (English, German, French, Chinese,
Spanish, Russian) demonstrate strong corre-
lations with each other, as evidenced by the
darker clusters in the heatmaps and consis-
tently higher similarity curves in the trajec-
tory plots. For instance, in the Qwen-1.8B
Opinion task, German and French probing
vectors maintain correlations above 0.6 with
English across most layers. In contrast, low-
resource languages show notably weaker cor-
relations, both among themselves and with
high-resource languages. This pattern is visi-
ble in the bright regions of the heatmaps for
languages like Tamil, Telugu, and Oriya, with
similarity scores typically remaining below
0.3 across all layers.

The evolution of similarities across model lay-
ers reveals further insights into these represen-
tational differences. High-resource languages
exhibit dynamic similarity patterns with En-
glish, often peaking in middle layers before
slightly decreasing, while low-resource lan-
guages maintain relatively stable, low sim-
ilarity levels throughout the model layers.
These patterns persist across different model
sizes and architectures in both the Qwen and
Gemma families, and remain consistent across
the Opinion and Cities datasets.
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Figure 2: (a) Heatmap of the similarities of probing vectors correlation across languages; (b) Cosine similarity of
probing vectors with English. (Model: Qwen-1.8B, Dataset: Opinion).

4 Related Work

In this section, we review two lines of research that
are most relevant to ours.

Multilingual Abilities of LLMs. The multilin-
gual capabilities of LLMs have garnered increas-
ing attention from researchers (Ali and Pyysalo,
2024; Jayakody and Dias, 2024). Recent stud-
ies have investigated the consistency of factual
knowledge across different languages in multilin-
gual pretrained language models (PLMs) (Fierro
and Sggaard, 2022; Qi et al., 2023). Addition-
ally, significant efforts have been directed towards
enhancing the representation of low-resource lan-
guages (Abadji et al., 2022; Imani et al., 2023; Li
et al., 2024). These investigations demonstrate that
LLMs still possess considerable untapped potential
in multilingual capabilities.

Probing Representations in LLMs. Probing is a
popular method to investigate the internal represen-
tations for LLMs in recent days, which is widely
used in LLM interpretability studies (Alain and
Bengio, 2018; Taktasheva et al., 2021; Pimentel
et al., 2020; Ferrando et al., 2024b; Wendler et al.,
2024). Previous work demonstrate that different
layers typically acquired different information (Jin
et al., 2024; Ju et al., 2024b). Various works us-
ing probing technique to assess how they encode
linguistic features (Liu et al., 2023; Marks and
Tegmark, 2024).

Our study employs probing techniques to exam-
ine LLMs’ performance and internal representa-
tions across different languages. The most closely
related work is the Language Ranker (Li et al.,
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2024), which uses cosine similarity between a lan-
guage’s representation and English as a baseline. In
contrast, our method utilizes linear classifier prob-
ing to evaluate performance across languages. This
approach allows us to directly assess the model’s
ability to extract language-specific information,
providing a more detailed view of LLMs’ multilin-
gual capabilities.

5 Conclusions and Future Work

In this work, our multilingual probing experiments
on LLMs reveal significant disparities in perfor-
mance and representational qualities across lan-
guages, suggesting potential limitations in how
these models learn linguistic concepts. Specifi-
cally, high-resource languages consistently achieve
higher probing accuracy and exhibit similar trends
to English, with accuracy improving significantly
in deeper layers. We also observe high similari-
ties between probing vectors of high-resource lan-
guages, while low-resource languages demonstrate
lower similarities both among themselves and with
high-resource languages. These findings not only
indicate the current limitations of LLMs in han-
dling low-resource languages, but also suggest that
these models may not be learning deeper linguistic
concepts effectively across all languages.

In future, we plan to conduct research to address
these gaps by developing more equitable and effec-
tive multilingual language models that can better
capture universal linguistic concepts. Besides, we
plan to extend this research to multimodal models
that incorporate visual and textual information.



Limitations

In this work, we use machine translation to generate
the prompt templates and question sentences from
English to other languages, which may introduce
noise. We only experiment with five open-source
LLMs and two datasets. In the future, we would
like to expand these findings with other datasets
and models to confirm how well the LLMs’ per-
formance and representations generalize in these
settings. Additionally, we just utilized linear clas-
sifier probing to do the experiments. We plan to
explore more sophisticated probing methods be-
yond linear classifiers, which could offer deeper
insights into the nature of linguistic representations
within LLMs.
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Language Prompt
English Judge the statement is Positive or Negative.
German Beurteilen Sie, ob die Aussage positiv oder negativ ist.
French Jugez si I'énoncé est positif ou négatif.
Chinese FHWrZRRIA 2 FEMNIEZ AE,
Spanish Juzgue si la afirmacion es positiva o negativa.
Russian O1IeHUTE, ABIACTCS JIM YTBEPIKACHUE MOJIOKUTESIBHBIM HJTH
OTPHILIATEIIHHBIM.
Indonesian Tentukan apakah pernyataan tersebut positif atau negatif.
Oriya F6997 999 64 9845 AR & FRAUR |
Hindi ol & fb HYU THRIES § T THRIEAS |
C C C C C C
Burmese GoooOomz%maa&azz%@u@epsa%m@u@sp@@Oa&?n
Hawaiian E ho‘opa‘apa‘a ina he maika‘i ai ‘ole he maika‘i ‘ole ka ‘dlelo.
Kannada BELTONR, ATOT3,T 9T3e00 INTWOI,T 0T 3L DA
Tmail 6UIME G eN6VLID CBITENLDWITETSIT 6V6EVSI
TH T LD WITEOTS T 6TedTLIen S LG LILT(H Q& uiweLD.
Telugu 258 B0 BT (DBETO0 e BB VD08,
Kazakh MoniMIeMEeHIH OH HEMeCe TepiC eKeHIH aHBIKTaHbI3.
Turkmen Beyannamanyn ofiyn ya-da otrisatelidigini kesgitlan.

Figure 3: Prompt templates of all languages used in experiments.
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Figure 5: Heatmap of the similarities of probing vectors correlation across languages.
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Figure 6: Cosine similarity of probing vectors with English across different language models (Qwen-0.5B, Qwen-7B,
Gemma-2B, and Gemma-7B) and tasks (Opinion and Cities).
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Abstract

Text-to-SQL is a task with excellent prospects
and challenges, and it aims to convert natu-
ral language queries (NL) into corresponding
structured query language (SQL) statements.
The main challenge of this task is how to effi-
ciently transform unstructured data and struc-
tured data. In recent years, the emergence of
large language models (LLMs) has further pro-
moted the development of this field. However,
current LLM-based text-to-SQL methods rely
on specific few-shot example construction, re-
sulting in poor performance across domains.
To solve this problem, we propose a text-to-
SQL method of self-contrastive loop of thought
structure. This method designs the LLM in-
ference process as a loop structure based on
the comparison of positive and negative ex-
amples. The model optimizes the generated
results through continuous verification and er-
ror correction, greatly improving accuracy and
reducing dependence on few-shot example con-
struction. The experimental results on SPIDER
and BIRD datasets show that this method can
generate SQL with higher precision without
relying on few-shot example construction.

1 Introduction

The goal of text-to-SQL is to generate SQL based
on natural language. This technique can generate
the corresponding SQL statements by verbal de-
scription. Due to its broad application prospect
and challenge, this task has attracted wide atten-
tion(Bogin et al., 2019; Elgohary et al., 2020; Chen
et al., 2021; Lin et al., 2020).

In the early stages, such research typically
achieved text-to-SQL through rule-based designs
and pre-trained models. Design methods improved
the quality of SQL generation by reinforcing the
alignment between text and database schemas,
such as RAT-SQL (Wang et al., 2020), SDSQL(Hui

* Corresponding author
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et al., 2021), LGESQL(Cao et al., 2021), RESD-
SQL(Li et al., 2023a). Additionally, some stud-
ies employed various pre-training strategies, such
as TaBERT(Yin et al., 2020), GRAPPA(Yu et al.,
2021), GAP(Zhao et al., 2022), and MIGA(Fu
et al., 2023), these models enhanced ability to cap-
ture the complex relationship between natural lan-
guage and SQL structures. Together, these efforts
improve the performance of text-to-SQL.

With the development of LLM, recent studies
have demonstrated the superior ability of LLM in
complex tasks(Gao et al., 2023; Nan et al., 2023b;
Imani et al., 2023). In the text-to-SQL field, the
LLM-based approach exceeds previous work on
multiple datasets without any fine-tuning or train-
ing(Gu et al., 2023; Pourreza et al., 2024; Nan
et al., 2023a).

Based on the advanced performance of LLM,
prompt-based methods have further promoted the
progress of text-to-SQL. Typical work such as DIN-
SQL(Pourreza and Rafiei, 2023), DAIL-SQL(Gao
et al., 2024), TA-SQL(Qu et al., 2024)and MAC-
SQL(Wang et al., 2023). These methods are based
on the few-shot prompt method, combined with
chain-of-thought technology to decompose the task
to improve LLM performance.

Although the prompt-based method has made
significant progress, it still has some problems.
First, the performance depends on the quality of
the few-shot examples, which can lead to LLM
not achieving the potential performance. Second,
most of this work uses a linear thinking workflow
to guide LLM generation, which comprises the
search space. Third, this work improves the ability
to deal with complex problems through detailed
decomposition tasks. However, it may introduce
an additional risk of hallucination, which can ad-
versely affect the results.

To solve the above problems, we propose a text-
to-SQL method based on a self-contrastive loop
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of thought structure (SCL). The LLM generation
process is constructed as a discriminant loop struc-
ture based on the contrast of positive and negative
examples so that the model can improve the accu-
racy of the results in the continuous self-correction.
This reduces the dependence on the construction of
few-shot examples, and the generation relies only
on the self-contrast between positive and negative
examples. With this approach, the LLM can better
focus on outputs similar to positive examples and
exclude erroneous results similar to negative ex-
amples, reducing the inference burden of the LLM.
On this basis, we summarize the contributions of
this paper as follows.

* Designed a question-splitting strategy that en-
hances the utilization of question information
via skeleton-based positive example retrieval
and entity-schema linking. In addition, pos-
itive example retrieval replaces the few-shot
construction, simplifying prompt design.

Enhance the LLM’s verification and selection
abilities through result-guided execution and
logical verification, integrated with a selection
mechanism. This expands the search space
for generation.

* A loop-of-thought structure is designed to
guide the LLM through self-contrast between
positive and negative examples, enhancing its
ability to handle text-to-SQL tasks without
relying on few-shot example construction.

2 Methodology

2.1 Overview

SCL-SQL is a self-contrastive framework for text-
to-SQL. As shown in Figure 7. We first decouple
the query into entity and skeleton parts to improve
schema linking and example retrieval. Then, a
loop-structured reasoning process guides the LLM
to generate, execute, and verify SQL with both
positive and negative examples. Finally, a voting-
based mechanism selects the most reliable result.

2.2  Query Split

To fully utilize the information in the question, we
propose a novel entity-skeleton splitting strategy
that divides the question into entity and skeleton
parts, which respectively guide schema linking and
few-shot example construction.

72

2.2.1 Entity-guided Schema Linking

Schema linking identifies relevant schema ele-
ments (e.g., table names and columns), effectively
reducing mismatches and minimizing hallucina-
tions, as validated in prior studies (Gan et al.,
2023; Yang et al., 2024). This work adopts an
entity-guided approach by extracting keywords us-
ing YAKE (Campos et al., 2020), which divides the
question into keyword (entity) and non-keyword
(skeleton) parts, as shown in Equation 1.

T = {x1, x2, x3, T4, T5, Te, T7, T, L9, T10 }
eeT
seT

)

€ = {%2, T4, T7,T8, 1’9},

s = {x1, 23,25, T6, T10},

Where T represents the original question, e rep-
resents the extracted entity, and s represents the
question skeleton, where e U s =T

The prompt for schema linking has three parts
(entity e, full schema, question). The LLM
matches all similar tables and corresponding
columns during the linking process.

2.2.2 Skeleton-Guided Example Retrieval

An efficient dynamic retrieval method is introduced
to replace manual few-shot example construction.
Questions with similar intents (e.g., searching,
counting, percentage calculation) exhibit similar
structural patterns. By matching skeleton struc-
tures, representative positive examples can be re-
trieved to support model reasoning. The Jaccard
coefficient is used to measure structural similarity
between the current question and existing samples,
as shown in Equation?2.

|sN D]

- [suD|

Sim(s, D) (2)

Where D represents existing data, s represents the
question skeleton, the score calculated by each row
of data is finally sorted from high to low, and the
corresponding number of pieces is returned as posi-
tive examples by setting the initial positive number
Fy. The advantage of this method is that it can
ensure the efficiency of retrieval while performing
accurate retrieval.

Retrieved positive examples are formatted as
Question-SQL (QS) pairs, with the prefix [valid]
added to each pair to indicate "positive’ identifica-
tion in the prompt.
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Figure 1: SCL-SQL structure illustration. The *Pos’ mark represents the positive sample, the "Neg’ mark represents
the negative sample, and SQL and Res represent the generated SQL and the execution result. The numbers behind
them indicate the number of loops in which they are generated.

2.3 Loop of Thought

We propose a loop-structured LLM reasoning pro-
cess to address complex text-to-SQL problems.
The loop consists of four stages: (1) Prompting, (2)
Generation, (3) Execution, (4) Verification. The
goal of these four stages is to enable the LLM to
engage in iterative reasoning by comparing posi-
tive and negative examples. The specific process is
illustrated as follows.

(1) Prompting: A prompt is constructed by in-
tegrating the original question, the linked
database schema, positive examples retrieved
via skeleton-guided example retrieval, and
negative examples from the verification stage,
aiming to guide the LLMAAZs SQL genera-
tion.

(2) Generation: The constructed prompt is fed
into the LLM to generate candidate SQL state-

ments.

(3) Execution: The generated SQL statements
are executed, and both the SQL and their ex-
ecution results are passed to the verification

stage.

(4) Verification: A self-contrastive mechanism is
applied, where the LLM evaluates whether
the SQL and its result are logically correct.
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The verification outcome is represented as a
binary pseudo-probability, with O indicating
failure and 1 indicating success.

The most critical step in the loop of thought is
result verification. However, (Huang et al., 2024)
showed that directly relying on LLM for result ver-
ification and correction may lead to performance
degradation. In the text-to-SQL task, the key evalu-
ation criterion is whether the SQL retrieves the ex-
pected results. To address this, we design a result-
guided verification mechanism, focusing on two
aspects:

(1) Execution verification: Whether the SQL ex-
ecutes successfully and whether the result is
empty.

(2) Logical verification: Whether the result logi-
cally matches the query intent. For instance,
when querying the most sold car, the expected
result should include the car’s name. If irrele-
vant or multiple results are returned, the SQL

is considered logically invalid.

If the verification passes, the SQL-Result (SR)
pair is added to a candidate pool. If the pool con-
tains only one entry, it is selected as the final output.
If the verification fails, the SR pair is treated as a
negative example and used in the next round of



prompt construction. It is structured as a triplet
SQL, result, cause, with a prefix label [invalid]. As
shown in Figure 2.

In the whole process of the loop of thought, neg-
ative examples are not only used to correct errors
but also an important tool to guide the LLM to
optimize the thought of generation in the loop. By
emphasizing negative examples, avoid repeating
errors. The process is repeated until the verifica-
tion passes or a maximum loop times L is reached.
In this process, to reduce the influence of positive
examples on modification, a positive decay mech-
anism is designed here. The number of positive
examples will decrease with the increase in the
number of negative examples, and their relation-
ship is shown in Equation 3.

P=F—-—a - NaeclZ 3)

Where Py represents the initial number of posi-
tive examples, P represents the current number
of positive examples, N represents the number of
negative examples, « is the correlation coefficient
of positive and negative examples, and must be an
integer. This mechanism aims to prevent the ad-
verse effects of positive examples on modifications
at a later stage.

Through this design, it is not necessary to make
specific few-shot examples. The generation pro-
cess can be manipulated by positive and negative
examples. In loop execution, the LLM can quickly
provide results for simple questions, while the
LLM can call the loop to think repeatedly and
provide more diverse responses for complex ques-
tions.

2.4 Candidates Selection

Despite loop-based refinement, LLM may still mis-
judge results. To mitigate this, each SR pair is
stored in a candidate pool. When multiple candi-
dates exist, a voting mechanism is employed to
determine the final selection. The LLM evaluates
each SR pair based on the user query and provides
votes accordingly. Compared to directly correcting
erroneous SQLs, selecting the best one through
voting among existing candidates is more efficient
and reliable. The effectiveness of this strategy is
further analyzed in Section 4.3.
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[valid]
Question: Please list the phone numbers of the schools with the
top 3 SAT excellence rate.

SQL: SELECT phone_number FROM schools ORDER BY
sat_excellence_rate DESC LIMIT 3;

[valid]

Question: List the names of the top 10 products with the highest
customer ratings, but only

if they have more than 100 reviews.

SQL: SELECT product_name FROM products WHERE
review_count > 100 ORDER BY

customer_rating DESC LIMIT 10;

i [invalid] ]
| SQL: !
1 SELECT employee_email FROM employees ORDER BY '
! annual_salary DESC LIMIT 5; :
1 Result: 1
| OperationalError: no such column: employee_email '
; Reason: !
1 employee_email does not exist in the table, which is obviously the
| incorrect column '
i [invalid] '
1 SQL: '
| SELECT email, annual_salary FROM employees ORDER BY !
1 annual_salary DESC LIMIT 5; 1
| Result: !
: [ (john.doe@example.com’, 150000), (‘jane.smith@example.com', 145000)..... 1
i Reason: '
1 The question only asks to return the mailbox, and the salary is '
! returned inside, which obviously does not meet the requirements :
1 of the question |
1 1

Figure 2: Positive and negative examples. Green [valid]
indicates a positive example label, and red [invalid]
indicates a negative example label.

3 Experiments

3.1 Setup

For the positive instance retrieval number Fy, we
set it to 3, the maximum loop number L of the
thinking loop to 3, and the correlation coefficient of
positive and negative cases to 1. The temperature
of LLM is set to 0.1.

3.2 Dataset

[1] SPIDER(Yu et al., 2018)!: A large-scale,
complex cross-domain text-to-SQL dataset
containing over 10,000 questions and nearly
6,000 unique SQL queries covering 200
databases and 138 different domains.

[2] BIRD(Li et al., 2023c)*: The most chal-
lenging large-scale cross-domain text-to-SQL
benchmark. Contains 12,751 pairs of data and
95 databases covering 37 fields.

1ht’cps: //yale-lily.github.io/spider
2https://bird-bench.github.io/
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3.3 Baseline

To ensure a fair comparison, few-shot learning
methods with validated results are selected as
baseline models, such as DIN-SQL(Pourreza and
Rafiei, 2023), DAIL-SQL(Gao et al., 2024), TA-
SQL(Qu et al., 2024), MAC-SQL(Wang et al.,
2023). The second category evaluates the improve-
ment of LLMs using the proposed SCL method,
with GPT-3.5, GPT-4, and GPT-40 as base models.

3.4 Evaluation Metrics

To facilitate comparison with other similar types
of work, the evaluation process mainly includes
the following two indicators: (1)EX: Represents
the execution accuracy of the generated SQL by
calculating how close the SQL is to the real SQL
execution result. (2)VES: Used to calculate the
efficiency of generating valid SQL. SQL efficiency
considerations are added to accuracy.

3.5 Result

As shown in Table 1, SCL-SQL outperforms exist-
ing methods on SPIDER and BIRD, especially on
the complex BIRD dataset. It achieves higher EX
and VES scores, improving robustness and seman-
tic accuracy. The gap between GPT-4 and GPT-40
further demonstrates the method’s scalability. Our
method generates executable and accurate SQL,
highlighting its effectiveness and generalizability.
As shown in Table 2, SCL-SQL consistently
enhances the performance of all evaluated LLMs.
Notably, the improvements extend beyond simple
queries, with significant gains on moderate and
challenging samples. This demonstrates that SCL-
SQL not only improves overall accuracy but also
strengthens complex reasoning and schema under-
standing. Moreover, while stronger models already
perform well, SCL-SQL further boosts their effec-
tiveness, showing strong compatibility and gener-
alizability across different model capacities.

3.6 Ablation Study

We conducted ablation experiments for the method
proposed in the paper to verify the effectiveness of
the proposed method. The ablation experimental
results and analysis of different methods are shown
in Table 3.

It can be seen that each module brings incre-
mental improvements, but together they produce
a synergistic effect. Positive examples enhance
guidance, negative examples improve discrimina-
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Figure 3: The effect of the number of positive examples,
where EX represents the execution accuracy, and Q-
Score represents the Jaccard score of the question versus
the question in the positive example. S-Score indicates
the Jaccard score of the ground truth SQL and the SQL
in the positive example.

tion, and the thought loop significantly boosts it-
erative correction. Each module contributes from
a different perspective, jointly achieving the best
performance.

4 Analysis

To show the details of SCL-SQL, we conducted
a detailed analysis of the parts of SCL-SQL, in-
cluding hyper-parameter experiments and result
analysis, where all analysis is based on the BIRD
development set, and defaults are used for parame-
ters not mentioned.

4.1 Effect of Number of Positive Examples

To verify the influence of positive examples on the
result, we set a different number of initial positive
examples (positive decay is off), and the result is
shown in Figure 3.

It can be seen that the best results can be
achieved when the initial positive example P is
set to 3. Beyond 3, there is a decrease in the gen-
eration accuracy due to the smaller Jaccard score
of the retrieved sample. The performance drop
beyond 3 positive examples is mainly due to the
reduced relevance of additional positive examples.
As more positive examples are added, their simi-
larity to the current query decreases, introducing
noise that misleads the model and lowers genera-
tion accuracy.



SPIDER BIRD
Method Dev  TEST Dev Test
EX(%) EX(%) | EX(%) VES(%) EX(%) VES(%)
DIN-SQL + GPT-4  82.80 8530 | 50.72 5879 5590  59.44
DAIL-SQL + GPT-4 8440 8660 | 5476 5608 5741  61.95
TA-SQL + GPT-4 85.00 _ 56.19 - 50.14 -
MAC-SQL + GPT4 8675 8280 | 5756 5876 5959  67.68
Ours(GPT-4) 87.04 8635 | 6225 6562 - -
Ours(GPT-40) 87.13 8737 | 6473 6648 6523 7075

Table 1: Result on SPIDER and BIRD, "-" indicates that the result is not provided

Method Sim(%) Mod(%) Chall(%) Total(%)
GPT-3.5 47.56 22.36 18.05 37.15
GPT-3.5+SCL 57.08 (+9.52) 31.82 (+9.46) 20.83 (+2.78)  46.02 (+8.87)
GPT-4 54.27 34.62 31.94 46.21

GPT-4 + SCL 64.00 (+9.73) 63.44 (+28.82) 47.22 (+15.28) 62.25 (+16.04)
GPT-40 58.59 43.53 40.68 52.99
GPT-40+ SCL  70.05 (+11.46) 59.05 (+15.52) 48.97 (+8.29) 64.73 (+11.74)

Table 2: Execution accuracy across different LLMs. ’Sim’, "Mod’, and *Chall’ denote simple, moderate, and
challenging subset samples. Numbers in parentheses indicate the relative improvement brought by SCL.

BIRD EX(%)
SCL-SQL 64.73
w/o schema linking 62.58
w/o question split 63.23
w/o thought loop 58.34
w/o positive 60.16
w/0 negative 59.32
w/o positive decay 62.23
w/o vote 61.47

Table 3: Result of ablation study. Where, w/o ques-
tion split means that the question is no longer split, and
the complete question is directly sent to the LLM. w/o
thought loop indicates that the loop is closed and the
method is executed linearly. w/o positive and w/o neg-
ative indicates that the positive example and negative
example are not set respectively. w/o positive decay
disables positive decay. w/o vote disables the voting
mechanism and takes the last loop result as output.

4.2 Effect of Times of Loop

We set different values of L to examine the impact
of loop execution times on overall performance
and subset results (Sim, Mod, Chall), as shown in
Figure 4.

Accuracy increases from L = 1 to L = 3, indi-
cating that moderate iterations enhance the model’s
self-correction ability and decision quality. How-
ever, performance declines when L > 3, likely due
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to increased candidate pool complexity and noise
interference.

Subset analysis reveals that performance on the
simple subset remains relatively stable, while the
moderate subset shows moderate improvements.
The most significant gain is observed in the chal-
lenging subset, where accuracy peaks at L = 3. Be-
yond this point, performance decreases, suggesting
that excessive iterations may introduce misleading
information and hinder final judgment.

4.3 Selection Accuracy

Since the selected result from the candidate pool is
not always correct, we further evaluated the accu-
racy of the selection mechanism. Specifically, we
analyzed the loop execution behavior at L = 3, as
shown in Figure 5, where "n-Loop" denotes sam-
ples that exit the loop at the n-th iteration. Figure 6
presents the statistics of selection errors (C-Error)
at different loop stages.

It can be seen that selection errors (C-Error)
account for only 3.1% of the total errors, indi-
cating that the selection mechanism introduces
relatively minor inaccuracies. Nevertheless, the
loop mechanism still leads to a net performance
gain, as the overall accuracy improves significantly
from 58.34% to 64.73%. This demonstrates that
although some selection errors occur, the overall
effect of loop-based refinement remains positive.
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Figure 4: Result on the different number of loop cycles.
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Figure 5: Loop execution statistics.

5 Related Work

5.1 Text-to-SQL
5.1.1 Design Method

The method based on the design method focuses
on enhancing the relationship between text and
database schema to improve the quality of SQL
generation.

RAT-SQL(Wang et al., 2020) improved the
schema encoding and feature representation in
the encoder through the relational awareness self-
attention mechanism and improved the generation
accuracy. In addition, (Hui et al., 2021) proposes
a multi-task text-to-SQL model (SDSQL) guided
by schema dependency to capture the question in-
teraction with the database schema without having

77

to perform booting, significantly reducing infer-
ence time. LGESQL(Cao et al., 2021) enhances
line graph coding and improves the parsing per-
formance of heterogeneous graphs. S?SQL(Hui
et al., 2022) uses syntax-dependent information
to strengthen the connection between the question
and the database. Proton(Wang et al., 2022) ex-
tracted the relational structure from PLMs through
the Poincare distance detection process to optimize
the schema linking. RESDSQL(Li et al., 2023a)
relieves the burden of schema linking in SQL pars-
ing by decoupling schema linking from skeleton
parsing.

5.1.2 Pre-training Method

Most existing Text-to-SQL pre-training methods
use a single Transformer or Transformer-based
encoder-decoder framework to capture task char-
acteristics through different pre-training targets.

For example, TaBERT(Yin et al., 2020) per-
forms well by combining natural language and tab-
ular data representation. Similarly, GRAPPA(Yu
et al., 2021) constructs and synthesizes data with
SCFG and combines mask language model (MLM)
pre-training to improve the table semantic parsing
ability. Further, GAP(Zhao et al., 2022) enhanced
the parsing ability through the joint learning of
natural language and schematic representation.
MIGA(Fu et al., 2023) designed four pre-training
tasks based on T5(Raffel et al., 2020) to implement
text-to-SQL. Similarly, GRAPHIX-T5(Li et al.,
2023b) is enhanced by a graphic awareness layer.
Codes(Li et al., 2024) employs incremental pre-
training and data enhancement techniques to deal
with schema linking and domain adaptation. Each
method improves the performance of text-to-SQL
parsing with different strategies.

5.1.3 Prompt-based Method

(Rajkumar et al., 2022; Liu et al., 2023) prove the
advanced performance of various LLM on text-
to-SQL. Then, around how to improve the perfor-
mance of LLM in text-to-SQL, DIN-SQL(Pourreza
and Rafiei, 2023) attempts to decompose com-
plex text-to-SQL tasks into smaller subtasks to
improve the performance of LLM in inference.
DAIL-SQL(Gao et al., 2024) is a text-to-SQL solu-
tion that optimizes large language model prompts
engineering, encodes SQL statements with struc-
tured knowledge, and reduces the impact of cross-
domain knowledge to improve token efficiency.
To eliminate the hallucination problem in LLM
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generation, TA-SQL(Qu et al., 2024) adjusted the
model’s processing methods for unfamiliar tasks
by comparing them with previously trained tasks,
reducing the model’s dependence on the general-
ization ability to generate responses from scratch,
thus significantly reducing the incidence of hal-
lucination. MAC-SQL(Wang et al., 2023) further
exploits the inference ability of LLM through serial
collaboration of multiple agents.

5.2 Prompt Engineering

Although LLM have a strong understanding and
inference ability, they still have difficulties in com-
plex logical tasks such as mathematical operations
and structured output. To this end, the research
focus has shifted to solving problems step by step
by prompt engineering guide LLM.

In this type of work, the chain of thought
(CoT)(Wei et al., 2022) enhances complex reason-
ing ability through intermediate reasoning steps.
The tree of thought (ToT)(Yao et al., 2023a) forms
a tree-like structure through multiple reasoning
paths to expand the search space. A mind map
(GoT)(Besta et al., 2024) forms a network of cross-
ing paths to generate more flexible solutions. Re-
Act(Yao et al., 2023b) proposes a general paradigm
that combines reasoning and action with LLM.
Prompt-based text-to-SQL methods often combine
such prompt engineering to harness the potential
of LLM.
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6 Conclusion

We proposed a text-to-SQL method based on a self-
contrastive loop of thought to solve the problem
of LLM’ dependence on few-shot example con-
struction in text-to-SQL tasks. By designing the
generation process as a discriminant loop structure
based on a comparison of positive and negative
examples, we significantly improved the accuracy
and generalization of LLM and reduced the de-
pendence on small samples. Experimental results
show that the proposed method performs well on
multiple data sets, and the generated SQL queries
have higher accuracy. The contribution of this
paper also includes the design of a question split
strategy, execution, logical verification mechanism,
and introduction of the "loop" structure to optimize
the self-verification and error-correcting ability of
LLM in text-to-SQL tasks.

7 Limitation

There are still limitations in the SCL-SQL method.
The first is that it solves the problem of construct-
ing few-shot examples in the generation process,
but prompts of some complexity are still necessary.
The second point is that the effect depends on the
number and quality of the dataset. If the data set
is too small or there are not enough similar exam-
ples, then the effect of this method will be greatly
limited.
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BIRD SPIDER

Errors
condition error
schema linking
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misunderstanding question
others

Figure 7: Error distribution statistic on BIRD and SPIDER dev set. Where "condition error" indicates wrong
condition construction, "schema linking" indicates incorrect linking with tables, "column error" means the wrong
column was selected, and "misunderstanding question" indicates the SQL was not compatible with question.

A Error Analysis

To fully explore our proposed approach, we also counted error types on the BIRD and SPIDER dev
datasets in Figure 7. Among them, we mainly examine schema linking and semantic error. As the figure
shows, the most common error types are conditional errors. Conditional errors account for more than 50%
of total errors in BIRD and SPIDER. Compared to past methods, we have reduced error rates in many
aspects, but we still lack advantages in constructing SQL for complex conditions. We give examples of
different error types in Tables 4, 5, 6, 7, and 8.



Schema Linking

Error

BIRD

Question: How many schools in Fresno (directly funded) have number of test takers not
more than 2507

PRED: SELECT COUNT(x) FROM [schools| AS s INNER JOIN |satscores AS ss
ON s.CDSCode = ss.cds WHERE s.City = ’Fresno’ AND s.FundingType
= ’Directly funded’ AND ss.NumTstTakr <= 250

GOLD: SELECT COUNT(T1.CDSCode) FROM frpm AS T1 INNER JOIN satscores
AS T2 ON T1.CDSCode = T2.cds WHERE T1.‘Charter Funding Type°‘
= ’Directly funded’” AND T1.‘County Name‘ = ’Fresno’ AND
T2.NumTstTakr <= 250

SPIDER

Question: What are the locations and names of all stations with capacity between 5000
and 10000?

PRED: SELECT location, station_name FROM |stations WHERE capacity
BETWEEN 5000 AND 10000

GOLD: SELECT LOCATION , name FROM stadium WHERE capacity BETWEEN 5000

AND 10000

Table 4: Examples of schema linking errors.

Condition Error

BIRD
Question:

PRED:

GOLD:

SPIDER
Question:
PRED:

GOLD:

Please list the phone numbers of the direct charter-funded schools that are
opened after 2000/1/1.

SELECT schools.Phone FROM frpm INNER JOIN schools ON frpm.CDSCode
= schools.CDSCode WHERE frpm. ‘Charter School (Y/N)¢ = 1
AND frpm. ‘Charter Funding Type‘ = ’Directly funded’ AND
schools.OpenDate > ’2000-01-01’ AND schools.Phone IS NOT NULL
AND schools.OpenDate IS NOT NULL AND schools.Charter
IS NOT NULL ;

SELECT T2.Phone FROM frpm AS T1 INNER JOIN schools AS T2
ON T1.CDSCode = T2.CDSCode WHERE T1.‘Charter Funding Type*
= ’Directly funded’ AND T1.‘Charter School (Y/N)¢ = 1 AND
T2.0penDate > ’'2000-01-01’

What is the maximum capacity and the average of all stadiums?

SELECT MAX(Capacity) AS Max_Capacity, AVG(Average) AS
Avg_Attendance FROM stadium

SELECT max(capacity), average FROM stadium

Table 5: Examples of condition errors.
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Column Error

BIRD
Question:

PRED:

GOLD:

SPIDER
Question:
PRED:

GOLD:

If there are any, what are the websites address of the schools with a free meal
count of 1,900-2,000 to students aged 5-177? Include the name of the school.
SELECT | frpm. ‘School Name‘, schools. ‘Web‘ FROM frpm INNER
JOIN schools ON frpm. ‘CDSCode‘ = schools.‘CDSCode‘ WHERE
frpm. ‘Free Meal Count (Ages 5-17)¢ BETWEEN 1900 AND 2000 AND
schools. ‘Website‘ IS NOT NULL;

SELECT T2.Websit, T1.‘School Name‘ FROM frpm AS T1 INNER JOIN
schools AS T2 ON T1.CDSCode = T2.CDSCode WHERE T1.‘Free Meal
Count (Ages 5-17)¢ BETWEEN 1900 AND 2000 AND T2.Website IS NOT
NULL

Find the average and maximum age for each type of pet.

SELECT Pets.PetType, AVG(Pets.pet_age) AS average_age,
MAX(Pets.pet_age) AS maximum_age FROM Pets JOIN Has_Pet
ON Pets.PetID = Has_Pet.PetID GROUP BY Pets.PetType;

SELECT avg(pet_age) , max(pet_age) , pettype FROM pets GROUP
BY pettype

Table 6: Examples of column errors.

Question misun-
derstanding

BIRD
Question:

PRED:

GOLD:

BIRD
Question:
PRED:

GOLD:

Of the schools that offers a magnet program serving a grade span of Kinder-
garten to 8th grade, how many offers Multiple Provision Types? List the number
of cities that offers a Kindergarten to 8th grade span and indicate how many
schools are there serving such grade span for each city.

SELECT COUNT(*) AS NumberOfSchoolsWithMultipleProvisionTypes
FROM schools JOIN frpm ON schools.CDSCode = frpm.CDSCode WHERE
schools.Magnet = 1 AND schools.GSserved = K-8’ AND frpm. ‘NSLP
Provision Status¢ = ’Multiple Provision Types’; - Second part:
List the number of cities and the number of schools serving a K-8
grade span SELECT schools.City, COUNT(*) AS NumberOfSchools FROM
schools WHERE schools.GSserved = K-8’ GROUP BY schools.City;
SELECT T2.City, COUNT(T2.CDSCode) FROM frpm AS T1 INNER JOIN
schools AS T2 ON T1.CDSCode = T2.CDSCode WHERE T2.Magnet = 1 AND
T2.GSoffered = K-8’ AND T1.‘NSLP Provision Status‘ = ’Multiple
Provision Types’ GROUP BY T2.City

Which model has the most version(make) of cars?

SELECT ml.Model, COUNT(DISTINCT cn.Make) AS make_count FROM
model_list ml JOIN car_names cn ON ml.Model = cn.Model GROUP
BY ml.Model ORDER BY make_count DESC LIMIT 1;

SELECT Model FROM CAR_NAMES GROUP BY Model ORDER BY count(*)
DESC LIMIT 1;

Table 7: Example of question misunderstanding errors.
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Other Error

BIRD
Question:

PRED:

GOLD:

BIRD
Question:
PRED:

GOLD:

Among the customers who paid in euro, how many of them have a monthly
consumption of over 1000?

SELECT COUNT(DISTINCT yearmonth.CustomerID) FROM customers INNER
JOIN yearmonth ON customers.CustomerID = yearmonth.CustomerID
WHERE customers.Currency = ’'EUR’ AND yearmonth.Consumption >
1000

SELECT COUNT(*) FROM yearmonth AS T1 INNER JOIN customers AS T2
ON T1.CustomerID = T2.CustomerID WHERE T2.Currency = ’EUR’ AND
T1.Consumption > 1000.00

List the first and last name of all players in the order of birth date.

SELECT first_name, last_name FROM players ORDER BY birth_date
ASC

SELECT first_name , last_name FROM players ORDER BY birth_date

Table 8: Examples of other errors.
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Abstract

This paper addresses the constraints of down-
stream applications of pre-trained language
models (PLMs) for low-resource languages.
These constraints are pre-train data deficiency
preventing a low-resource language from being
well represented in a PLM and inaccessibility
of high-quality task-specific data annotation
that limits task learning. We propose to use au-
tomatically labeled texts combined with man-
ually annotated data in a two-stage task fine-
tuning approach. The experiments revealed that
utilizing such methodology combined with vo-
cabulary adaptation may compensate for the
absence of a targeted PLM or the deficiency
of manually annotated data. The methodology
is validated on the morphological tagging task
for the Udmurt language. We publish our best
model that achieved 93.25% token accuracy
on HuggingFace Hub' along with the training
code?.

1 Introduction

The evolution of transformer-based pre-trained lan-
guage models (PLMs) has enabled leveraging them
as a basis to fine-tune for numerous downstream
tasks, including morphological analysis (Baxi and
Bhatt, 2024). The pipeline is complicated for low-
resource languages (LRLs), which are rarely in-
cluded in the pre-training data of PLMs, primar-
ily due to the scarcity of data available (Imani-
Googhari et al., 2023). When tackling a down-
stream task for a LRL without a PLM, one ap-
proach to address the data deficiency is to scale
up the volume of high-quality task-specific data
annotation.

Annotated texts in LRLs are contributed mainly
by field linguists, who indicate the primary de-
mand for such tools. However, these specialists

"https://huggingface.co/ulyanaisaeva/
bert-morph-tagger-udmurt

2https://github.com/ulyanaisaeva/
bert-morph-tagger-udmurt
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do not necessarily own the technical skills required
to utilize state-of-the-art deep learning-based ap-
proaches. Thus, rule-based algorithms have be-
come the typical approach to developing morpho-
logical tools for LRLs. They face limitations
for languages with morphological form ambigu-
ity, where they predict multiple morphological de-
scriptions for a single word. Proper disambiguation
requires costly manual annotation by rare special-
ists. Given these constraints, ambiguous annotation
is more accessible and scalable than manually dis-
ambiguated labels.

Addressing these considerations, we propose a
two-stage fine-tuning methodology using automati-
cally ambiguously annotated data combined with
manually labeled data to achieve optimal perfor-
mance in the morphological analysis task. Our
experiments focus on the Udmurt language, which,
while not entirely low-resource in terms of avail-
able data, was not included in the pre-training data
of open-source multilingual PLMs until recently.
The resulting morphological tagging tool perfor-
mance is comparable to that of an alternative ap-
proach on the basis of a massively multilingual
PLM. Thus, the proposed method is supposed to
compensate for the absence of a PLM for a LRL.
We also show that this approach can reach base-
line performance with up to 3 times less manually
annotated data.

To put our findings into practice, we open-source
a morphological analyzer for Udmurt with an ac-
curacy of 93.25% on all test tokens and 85.7% on
tokens with ambiguous labels. Of all our experi-
ments, the maximum performance was achieved us-
ing a recently introduced Glot500-m model (Imani-
Googhari et al., 2023), which, among other 500+
languages, was pre-trained on texts in Udmurt.
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2 Methodology

We model the morphological analysis task as a
token classification problem, where each label is
a concatenation of a part-of-speech (POS) tag and
morphological features of the word.

The architecture consists of a transformer en-
coder and a dense projection layer, predicting label
probabilities for input words. It outputs a tensor of
shape L x K where L is sequence length (i.e., the
number of words) and K is the number of unique
labels. If a word is tokenized into multiple subto-
kens, we assign the label to the first one and mask
out all the subsequent word subtokens during loss
calculation.

Applying transformer-based pre-trained encoder
models to downstream classification tasks has
proven effective in numerous studies. For LRLs
that commonly lack a specialized PLM, the PLMs
of first choice are multilingual ones, like mBERT,
which inherits the original BERT architecture (De-
vlin et al., 2019) and has been pre-trained on the
top 100 languages with the largest Wikipedias.
Acs et al. (2021) investigates the transferability
of BERT-like models to unseen languages (i.e.,
languages the model has not been pre-trained on)
via fine-tuning on limited training data. The au-
thors observe that high-resource monolingual mod-
els, though effective in their specific language,
show worse cross-language transferability than
multilingual models in token classification tasks
such as POS tagging and named entity recogni-
tion. Importantly, Acs et al. (2021) showed that
monolingual models for genetically unrelated lan-
guages can transfer more efficiently than multilin-
gual ones in cases where the languages share the
same script, e.g., ruBERT for Russian performed
better than multilingual BERT applied to Uralic lan-
guages with Cyrillic script (Erzya, Moksha, Komi
Permyak).

2.1 Tokenizer adaptation

The observations related to script similarity are
attributed to the impact of tokenization on model
performance. The more a tokenizer is relevant to a
given language, the less a word is split into pieces
during tokenization. Since multilingual models’
tokenizers are trained on languages with various
scripts, their vocabularies tend to contain shorter
subwords and thus have higher fertility, defined as
the average number of word pieces per word.
Presumably, for token classification tasks like
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morphological tagging or named entity recognition,
a more targeted tokenizer (i.e., with lower fertility)
would be more optimal. This suggestion is tested
by Wang et al. (2020), showing that adapting a
model’s tokenizer to an unseen language improves
downstream zero-shot performance in NER tasks
in that language. The methodology implies adding
30K new targeted items to the vocabulary while
randomly initializing the corresponding model’s
embedding weights.

In this study, we utilize tokenizer vocabulary
adaptation (VA) to improve morphological tagging
accuracy. As an adaptation technique, we leverage
the Vocabulary Initialization with Partial Inheri-
tance approach (Samenko et al., 2021). It aims at
preserving the model’s knowledge from the pre-
training stage instead of learning all embedding
weights from scratch. Original model embedding
weights are inherited for tokens in the new vocab-
ulary, which are also found in the initial one; the
other weights are randomly initialized.

To find the optimal vocabulary size, we fitted
several WordPiece (following mBERT) tokeniz-
ers on Train-AML with sizes ranging from 1K to
128K (log step with base 2) and measured fertility
on the Valid-AML. At the size of 32K, the fertil-
ity plateaus around 1.18, and so does the ratio of
tokens not split into subwords (85.93%); this vo-
cabulary size is selected for future experiments.

2.2 Combining automated and manual
annotation

Morphological form ambiguity (homonymy) is a
phenomenon where the same word form may be
attributed with different morphological description
depending on the context, e.g., English "records’ is
a plural noun in *This song sets records for popu-
larity’ and a 3rd person singular present tense verb
in "He records and plays ten instruments’. The
disambiguation of such labels requires word con-
text understanding. Yet, classifying a token accu-
rately only to a group of ambiguous labels is a task
achievable even by simple context-unaware algo-
rithms. In the example above, it would mean re-
ducing the space of possible labels to 'NOUN,pl’,
"VERB,3sg,prs” without selecting the single cor-
rect label. The two-step fine-tuning approach pro-
posed in this work leverages this mechanism to
improve morphological tagging accuracy, includ-
ing for words with ambiguity.

The first step is to pre-fine-tune (PFT) the
classifier using ambiguously annotated data (e.g.,



with a context-unaware analyzer) with multiple
pseudo-correct labels for words with morpholog-
ical homonymy. This stage’s learning objective
is to narrow the set of most probably predicted
labels to a group of labels that correspond to am-
biguous word forms. We hypothesize that such
pre-fine-tuning would provide the model with an
initial intuition about the homonymous nature of
morphological labels.

Seemingly, this PFT could be modeled as a multi-
label classification problem. In fact, by the nature
of the task, only one of a word’s homonymous
forms is actually correct. This is why we model
this pre-training stage as single-label multi-class
classification with a softmax for class probabili-
ties, though it requires additional changes to how
we treat multiple pseudo-correct labels during loss
calculation.

The basic loss function for multiclass classifica-
tion is cross-entropy, defined as a sum of negative
predicted log probabilities of positive labels.

CFE = Z — log p;
{i|K;€correct}
The minimum of this loss function is achieved
when these probabilities are equal and sum into
1, while the others are all equal to 0. Given the na-
ture of morphological homonymy, it is suboptimal
to teach the classifier to equalize probabilities in
the set of pseudo-correct labels with only one being
actually true. Taking this into account, we propose
to calculate the PFT loss function as a negative
logarithm of the sum of predicted probabilities for

positive classes.
MLCE =—log > p
{i|K;€correct}

This function would still penalize models for pre-
dicting high probabilities for wrong labels, and
vice versa, yet remain indifferent to how the proba-
bilities for pseudo-correct labels are mutually dis-
tributed.

The second training step is task fine-tuning (FT),
which requires reliable manually disambiguated
annotation to finally learn to precisely select from
a homonymic group of tags. The model is still
offered to choose from the full set of all possible
labels, yet it is supposed to rely on positive bias
to ambiguous labels acquired during the PFT step.
Similarly to the PFT, the FT is done using the soft-
max activation function at the last projection layer,
which outputs label probabilities that sum into 1.
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2.3 Data

The proposed approach is relevant in the case of
presence of 2 types of task-specific data:

* AML: automatically labeled texts where a
word may contain more than one label in
case further label selection is constrained by
morphological ambiguity and requires context
analysis or manual disambiguation.

* MDL: manually labeled (or disambiguated
after automatic annotation) texts with a single
label per word.

See Appendix A for the data origin details.
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To evaluate the proposed morphological tagging
pipelines, we use the following metrics:
* Token accuracy (TAcc) is the ratio of tokens
with correctly predicted tags.
* Token accuracy (homonymous) (TAccH) is the
same metric, but calculated only on tokens
with morphological form ambiguity.

Metrics

3 Experiments

Model selection. We focus on the morphological
analysis for the Udmurt language. Until recently,
and by the time this research was planned, there
had not been a multilingual model pre-trained in the
Udmurt language until Glot500-m (ImaniGooghari
et al., 2023) was published. Since the absence of a
targeted PLM is still the case for numerous LRLs,
we chose the multilingual BERT (mBERT?) as the
baseline model. Referring to previous findings on
the transferability of monolingual models sharing
the same script as the target language, we also
experimented with the BERT model for the Rus-
sian language (ruBERT?, (Zmitrovich et al., 2024)),
since Udmurt uses Cyrillic script too.

To keep up with the updates in the area of
multilingual models, we provide a comparison
with Glot500-m> which is pre-trained in 500+ lan-
guages, including Udmurt.

Experimental setup. The three above-
mentioned models are tested in 4 main setups:
1. FT: only fine-tuning on Train-MDL
2. VA+FT: vocabulary adaptation on Train-
MDL and FT

3https://huggingface.co/google—bert/
bert-base-multilingual-cased

*https://huggingface.co/ai-forever/
ruBert-large

Shttps://huggingface.co/cis-1mu/glot500-base
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3. PFT+FT: pre-fine-tuning on Train-AML
and FT

4. VA-PFT-FT: VA and PFT and FT

The Udmurt language, which is our focus in
this work, is not an extremely low-resource lan-
guage since there are available text corpora and
NLP tools. Emulating the MDL-data scarcity setup
common for low-resource languages, we fine-tune
the best-performing setup for ruBERT and mBERT
on a reduced subset from Train-MDL (100, 200,
500, 1000, 5000 sentences of the original 10000
sentences).

4 Results & Discussion

The results of the described experiments are pro-
vided in Table 1. Every row section compares base-
line (i.e., with fine-tuning only) performance to
that of models with vocabulary adaptation and/or
pre-training on ambiguously annotated data.

Model TAcec TAccH
mBERT-FT (Devlin et al., 2019) 86.28 77.04
VA-FT 87.55 77.49
PFT-FT 87.02 78.66
VA-PFT-FT 91.38 81.54
ruBERT-FT (Zmitrovich et al., 2024) 86.35 77.02
VA-FT 87.89 77.65
PFT-FT 87.32 77.87
VA-PFT-FT 91.24 81.00
Glot500-FT (ImaniGooghari et al., 2023) 92.44 85.34
VA-FT 85.63 85.63
PFT-FT 93.25 85.70
VA-PFT-FT 91.17 81.52

Table 1: Models’ performance on Test-MDL. See sub-
section 2.4 for the evaluation details.

The baseline models achieved 86.3 and 86.4 to-
ken accuracy with mBERT and ruBERT, respec-
tively. Applying the VA procedure before the FT
brings an improvement of 1.3 and 1.5 pp while
PFT on the model with the original tokenizer be-
fore the FT increases the performance at 0.7 and
1.0 pp, respectively, for mBERT and ruBERT. How-
ever, the improvement brought by the cumulative
usage of both VA and PFT over the FT-only base-
line performance is approximately 5 pp for both
backbone models. Thus, these two procedures ap-
pear far more effective when applied jointly rather
than separately.

Glot500-m baseline showed the best baseline
performance across our experiments and was fur-
ther improved when pre-fine-tuned on ambiguous
annotated data. Yet adapting the vocabulary of
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Glot500-m both with and without PFT decreased
the overall performance.

The pipelines with VA and PFT based on
mBERT and ruBERT perform worse yet compara-
bly to FT-only Glot500-m baseline. This is impor-
tant evidence suggesting that the utilization of the
proposed two-stage training pipeline may be seen
as an effective compensatory approach in cases
when there is no available model pre-trained on the
target LRL.

To address the cases of extremely LRLs where
manual annotation is scarse, we trained the baseline
and the enhanced pipelines on reduced train data
subsets, the results are provided in Figure 1.
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mMBERT-FT/ruBERT-FT
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Figure 1: Model performance (token accuracy) on Test-
MDL with reduced train data.
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It can be observed that the proposed pipeline
with VA and PFT may compensate for up to 3x
less manually annotated data, i.e., utilizing the VA-
PFT-FT pipeline with a 3 times reduced manually
labeled train data can achieve performance compa-
rable to that of the FT-only baseline on full-volume
train data.

Despite the previous findings, the results of our
experiments do not provide any evidence to choose
ruBERT over mBERT since they share similar
scores across all setups.

5 Conclusion

In this work, we present a two-stage fine-tuning pro-
cedure that leverages both automatically and man-
ually annotated task-specific train data. The pro-
posed approach combined with vocabulary adap-
tation increased morphological tagging accuracy
by 5 pp in our experiments with the Udmurt lan-
guage. We show that this improvement may com-
pensate for train data deficiency and the absence of
a specialized PLM, which are two major stumbling
blocks in low-resource classification problems. As
a practical outcome of the study, we open-source
the best-performing morphological tagging model
based on Glot500-m. We also publish the training
code to facilitate the application of the methodol-
ogy to other LRLs.



6 Limitations

While this study provides insights into choosing
the backbone model and fine-tuning procedure for
morphological analysis for low-resource languages,
there are several limitations that should be consid-
ered when interpreting the results.

First, this methodology has so far been validated
on only one language. We encourage future re-
search on its applicability to different low-resource
setups.

Second, in our experiments, AML and x-MDL
datasets shared the same annotation scheme. Pre-
sumably, this will often be the case in the setups
when the manual annotation is done over the au-
tomatic pre-labeling. Yet our experiments do not
provide evidence to the contrary cases of mismatch-
ing annotation schemes.
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A Data origin

As a source of ambiguously annotated data, we uti-
lize Tsakorpus (Arkhangelskiy, 2019) of standard
written literary Udmurt language. This corpus is
not public but is provided by the maintainer for
research purposes. We annotate the texts using an
open-source rule-based morphological analyzer®
which does not conduct contextual disambiguation,
i.e., it outputs all possible labels for words.

Filtering out the sentences with at least one word
without a morphological label resulted in a dataset
of approximately 558K words (64K sentences).
Further in this paper, we refer to the corpus as
the Train-AML.

Manually annotated data was derived from
LingvoDoc, a system for collaborative language
documentation (Normanskaja et al., 2022), the data
volume is 100K words (12K sentences). This data
was processed with the same analyzer, and as a
result, every word was attributed with both auto-
matic labels (without disambiguation) and a man-
ual one (which is always one of the ambiguous
labels). We randomly partition this dataset into
Train-MDL, Valid-MDL and Test-MDL splits in
aratio 80-10-10, with the corresponding volumes
of approx. 10K, 1.2K, and 1.2K sentences, respec-
tively.
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Abstract

Transformer-based models have demonstrated
significant success in various source code rep-
resentation tasks. Nonetheless, traditional po-
sitional embeddings employed by these mod-
els inadequately capture the hierarchical struc-
ture intrinsic to source code, typically repre-
sented as Abstract Syntax Trees (ASTs). To
address this, we propose a novel tree-based
positional embedding approach that explicitly
encodes hierarchical relationships derived from
ASTs, including node depth and sibling indices.
These hierarchical embeddings are integrated
into the transformer architecture, specifically
enhancing the CodeBERTa model. We thor-
oughly evaluate our proposed model through
masked language modeling (MLM) pretraining
and clone detection fine-tuning tasks. Experi-
mental results indicate that our Tree-Enhanced
CodeBERTa consistently surpasses the base-
line model in terms of loss, accuracy, F1 score,
precision, and recall, emphasizing the impor-
tance of incorporating explicit structural infor-
mation into transformer-based representations
of source code.

1 Introduction

Transformer-based models have demonstrated sig-
nificant advances across numerous source code
representation tasks, such as code summarization,
clone detection, defect prediction, and semantic
search. These models effectively leverage self-
attention mechanisms, supplemented by positional
embeddings, to encode the sequential order of to-
kens, thus achieving robust semantic understand-
ing. However, a notable limitation arises from
the fundamentally linear positional encodings typ-
ically employed by these models, which do not
adequately capture the inherently hierarchical na-
ture of programming languages (Allamanis et al.,
2017; Brockschmidt et al., 2018; Hellendoorn et al.,
2020).
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Source code differs markedly from natural lan-
guage in its explicit, structured hierarchy, most
commonly represented as Abstract Syntax Trees
(ASTs) (Shiv and Quirk, 2019). An AST encodes
critical syntactic and semantic relationships, in-
cluding nested scopes, parent-child dependencies,
and sibling ordering among code constructs. Al-
though sequential positional embeddings, such as
sinusoidal or learned encodings (Vaswani et al.,
2017; Devlin et al., 2018), effectively capture linear
token sequences, they disregard hierarchical struc-
ture entirely. Consequently, current Transformer
architectures may overlook important syntactic re-
lationships, potentially limiting performance and
generalization capabilities in source code under-
standing tasks.

Addressing this gap, we propose integrating
tree-based positional embeddings into Transformer
models, explicitly encoding the hierarchical struc-
ture of source code. Our approach introduces em-
beddings based on token depth within the AST
hierarchy and their sibling positions, effectively
guiding the self-attention mechanism to recognize
and utilize structural context alongside semantic
content.

In this paper, we make the following contribu-
tions.

* We propose a novel hierarchical embedding
strategy to explicitly encode structural infor-
mation from ASTs into Transformer-based
models.

* We demonstrate how tree-based positional em-
beddings can be seamlessly integrated into ex-
isting Transformer architectures, specifically
CodeBERTa, without significantly increasing
the complexity of the model.

* Through extensive experiments, including
masked language modeling (MLM) and code
clone detection tasks, we illustrate that our
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Tree-Enhanced CodeBERTa outperforms sim-
ilarly sized models in smaller-scale evalua-
tions, highlighting the benefits of incorporat-
ing explicit structural context.

* We provide qualitative analysis using visual-
ization techniques (e.g. t-SNE) to demonstrate
how tree-based embeddings result in struc-
turally coherent code representations, further
validating our theoretical insights.

Our findings underscore the importance of in-
tegrating hierarchical structural information into
Transformer architectures, not only enhancing
source code representation but also potentially im-
proving models for broader structured data.

2 Related Work

Transformer-based models, including GPT (Rad-
ford et al., 2018), BERT (Devlin et al., 2018), and
RoBERTa (Liu et al., 2019), have significantly
advanced natural language processing (NLP) and
have subsequently been adapted for source code
understanding tasks. This section reviews the rele-
vant literature, classified into transformer models
for source code, positional embedding methods,
and tree-based code representations.

Transformers for Source Code. Pre-trained
Transformer models such as CodeBERT and Code-
BERTa utilize broad datasets such as CodeSearch-
Net to effectively learn token-level semantic repre-
sentations (Ahmad et al., 2020; Feng et al., 2020;
Husain et al., 2019). Although these models
have achieved strong results, their effectiveness
stems primarily from capturing semantic relation-
ships between tokens without explicitly modeling
the hierarchical structural relationships encoded
in Abstract Syntax Trees (ASTs). Consequently,
structural nuances, crucial for tasks that require
deeper syntactic and semantic understanding, re-
main largely unaddressed.

Positional Embeddings in Transformers. The
original Transformer model (Vaswani et al., 2017)
employs sinusoidal positional embeddings to en-
code token positions within sequences, establishing
order-aware representations. Subsequent develop-
ments introduced learned positional embeddings,
enabling dynamic adaptation during training (Shaw
et al., 2018). Recently, Rotary Positional Embed-
dings (RoPE) (Su et al., 2021) have emerged as an
effective technique for capturing relative positional
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information in Transformers, achieving superior
generalization in sequence modeling tasks. Despite
these advancements, positional embeddings typi-
cally remain confined to linear positional encod-
ings, which do not inherently capture hierarchical
or structural relationships essential in structured
data like source code (Shaw et al., 2018; Press
etal., 2021).

Tree-Based Representations in Code Analysis.
Various architectures have leveraged explicit tree-
based structures for representing code, particularly
AST-based models such as Tree-LSTMs (Tai et al.,
2015a), graph neural networks (GNNs) (Tai et al.,
2015b; Zhang et al., 2019), and specialized code-
generation models like code2seq (Alon et al., 2018)
and TreeGen (Sun et al., 2015). These models uti-
lize tree structures to enhance code comprehen-
sion, program synthesis, and code summarization
by explicitly encoding structural information. How-
ever, these methods generally rely on specialized
architectures, often incompatible or challenging to
integrate directly with the standard Transformer
architecture. Consequently, practical adaptation in
Transformer-based code models has been limited.

Recent approaches have explicitly introduced
AST information into positional embeddings
within Transformer architectures. Peng et al.
(2022) propose a Tree-Transformer that encodes
each AST node’s position using a two-dimensional
coordinate scheme (sibling index and parent’s child
count), injecting both local and global structural
biases (Peng et al., 2022). Similarly, Oh and
Yoo (2024) introduce CSA-Trans, which utilizes
a dedicated Code Structure Embedder to learn
structure-aware positional embeddings through a
disentangled attention mechanism (Saeyoon and
Shin, 2024). In contrast, our Tree-Enhanced Code-
BERTa integrates hierarchical positional embed-
dings directly into an existing pre-trained Trans-
former (CodeBERTa), explicitly encoding depth
and sibling indices. This maintains simplicity and
scalability, avoiding the complexity of specialized
attention modules or significant architectural alter-
ations.

Our Contribution. Unlike prior works that
incorporate hierarchical structures into Trans-
former models through specialized architectures,
our approach directly integrates tree-based posi-
tional embeddings—encoding depth and sibling
indices—into an existing Transformer framework.
This allows for richer hierarchical representations
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Figure 1: Visualization of hierarchical positional
encoding in an AST. Each node is labeled with
its name and corresponding hierarchical position
(depth, sibling index), illustrating how depth and sib-
ling relationships are assigned in tree-based positional
embeddings.

without altering the model’s core design. We empir-
ically validate its effectiveness in masked language
modeling and clone detection, demonstrating mea-
surable improvements in source code representa-
tion.

3 Theoretical Foundations

Traditional positional embeddings employed in
Transformer models typically assume a linear se-
quence of tokens, effectively capturing the sequen-
tial order but failing to represent the complex hier-
archical structures inherent in many forms of struc-
tured data, notably source code. Source code is
commonly represented by Abstract Syntax Trees
(ASTs), which explicitly encode syntactic and se-
mantic relationships such as nesting, parent-child
dependencies, and sibling ordering. A linear po-
sitional encoding is inadequate for capturing such
hierarchical nuances, motivating the need for hier-
archical positional encodings.

Hierarchical positional embeddings provide a
principled approach to representing each node (or
token) by encoding its structural position within a
tree. Formally, each node’s hierarchical position
can be represented by a path from the root to that
node. Let F'(x) denote the hierarchical position of
node z, defined recursively as follows:

* Base Case: The root node is assigned a fixed
initial position:

F(root) = (1,1).

* Recursive Step: For a non-root node z, its
position is determined recursively from its par-
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where:

— F(f(z))1 refers to the depth component
of the parent’s position.

— 1 is the index of x among its siblings.

Figure 1 provides a visual representation of hier-
archical positional encoding, illustrating how depth
and sibling indices are assigned to each node in an
AST. This structure enables the model to capture
both global (depth) and local (sibling order) rela-
tionships, which are then transformed into learned
embedding vectors.

Each hierarchical position uniquely encodes
both local (sibling order) and global (depth in the
hierarchy) structural context. These positional val-
ues are transformed into learned embedding vectors
at each level and then aggregated to form a single
positional embedding vector P(x):

P(x) = Aggregate (h(F(a;)l), h(F(m)g)) ,

where F'(z); represents the depth of node x and
F(x)y represents the sibling index i,, with their
corresponding learned embeddings h(F'(x);) and
h(F(x)2).

This formulation allows Transformer models
to inherently interpret structural relationships be-
tween tokens or nodes. Tokens with similar struc-
tural contexts (e.g., siblings or nodes within the
same subtree) naturally receive similar positional
embeddings, guiding the self-attention mechanism
to focus appropriately on structurally relevant ele-
ments.

Moreover, hierarchical positional embeddings
enhance the model’s capability to capture long-
range dependencies inherent in structured data. By
explicitly encoding tree positions rather than linear
indices, hierarchical positional embeddings facil-
itate the model’s understanding of relationships
between tokens that may be distant in a linear se-
quence yet closely related structurally.

4 Methodology

Overview. We propose Tree-Enhanced Code-
BERTa, an extension of CodeBERTa that integrates
tree-based positional embeddings explicitly derived



from Abstract Syntax Trees (ASTs). By incorpo-
rating Depth Embeddings and Sibling Index Em-
beddings, our model captures hierarchical rela-
tionships inherent in source code, enhancing both
syntactic and semantic understanding.

4.1 Tree-Based Positional Embeddings

To extract hierarchical structural information, we
generate Abstract Syntax Trees (ASTs) from source
code using Tree-Sitter (tre, 2007), a widely used in-
cremental parser supporting multiple programming
languages. Tree-Sitter allows efficient parsing and
provides structured representations that align well
with tokenized inputs, enabling precise mapping of
hierarchical relationships.

We introduce two main categories of tree-based
positional embeddings:

* Depth Embeddings: Each token receives an
embedding based on its hierarchical depth,
represented as F'(x);, where deeper nodes
correspond to more nested structures such as
loops, conditionals, or function bodies.

Sibling Index Embeddings: Tokens are
embedded based on their relative positions
among sibling nodes within the AST, main-
taining local ordering essential to understand-
ing structures like function arguments, state-
ments within blocks, and ordered code con-
structs.

Additionally, we introduce a Tree Attention
Mask, designed to focus self-attention on struc-
turally related tokens within the AST, thus reducing
noisy attention to padding or structurally irrelevant
tokens.

4.2 Integration into Transformer Architecture

We explore three strategies for embedding inte-
gration into the existing CodeBERTa embedding
framework:

Sum Embeddings: Structural embeddings
(depth and sibling index embeddings) are summed
element-wise with standard token embeddings
(word embeddings, positional embeddings, and
type embeddings), forming a single unified embed-
ding without explicit distinction between semantic
and structural contributions.

Weighted Sum Embeddings: A set of learnable
weights dynamically balances the contributions of
token, depth, sibling index, and positional embed-
dings. This allows the model to adaptively empha-
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Figure 2: Evolution of embedding weights during train-
ing for the Weighted Sum configuration. The plot
shows how different embedding components (word em-
beddings, positional embeddings, token type embed-
dings, depth-based embeddings, and sibling index em-
beddings) are dynamically weighted over training steps.
Word embeddings gain prominence, while structural em-
beddings (depth and sibling index) gradually decrease,
indicating their strongest influence early in training.

size the most relevant structural information during
training.

Concatenation Embeddings: Structural embed-
dings (depth and sibling indices) are concatenated
with standard token embeddings, followed by a
linear projection layer to reduce dimensionality
and control model complexity. This method sig-
nificantly increases the representational power of
embeddings but at the cost of higher parameter
count and computational complexity.

The evolution of embedding weights through-
out training in the Weighted Sum configuration
is illustrated in Figure 2, demonstrating how the
model dynamically adjusts emphasis on structural
information.

4.3 Pretraining and Fine-Tuning Tasks

To comprehensively evaluate the effectiveness of
Tree-Enhanced CodeBERTa, we perform experi-
ments across two core tasks: masked language
modeling (MLM) pretraining and clone detection
fine-tuning. These tasks are selected to assess the
model’s ability to leverage hierarchical structural
information during both initial representation learn-
ing and downstream task adaptation.

Masked Language Modeling (MLM) We pre-
train the model using the Masked Language Mod-
eling objective on the CodeSearchNet dataset. Dur-
ing pretraining, randomly masked tokens are pre-
dicted based on their surrounding context, enriched
with hierarchical positional embeddings. This



setup assesses the capability of our proposed em-
beddings to capture both local and global structural
relationships inherent in source code.

Clone Detection We fine-tune the pretrained
model on a clone detection dataset (PoolC, n.d.)
comprising approximately 600,000 code snippet
pairs, classifying pairs as functionally equivalent
(clones) or distinct. The objective of this task is
to measure the practical advantages of hierarchical
embeddings in discriminating structurally similar
but semantically distinct code snippets, reflecting
real-world benefits for source code understanding
tasks.

Experimental Setup Our Tree-Enhanced Code-
BERTa model is based on the CodeBERTa-small
architecture, a 6-layer Transformer with 83.5 mil-
lion parameters. It follows a RoBERTa-like ar-
chitecture with the same number of layers and
attention heads as DistilBERT. While the back-
bone remains unchanged, our modifications intro-
duce additional learned parameters for hierarchi-
cal depth and sibling index embeddings. Quanti-
tatively, our introduced hierarchical embeddings
comprise two additional embedding tables, each
encoding depth and sibling indices. Collectively,
these tables add approximately 789,504 parame-
ters, representing roughly 0.945% of the original
model’s total 83,504,416 parameters. This mini-
mal increase ensures that the overall complexity
and computational overhead remain manageable
and closely comparable to the base CodeBERTa-
small model. Each experiment is conducted across
three independent runs with random seeds set to
12345, 550, and 42 to ensure robust statistical eval-
uation. Both Masked Language Modeling (MLM)
and clone detection fine-tuning were trained for
three epochs using the AdamW optimizer with
a learning rate of 1 x 107> and a batch size of
32. Additionally, the Tree Attention Mask was
selectively applied to special tokens, guiding the at-
tention mechanism towards structurally significant
tokens within the AST. Performance is measured
using loss, accuracy, F1 score, precision, and recall
to evaluate the impact of hierarchical embeddings.

To facilitate reproducibility, we provide an
anonymized repository containing the full imple-
mentation, training scripts, and pre-processing de-
tails. See Appendix A for access.
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5 Results

We evaluate Tree-Enhanced CodeBERTa on two
tasks: masked language modeling (MLM) and
clone detection. Across both, our model consis-
tently outperforms the baseline in accuracy, F1
score, precision, and recall. Additionally, we re-
port final training loss values to reinforce these im-
provements. On MLM, the Weighted Sum configu-
ration achieves a lower loss of 0.41417 compared
to 0.44388 for the original model. Similarly, in
clone detection, our model attains a loss of 0.21799
versus 0.25836 for the baseline. These reductions
confirm that incorporating hierarchical positional
embeddings not only improves task-specific perfor-
mance but also facilitates more effective represen-
tation learning.

5.1 Masked Language Modeling (MLM)

Table 1 demonstrates consistent performance im-
provements from tree-based positional embeddings,
particularly highlighting the Weighted Sum strat-
egy as the most effective approach.

Embedding Acc. F1 Precision  Recall
Original 0.8972  0.8939 0.8953 0.8972
Sum 0.9021 0.8989 0.9004 0.9021
Weighted Sum  0.9029  0.8999 0.9012 0.9029
Concatenation  0.9026  0.8993 0.9008 0.9026
Table 1: MLM task results on the CodeSearchNet

dataset (averaged over 3 runs with different random
seeds: 12345, 550, and 42). Standard deviations across
seeds were consistently low (< 0.002), indicating stable
performance improvements.

5.2 Clone Detection

Table 2 highlights the improved performance of
Tree-Enhanced CodeBERTa in distinguishing se-
mantically and structurally similar code snippets,
with the Weighted Sum approach consistently
achieving the best overall performance.

Embedding Acc. F1 Precision  Recall
Original 09173 09172 0.9180 0.9173
Sum 09159 09159 0.9164 0.9159
Weighted Sum  0.9187  0.9186 0.9191 0.9187
Concatenation  0.9063  0.9063 0.9072 0.9063

Table 2: Average performance over 3 runs on clone
detection (seeds: 12345, 550, and 42). Standard devia-
tions across seeds were below 0.002 for accuracy and
F1 scores, reflecting statistically stable gains.
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Figure 3: t-SNE projection of the last hidden states for the three models. The Tree-Enhanced Model demonstrates
clearer structural clustering, indicating improved hierarchical representations.

Qualitative Analysis of Representations Fig-
ure 3 provides a qualitative comparison of the
learned representations through t-SNE projections.
The visualization illustrates the hidden state em-
beddings from three model variants: (1) the orig-
inal pretrained Transformer (trained on code and
comments), (2) a retrained Transformer (trained
exclusively on code without comments), and (3)
our proposed Tree-Enhanced Transformer with hi-
erarchical embeddings, using the Weighted Sum
configuration. Each point represents an individual
AST node (token), colored according to its nor-
malized depth within the AST, with lighter colors
indicating nodes situated deeper in the AST struc-
ture.

The original pretrained model (left) exhibits
loosely formed and overlapping clusters. Nodes
are grouped primarily by token-level semantic sim-
ilarities without clear correlation to their structural
positions within the AST hierarchy, suggesting re-
liance mainly on linear sequential context and to-
ken semantics from natural language comments
rather than syntactic relationships.

The retrained model (center), trained solely
on code data, demonstrates tighter clustering com-
pared to the pretrained model due to domain spe-
cialization. However, these clusters still exhibit
minimal correlation with AST depth, indicating
that structural hierarchy remains underrepresented,
and token representations are primarily semantic
rather than structural.

In contrast, the Tree-Enhanced model (right)
distinctly captures hierarchical structure, as evi-
denced by clearly delineated and depth-correlated
clusters. Nodes deeper in the AST (lighter col-
ors) form separate, well-defined peripheral clusters,
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while nodes nearer the AST root (darker colors)
group cohesively at the center. This clear structural
differentiation highlights the model’s ability to rep-
resent syntactic context explicitly, confirming the
effectiveness of hierarchical embeddings.

This visualization aligns closely with our theo-
retical foundations, validating that the integration
of tree-based positional embeddings significantly
enhances the model’s capacity to encode hierarchi-
cal relationships inherent in source code, resulting
in improved performance on structurally-sensitive
tasks such as clone detection and masked language
modeling.

6 Analysis and Insights
6.1 Impact of Tree-Based Embeddings

Our results confirm that hierarchical positional em-
beddings enhance the structural awareness of Trans-
former models for source code. By encoding hier-
archical relationships, these embeddings improve
representation learning, particularly in tasks that
rely on structural context. In masked language mod-
eling, they help predict contextually relevant tokens
even when distant in sequence but closely related
in the AST. For clone detection, they improve dif-
ferentiation between structurally similar yet seman-
tically distinct snippets, reducing false positives
and boosting overall accuracy and F1 scores.

6.2 Embedding Integration Strategies

Our experiments highlight the trade-offs among
different embedding integration methods:

* Sum Embeddings: Computationally efficient
but lacks adaptability in balancing structural
and semantic contributions.



* Concatenation Embeddings: Enhances ex-
pressiveness but introduces higher dimension-
ality and computational cost without consis-
tent gains.

* Weighted Sum Embeddings: Achieves the
best balance, dynamically adjusting emphasis
on structural embeddings, particularly in early
training.

The Weighted Sum approach emerges as the
most effective, offering an optimal trade-off be-
tween efficiency and structural representation qual-

ity.
7 Limitations

While our proposed Tree-Enhanced CodeBERTa
shows significant improvements in capturing hier-
archical source code structures, our approach has
several inherent limitations that must be acknowl-
edged:

1. Computational Overhead: Integrating AST-
based positional embeddings requires addi-
tional preprocessing steps, such as AST pars-
ing and alignment, increasing computational
overhead. This could limit scalability, espe-
cially in real-time or low-resource environ-
ments.

Parser Dependency: Our embeddings heav-
ily rely on the accuracy and language-specific
implementation of the AST parser (Tree-Sitter
(tre, 2007)). Variations in parser quality or
completeness across different programming
languages may impact the consistency and
reliability of the embeddings.

Generalizability Beyond Source Code: Our
method explicitly leverages hierarchical AST
structures. Thus, its applicability is inher-
ently limited to data that can be clearly rep-
resented through tree-based hierarchies. Its
effectiveness on non-hierarchical or general
graph structures without clear parent-child re-
lationships remains uncertain.

8 Conclusion

We introduced Tree-Enhanced CodeBERTa, a
Transformer-based model incorporating hierarchi-
cal positional embeddings from Abstract Syntax
Trees (ASTs). By integrating depth and sibling
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index embeddings, our approach captures struc-
tural nuances overlooked by traditional positional
encodings.

Evaluations on masked language modeling
(MLM) and clone detection confirm that these em-
beddings enhance representation learning, improv-
ing accuracy, F1 score, precision, and recall. The
Weighted Sum integration strategy proves most ef-
fective, balancing structural and semantic informa-
tion while maintaining efficiency.

8.1 Key Takeaways

* Tree-based positional embeddings improve
source code understanding by explicitly mod-
eling hierarchical structure.

* The Weighted Sum integration strategy opti-
mally balances semantic and structural embed-
dings with minimal overhead.

Structural embeddings are particularly ben-
eficial for tasks like clone detection, where
syntactic differentiation is critical.

8.2 Future Work

Future directions include optimizing AST pars-
ing for computational efficiency and exploring
language-agnostic intermediate representations
(IRs), such as data flow graphs, to mitigate the strict
dependency on syntax rules and enhance cross-
language generalization. Additionally, hierarchical
embeddings could be extended beyond source code,
potentially benefiting tasks involving natural lan-
guage parse trees or structured document analysis.

These findings highlight the potential of hierar-
chical positional embeddings for structured data
representation, paving the way for further explo-
ration in broader applications.
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To facilitate reproducibility, we provide an
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mentation, training scripts, and pre-processing de-
tails:

https://anonymous.4open.science/r/tree
-enhanced-codebert-BC1B

This repository includes:

* Source code for model training and evalua-
tion.

* Scripts for preprocessing source code into
ASTs using Tree-Sitter.

* Model hyperparameters and configuration
files.
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Abstract

We investigate the capabilities of the openly
available Llama 3.2 1B language model for
Abstract Meaning Representation (AMR) pars-
ing through supervised fine-tuning, further en-
hanced by reinforcement learning via Group
Relative Policy Optimization (GRPO). Exist-
ing supervised methods for AMR parsing face
limitations due to static loss functions and chal-
lenges in capturing complex semantic phenom-
ena. To address this, our GRPO-based ap-
proach explicitly optimizes fine-grained seman-
tic rewards, including Smatch scores, frame-
argument correctness, and structural validity of
logical operations. Experimental results show
that supervised fine-tuning alone establishes
Llama as a capable English AMR parser, and
subsequent GRPO fine-tuning further improves
its performance. Our final model achieves
higher Smatch scores, consistently respects crit-
ical low-level semantic constraints, and outper-
forms existing parsers on high-level semantic
evaluation metrics across diverse linguistic phe-
nomena.

1 Introduction

Abstract Meaning Representation has become es-
sential in various natural language processing tasks,
such as machine translation (Song et al., 2019; Da-
monte et al., 2019; Uresova et al., 2014), ques-
tion answering (Kapanipathi et al., 2021), dialogue
understanding (Bai et al., 2022a), summarization
(Liao et al., 2018; Ribeiro et al., 2022; Dohare
et al., 2017), and fact-checking (Ribeiro et al.,
2022; Kachwala et al., 2024; Ousidhoum et al.,
2022). Despite its widespread adoption, AMR pars-
ing remains challenging. Groschwitz et al. (2023)
recently demonstrated that parsing accuracy has
stagnated, highlighting persistent difficulties in cap-
turing complex semantic phenomena, even with
advanced models.

While large language models (LLMs) such as the
Llama models (Touvron et al., 2023) have demon-
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Figure 1: Comparison of AMR parsing models
(SPRING, Llama-SFT, and our Llama-GRPO) across
various linguistic phenomena measured by the GrAPES
prerequisites metric. Higher scores indicate that the
parser more consistently generates the necessary se-
mantic structures to capture specific phenomena. Our
reinforcement learning-based approach shows consis-
tent improvement over the baselines.

strated impressive performance across various lan-
guage generation tasks, their capability for struc-
tured semantic parsing—particularly AMR pars-
ing—remains unverified. Moreover, it remains
unclear whether advanced reinforcement learning
(RL) techniques like Group Relative Policy Opti-
mization (GRPO), introduced by Shao et al. (2024),
can effectively enhance the performance of LLMs
on such structured prediction tasks by directly opti-
mizing for desired graph properties.

In this paper, we first examine the baseline capa-
bilities of the openly available Llama 3.2 1B model
by supervised fine-tuning (SFT) on the AMR 3.0
dataset (Banarescu et al., 2013). We refer to this
model as Llama-SFT. We then further fine-tune
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this model using GRPO, incorporating fine-grained
reward signals explicitly designed to encourage
adherence to critical low-level AMR properties,
such as frame-argument correctness and structural
validity of logical operations (AND-OR node cor-
rectness), alongside Smatch and graph parsabil-
ity. We call this enhanced model Llama-GRPO.
We systematically evaluate our models against
publicly available AMR parsing model, SPRING
(Bevilacqua et al., 2021), using standard metrics
(Smatch) and the detailed GrAPES evaluation suite
(Groschwitz et al., 2023).

Our results show that the Llama 3.2 1B model,
after supervised fine-tuning (Llama-SFT), achieves
AMR parsing performance close to open-source
AMR parser models. Critically, when further en-
hanced through GRPO-based reinforcement learn-
ing, our model:

* Achieves higher overall AMR parsing accu-
racy, as measured by Smatch scores,

* Effectively respects the low-level semantic
constraints incorporated into the GRPO re-
ward function,

* Outperforms existing AMR parsers on high-
level semantic evaluations, as demonstrated
by the comprehensive GrAPES metrics (Fig-
ure 1), suggesting improved generalization
across diverse linguistic phenomena.

2 Related Work

Early work in AMR parsing often relied on
transition-based systems (Wang et al., 2015, 2016)
or graph-based approaches (Flanigan et al., 2014),
frequently using specialized features and con-
strained decoding. The advent of neural sequence-
to-sequence models marked a significant shift.
Many modern parsers treat AMR parsing as a trans-
lation task from text to a linearized representation
of the AMR graph (Konstas et al., 2017).
Transformer-based architectures (Vaswani et al.,
2017) quickly became dominant. Models like
SPRING (Bevilacqua et al., 2021), based on BART
(Lewis et al., 2020), demonstrated strong perfor-
mance by leveraging pre-training and specialized
techniques like graph linearization. SPRING em-
ploys bidirectional pre-training and graph-based
regularization during fine-tuning on linearized
AMR graphs. Other parsers, such as those based
on T5 or BART (Raffel et al., 2020; Jascob, 2024,
Lee et al., 2023), have also achieved high results

through large-scale pre-training and task-specific
adaptations.

Despite these advances, as highlighted by
Groschwitz et al. (2023), performance has
plateaued, suggesting limitations in current super-
vised approaches. Challenges in AMR parsing re-
main, particularly in achieving semantic consis-
tency, cross-lingual adaptability, and structured rea-
soning.

3 Methods

Reinforcement learning has been increasingly used
to fine-tune LLMs for various objectives beyond
next-token prediction, such as improving helpful-
ness, harmlessness, or adherence to specific styles
(Ouyang et al., 2022; Bai et al., 2022b). Tech-
niques such as Proximal Policy Optimization (PPO)
(Schulman et al., 2017) are commonly used but of-
ten require training a separate critic model, which
can be computationally expensive. GRPO (Shao
et al., 2024) offers a more efficient alternative by
using group-based relative ranking, making RL
fine-tuning more accessible, especially for com-
plex tasks with non-differentiable or noisy reward
signals, as demonstrated in fields like mathemati-
cal reasoning (Shao et al., 2024), computer vision
(Liang, 2025), and speech processing (Togootog-
tokh and Klasen, 2025).

3.1 Group Relative Policy Optimization

GRPO (Shao et al., 2024) is a reinforcement learn-
ing algorithm designed to fine-tune large language
models efficiently by replacing the critic model in
PPO with a baseline estimated from a group of sam-
pled outputs. This eliminates the need for a learned
value function, reducing computational overhead
and memory requirements.

For each query ¢, GRPO samples a group of
responses {01, ...,0g} from the old policy 7.
evaluates them using a reward model, and normal-
izes the rewards within the group. The policy is
updated using a clipped importance-weighted ob-
jective, similar to PPO, but the advantage estima-
tion relies on the relative performance within the
sampled group rather than absolute reward values
predicted by a critic. This encourages the policy
to shift probability mass towards outputs that per-
form relatively better within the sampled group
according to the reward function.
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3.2 Our approach

We started with a vanilla Llama 3.2 1B model,
which we fine-tuned using supervised fine-tuning
(SFT). To avoid overfitting we used early stopping
based on the validation loss. The training stopped
after two epochs which resulted in the Llama-SFT
model. After generating AMR graphs with Llama-
SFT, we manually evaluated them and observed
several recurring low-level structural and semantic
errors. These errors primarily fell into two cate-
gories:

* Frame-argument error: Generated frames
sometimes included arguments (e.g., ‘:arg4°,
‘:arg5°) that were not defined for that specific
predicate sense in the PropBank frame files
(Palmer et al., 2005). The arguments of each
frame must strictly conform to the roles de-
fined in its sense.

AND-OR node error: Logical connective
nodes like ‘and‘ and ‘or‘ require their operand
roles (e.g., “:opl*, “:op2°, “:0p3°) to be consec-
utive integers starting from 1. We observed
generated graphs violating this (e.g., having
only “:opl‘and ‘“:0p3°). A special case exists
where only “:op2°‘ appears, often used in AMR
3.0 for sentences starting with and’ or ’or’;
this specific structure was considered valid.

To address these issues and improve overall qual-
ity, we designed a composite reward function for
GRPO incorporating four signals for each gener-
ated AMR graph:

* Parsability: A binary reward. The gener-
ated AMR graph must be parsable by standard
AMR parsing tools without errors. Graphs
that failed parsing due to structural or syntac-
tic issues were penalized.

Frame-argument correctness: A score be-
tween 0 and 1 representing the proportion of
frames in the generated graph that adhere to
their PropBank argument definitions. Calcu-
lated as (Number of valid frames) / (Total
number of frames).

AND-OR node correctness: A score be-
tween 0 and 1 representing the proportion
of ‘and‘/‘or‘ nodes with correctly structured
operands (consecutive from ‘:opl°, or the spe-
cial “:op2‘-only case). Calculated as (Number
of valid AND/OR nodes) / (Total number of
AND/OR nodes).
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* SMATCH score: The Smatch F1 score (Cai
and Knight, 2013) comparing the generated
AMR graph against the gold reference AMR
graph. This provides a global measure of se-
mantic similarity.

These four criteria were combined into a single
reward function, where each criterion was given
equal weight. Additionally, we applied quadratic
scaling to the SMATCH score, ensuring that lower
scores received a higher penalty.

4 Dataset

For training, we used the AMR 3.0 dataset
(LDC2020T02) (Banarescu et al., 2013), which
provides a large collection of human-annotated Ab-
stract Meaning Representation (AMR) graphs. We
preprocessed the AMR graphs the following way.
First, we removed wiki tags from the AMR graphs.
Then, we serialized each graph into a single line
using a depth-first approach. During serialization,
new lines within the original graph notation were
replaced with spaces, and consecutive spaces were
compressed into a single space. Finally, we added
spaces around parentheses to ensure consistent tok-
enization.

For evaluation, we used the AMR 3.0 test set
and The Little Prince (TLP) corpus test set, which
provides a smaller, out-of-domain evaluation with
high-quality annotations. We measured the perfor-
mance of the models using Smatch scores (Cai and
Knight, 2013) computed with the smatchpp library
(Opitz, 2023).

4.1 Dataset Statistics

Table 1 provides an overview of the dataset sizes
used in our experiments.

Dataset Number of Sentences
AMR 3.0 (Train) 55,635
AMR 3.0 (Test) 1,898
The Little Prince (test) 143

Table 1: Dataset statistics.

The combination of AMR 3.0 and the TLP
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