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Abstract
This study proposes a simple, one-stage approach to coordinate structure extraction using multilingual Large
Language Models (LLMs) with Translation between Augmented Natural Languages (TANL) to develop an error
detection system for coordinate structure translation. Unlike conventional multi-component methods such as CoRec,
our method employs an end-to-end Transformer decoder (LLM) trained via Continual Pre-Traning (CPT) and/or
Supervised Fine-Tuning (SFT) on English and Japanese datasets obtained from parsed treebanks that includes
coordinate structures. We evaluated the proposed models on 100 English and Japanese patent claims manually
annotated with coordinate structure tags. The proposed method using open-weight models such as Llama-3.2-8B or
gemma-3-4b-it significantly outperformed GPT-5 and CoRec by approximately 0.02-0.03 in F1 score for the English
task. The proposed method using open-weight models such as llama-3-youko-8b and Llama-3-swallow-8B-0.1v
significantly outperformed GPT-5 by approximately 0.02-0.05 in F1 score for the Japanese task. In addition, mod-
els using both English and Japanese training data significantly outperform those using monolingual training data only.

Keywords: coordinate structure extraction, multilingual large language models, patent claim translation

1. Introduction

Coordinate structures frequently appear in many
documents. In particular, patent claims often in-
clude numerous coordinate structures within a doc-
ument. According to our analysis, approximately
64% of the 1,035,219 patent claims in the 2020
JaParaPat (Nagata et al., 2024) dataset contain at
least one coordinate conjunction, indicating the po-
tential presence of coordinate structures. We con-
sider such frequently occurring coordinate struc-
tures to cause many problems in patent claim
translation, including omissions and inconsisten-
cies between the coordinate structures before and
after translation.

The goal of our research is to develop an error
detection system for coordinate structure transla-
tion, as shown in Figure 1, which consists of coor-
dinate structure extraction of the source and target
languages and their alignment. As the first step in
this approach, we focus on coordinate structure ex-
traction in this paper.

To extract coordinate structure in a sentence,
Wang et al. (2023) proposed CoReC' , the previ-
ous state-of-the-art method, which uses a trans-
former encoder (BERT (Devlin et al., 2019)) and
performs two tasks in sequence: identifying coor-
dinators and detecting conjunct boundaries. How-
ever, this method suffers from several draw-
backs, as its multi-component design increases
training complexity and prolongs training time.

1https ://github.com/gingwang—-isu/CoRec.
git

Each component processes coordinators indepen-
dently, which prevents the model from capturing
their interdependencies.

We propose a coordinate structure extraction
method using multilingual Large Language Models
(LLMs). The proposed method is an approach to
end-to-end one-stage analysis using a transformer
decoder (LLM) based on Translation between Aug-
mented Natural Languages (TANL) (Paolini et al.,
2021). TANL is a method that performs structure
prediction as a translation from an input sentence
to one with structure annotations. In the first step
of the proposed method, we constructed datasets
from English and Japanese parsed treebanks by
annotating tags to coordinate structures. Next, us-
ing these datasets (input: source sentence, out-
put: tagged sentence), we applied continual pre-
training (CPT) (Ke et al., 2023) and/or supervised
fine-tuning (SFT) (Zhang et al., 2023) to the LLMs
as a TANL task, enabling them to learn coordinate
structure extraction.

In the experiment, we evaluated the perfor-
mance of coordinate structure extraction on 100
patent claims that we manually annotated with co-
ordinate structure tags, measuring performance
by the F1 score. The results show that applying
CPT and/or SFT to LLMs significantly improves
the F1 score for coordinate structure extraction
compared to LLMs without CPT nor SFT. Parts of
trained models, despite having only a single com-
ponent, outperform the previous state-of-the-art
method (CoRec). In addition, training on both En-
glish and Japanese data improved F1 score over
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Figure 1: Automatic Post Editing of Patent Claim MT based on Coordinate Structure Conjuncts Matching

monolingual data training. In English extraction,
SFT and CPT+SFT, while in Japanese extraction,
CPT, SFT, and CPT+SFT significantly improved.
In summary, our contributions are threefold:

» We demonstrated that end-to-end coordinate
structure analysis can be easily achieved us-
ing TANL.

+ We demonstrated that parts of the proposed
models trained with CPT and SFT outper-
formed the previous state-of-the-art method
(CoRec), proprietary models, and the models
without CPT nor SFT.

» We demonstrated that extending the training
data to English and Japanese improved the
F1 score of coordinate structure extraction
compared with using monolingual data.

2. Related Works

Many studies have explored the task of coordinate
structure analysis. Ficler and Goldberg (2016b)
proposed an LSTM-based neural network model
for coordination boundary detection, centering on
the concepts of similarity between conjuncts and
coherence. However, this method only handles
conjunct pairs, which naturally limits their ability to
manage coordinate structures containing three or
more conjuncts.

Teranishi et al. (2019) proposed a method that
decomposes coordination identification into three
local tasks, learns each task, and reconstructs a
consistent structure using the CKY parsing algo-
rithm (Younger, 1967). Wang et al. (2023) pro-
posed CoRec, which uses BERT, consisting of
two components: coordinator identification and
conjunct boundary detection. This is the previ-
ous state-of-the-art method. However, these ap-
proaches still face challenges, including increased

training complexity and a decline in F1 scores
caused by the inability to capture the interdepen-
dency between those two components.

We propose an end-to-end, one-stage co-
ordinate structure extraction model using an
LLM based on TANL, unlike those previous ap-
proaches.

Paolini et al. (2021) proposed Translation be-
tween Augmented Natural Languages (TANL).
They used TANL for structure prediction tasks such
as named entity recognition, semantic role label-
ing, and coreference resolution. While conven-
tional structural prediction tasks require training a
dedicated task discriminator on top of BERT, TANL
unifies all structural prediction tasks into text-to-
text translation, enabling them to be processed us-
ing the same architecture.

Kawarada et al. (2024) proposed applying the
TANL framework to argument structure analysis.
They formulate argument mining (AM) as a text
generation task. It adopts an approach to han-
dling three stages of argument span identification,
component classification, and relation classifica-
tion, where unifying them within a single encoder-
decoder models (T5 (Raffel et al., 2020)/FLAN-
T5 (Chung et al., 2022), completing structural pre-
diction through text generation.

Relying on those research findings, we pro-
pose an approach to extracting coordinate struc-
tures based on the TANL framework. Unlike previ-
ous studies, we implemented TANL using a trans-
former decoder (LLM) instead of an encoder-de-
coder model such as T5/FLAN-T5, incorporating
distinct training techniques such as CPT and/or
SFT.
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XP includes all part-of-speech tags contained
in Penn Treebank-3 and is never limited to
phrases alone.
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Figure 2: Coordinate Structures of English and
Japanese Treebanks with n Conjuncts

3. Monolingual Coordinate Structure
Conjuncts Extraction from Patent
Claim

3.1. Overview

We aim to extract the coordinate structure con-
tained within English and Japanese patent claims.
We propose a method involving the following steps:
(1) We determine the coordinate structures based
on English and Japanese treebanks, as shown
in Figure 2, then construct English and Japanese
datasets containing prompt, source sentence and
sentence with coordinate structure tags, as shown
in the center of Figure 3. (2) We train several LLMs
on the English dataset and similarly train several
LLMs on the Japanese dataset, based on TANL.
(3) We train a multilingual LLM using a mixture of
English and Japanese datasets, based on TANL.

3.2. Developing Training Data from
Monolingual Treebanks

Table 1 shows the number of sentences in the train-
ing and evaluation datasets constructed. We pre-
pared separate datasets of 7,569 sentences each
for English and Japanese. To train the multilingual
model, we combined both datasets, resulting in a

[ Training ][ Evaluation |
| En] Ja] En] Ja]
[ Sentence with Coordinate Structures [ 5,329 [ 5,329 | 80 [ 80 |
| Sentence without Coordinate Structures || 2,240 | 2,240 || 20 | 20 |
\ Total [ 7,569 | 7,569 || 100 | 100 |

Table 1: # Sentences of Training and Evaluation
Datasets

total of 15,138 sentences. In addition, to change
the data used for CPT and SFT, we created one
additional dataset for each. In section 3.4, we per-
formed both CPT and SFT twice on each dataset,
and we report the average scores as the final re-
sults in section 4.

3.2.1. English Training Data

We used “Penn Treebank-3 (Marcus et al., 1999)”
as English training data resource. Figure 2a
shows the coordinate structures we extracted from
Penn Treebank-3. The details of the coordinate
structures are as follows. We define the minimal
coordinate structure when sibling nodes XP be-
fore and after a CC (Coordinating Conjunction) tag
share the same label. If the preceding sibling node
uses “)‘, we also treat the node XP before it as a
coordinate conjunct, increasing the number of co-
ordinate conjuncts according to the number of ;"
used. The XP label includes all part-of-speech la-
bels from the Penn Treebank-3, while the CC label
contains only the words “and” and “or”.

This definition differs from that of Ficler and
Goldberg (2016a), who adopted a broader view
of coordination. Their definition includes not only
conjuncts and coordinators but also additional el-
ements such as shared modifiers, shared argu-
ments, markers (e.g., both, either), and parenthet-
ical phrases. In contrast, we focus on the minimal
parsed coordinate structure determined by identi-
cal constituent labels surrounding a CC tag, provid-
ing a more rule-based and structurally consistent
criterion for identifying coordinated elements.

Next, we insert tags into the coordinate struc-
tures. Figures 3 and 4a illustrate our tagging meth-
ods for non-nested and nested coordinate struc-
tures, respectively. In this way, we construct a
dataset containing a prompt, a source sentence
without tags, and an English sentence with coor-
dinate structure tags for training LLMs. Figure 3
shows the prompt we use.

3.2.2. Japanese Training Data

We used “Kainoki Treebank (Kainoki, 2022)” as a
Japanese training data resource. Figure 2b shows
the coordinate structures we extracted from Kain-
oki Treebank. The details of the coordinate struc-
tures are as follows. We define the minimal con-
figuration of a coordinate structure such that the
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Figure 3: Overview of Developing English and Japanese Training/Evaluation Datasets of LLMs for Coor-
dinate Structure Conjuncts Extraction (examples with a non-nested coordinate structure)

child node XP of a CONJP (Conjunction Phrase)
node and the sibling node XP of the CONJP form
a coordinate structure, and we increase the num-
ber of coordinate conjuncts according to the num-
ber of CONJP nodes contained in the sibling node.
We limit the labels included in XP to ADVP (Adver-
bial Phrases), PP (Partitive Phrases), NP (Noun
Phrases), and CP-QUE (Interrogative Clauses).

Next, we insert tags into the coordinate struc-
tures. Figures 3 and 4b illustrate our tagging meth-
ods for non-nested and nested coordinate struc-
tures, respectively. In this way, we construct a
dataset containing a prompt, a source sentence
without tags, and a Japanese sentence with coor-
dinate structure tags for training LLMs. Figure 3
shows the prompt we use.

3.2.3. Bilingual Training Data

We also create a bilingual coordinate structure ex-
traction model. To train the multilingual model,
We prepare datasets of 7,569 English sentences
and 7,569 Japanese sentences, totaling 15,138
sentences, as mentioned above. In this training
data, we randomize the order of the English and
Japanese sentences so that we randomize the or-
der of languages in bilingual training.

3.3. Evaluation Data from Patent Claims

Figure 3 illustrates how we create the evaluation
dataset. We construct the evaluation data using
patent claims published in WIPO (World Intellec-
tual Property Organization (WIPO), 2025) (English

patents, 2024-2025) and J-PlatPat (for Patent In-
formation , J-PlatPat) (Japanese patents, 2020-
2025).

We manually create all evaluation data and ap-
ply the same coordinate structure tagging method
used for the training data in each language. We
also use prompts in the same format as the train-
ing data during model input. The evaluation
datasets contain 100 sentences each for English
and Japanese, including sentences with/without
coordinate structures. Table 1 shows the com-
position of the English and Japanese evaluation
datasets.

To ensure the objectivity of the manual evalu-
ation, we conducted an independent annotation
study with a second annotator in addition to the
primary annotator. We randomly selected a total
of 100 sentences from the evaluation dataset (50
Japanese and 50 English) and measured agree-
ment. The results showed high agreement, with
F1 scores of 0.8029 for English and 0.8657 for
Japanese. These findings indicate that the annota-
tors formed strong consensus regarding the iden-
tification criteria for coordinate structures defined
in this study, thereby supporting the robustness of
the evaluation dataset.

3.4. Training
3.4.1.

We first performed Continual Pre-Training
(CPT) (Ke et al.,, 2023) as the model training
method. We apply CPT to adapt LLMs to coor-
dinate structures as a structural prediction task

Continual Pre-Training
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Figure 4: Nested Coordinate Structures of English
and Japanese Treebanks with n conjuncts (an in-
put from a treebank and an output of a sentence
with coordinate structure conjunct tags)

framed as translation between augmented natural
languages (TANL (Paolini et al., 2021)). The
purpose of CPT is to strengthens the model’s
ability to understand the long and complex co-
operative structures frequently found in patent
claims, enabling it to more accurately capture
the relationships between the conjuncts that
constitute these coordinate structures. We adopt
QLoRA (Dettmers et al., 2023), following the ap-
proach of Kawarada et al. (2024), to reduce GPU
memory usage during training of large-parameter
models. QLoRA quantizes the model and applies
a Low-Rank Adapter (LoRA) (Hu et al., 2021), re-
ducing the number of parameters the model trains
while maintaining performance comparable to full
fine-tuning. We perform CPT on the following
models in this experiment:

+ We used Meta-Llama-3-8B?, llama-3.2-3B°%,
and Mistral-7B-v0.14 to extract English coor-
dinate structures.

thtps://huggingface.co/meta—llama/
Meta-Llama—-3-8B

Shttps://huggingface.co/meta-1lama/
Llama-3.2-3B

4https://huggingface.co/mistralai/
Mistral-7B-v0.1

+ We used llama-3-youko-8b®,  Llama-3-
Swallow-8B-v0.1®, and Llama-3-ELYZA-
JP-8B” to extract Japanese coordinate
structures.

+ We used gemma-3-4b-it® to extract both En-
glish and Japanese coordinate structures.

We selected the above models for their op-
timized performance and parsing capabilities
across languages, prioritizing open-source repro-
ducibility. We used the 7,569 sentences English
and Japanese training datasets shown in Table 1
for CPT in the monolingual extraction models.
For gemma-3-4b-it, we combined the English and
Japanese datasets, each containing 7,569 sen-
tences, resulting in a total of 15,138 sentences, as
described in section 3.2.3.

3.4.2. Supervised Fine-Tuning

We performed Supervised Fine-Tuning
(SFT) (Zhang et al., 2023) as the model training
method. We use SFT to frame coordinate struc-
ture prediction as TANL, optimizing the general
knowledge LLMs typically possess for the specific
task of coordinate structure extraction. The
purpose of SFT is to adapt the model to generate
responses in the expected output format for given
input sentences according to provided instruc-
tions. In SFT, we adopt QLoRA as described in
section 3.4.1.

We used the same models for SFT as those in
section 3.4.1. We performed SFT on both mod-
els without CPT and models with CPT to verify
whether combining domain adaptation via CPT
with task adaptation via SFT produces a synergis-
tic effect on coordinate structure extraction perfor-
mance. We used different dataset for SFT than
those used for CPT. For the monolingual extrac-
tion models, we use the 7,569 sentences English
and Japanese training datasets shown in Table 1.
For gemma-3-4b-it, we combine the English and
Japanese datasets, each containing 7,569 sen-
tences, totaling 15,138 sentences, as described in
section 3.2.3.

3.4.3. Model Architecture

In this study, we adopted a decoder-only LLM
within the TANL framework for two reasons.

Shttps://huggingface.co/rinna/
llama—-3-youko—-8b

6https://huggingface.co/tokyotechfllm/
Llama-3-Swallow—-8B-v0.1

"nttps://huggingface.co/elyza/
Llama-3-ELYZA-JP-8B

®https://huggingface.co/google/
gemma—-3-4b-it
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Figure 5: F1 Scores of Coordinate Structure Ex-
traction by Proprietary Models and CoRec (Wang
et al., 2023)

First, modern LLMs possess extensive multi-
lingual knowledge and contextual understanding,
making them ideal for processing the complex,
long-form syntax of patent claims.

Second, the TANL approach “translating raw
text into structured format” aligns perfectly with the
instruction-following capabilities of current LLMs,
ensuring high-precision extraction of coordinate
structures.

4. Experiment and Discussion

4.1. The Procedure

We evaluated various models with and without
CPT and SFT, as well as baseline models using
F1 score based on 100 patent claims manually an-
notated with coordinate structure tags in English
and Japanese, as described in section 3.3. We
calculated the F1 score using spans correspond-
ing to coordinate conjuncts as the unit, ignoring la-
bels. To verify whether the proposed model signif-
icantly outperforms the baseline, we performed a
t-test (Student, 1908) at significance levels of 0.05
and 0.01.

As baseline models for English, we used several
proprietary models and CoRec, which is the previ-
ous state-of-the-art model by Wang et al. (2023)°.
Both CoRec and the proposed method are trained
on datasets outside the patent domain. Although
we evaluate the models on patent claims, this set-
ting applies equally to both approaches, and there-
fore the comparison remains fair. Since CoRec
only supports English, and we could not find any
publicly available model for Japanese coordinate
structure extraction, we used only proprietary mod-
els as the Japanese baseline models in this study.

Shttps://github.com/gingwang—isu/CoRec.
git

We applied a 3-shot prompting setup for the
models without CPT or SFT (denoted as “w/o train-
ing”) and for the baselines, while we used a 0-shot
prompting setup for the models with CPT and/or
SFT. Each prompt contained three representative
sentence types for both English and Japanese: (1)
A sentence containing a nested coordinate struc-
ture. (2) A sentence containing a non-nested coor-
dinate structure. (3) A sentence without any coordi-
nate structure. This configuration allows us to eval-
uate how well the model generalizes to the struc-
tural complexity of coordinate conjuncts. We ex-
cerpt the English and Japanese prompts to avoid
excessive length, showing only a single English
prompt as an example.

Example of 3-shot Prompt of Baselines and
w/o Training Models

“instruction”: “Please extract the coordinate
structures contained in the following sentence
with tags.”

“input”: “IBM’s visits to the debt market are
closely watched by treasurers at other corpo-
rations and by credit market analysts.”
“output”: “IBM'’s visits to the debt market are
closely watched <1_PP> by treasurers at other
corporations </1> and <1_PP> by credit mar-
ket analysts </15>.”

“output”:

As proprietary models, we used GPT-5/-
mini'®, gemini-2.0-flash'!, and claude-3-5-haiku-
20241022'2. Figure 5 shows the F1 scores of
proprietary models, where those of the propri-
etary models are averaged over five inferences
each. For the proposed models and CoRec, we
performed a single inference to obtain evaluation
results, since repeated inferences produce iden-
tical results. In the next section, among those
proprietary models and CoRec, the one with the
highest F1 score is adopted as the baseline and
compared with the F1 scores of the proposed
models.

4.2. Monolingual Training

Figure 6a compares the F1 scores for the En-
glish coordinate structure extraction task among
the baseline, models without CPT nor SFT (de-
noted as “w/o training” ), and models trained with
CPT and/or SFT. We observed significant improve-
ments in the models that applied CPT+SFT to

“https://openai.com/gpt—>5

11https://blog.google/
technology/google-deepmind/
gemini-model-updates-february-2025/

https://claude.ai

4936


https://github.com/qingwang-isu/CoRec.git
https://github.com/qingwang-isu/CoRec.git
https://openai.com/gpt-5
https://blog.google/technology/google-deepmind/gemini-model-updates-february-2025/
https://blog.google/technology/google-deepmind/gemini-model-updates-february-2025/
https://blog.google/technology/google-deepmind/gemini-model-updates-february-2025/
https://claude.ai

GPT-5 w/o Training mCPT mSFT mCPT+SFT

0 7611

0.77 0 7561
075 07401 07348 0.7401 0.7401
0.73 0. 7181 el 0.6995
o7l 0.6995 0 7028
060 o 0. 5835 &
0.67 ﬁ ;
O
0.65
Meta- LIama 3 Llama 3.2-3B Mlstral 7B v0 1
(a) English

T ;w mw/o Trammg l CPT mSFT mCPT+SFT

0.85

0 8262 0 8302

0.83

K
0.81
079 07794 7794
0.77
0.75
0.73
0.71
0.69
0.67 ¢
0.65

IIama 3- Llama-3-swallow
youko-8b -8B-0.1v

0.796 0.776

0.7794 [gm0.7522

Llama-3-
ELYZA-JP-8B

§281°0
6250°0
06£°0

(b) Japanese

Figure 6: F1 Scores of Coordinate Structure Ex-
traction by Monolingual Models (baselines as GPT-
5 in English and Japanese. xxx as significance
level at p < 0.01 and * as at p < 0.05.)

Llama-3.2-3B compared to baseline. The Llama-
3.2-3B model achieved the highest performance
with CPT+SFT, attaining an F1 score of 0.7611.
While CPT+SFT produced a synergistic effect in
Llama-3.2-3B, we did not observe such an effect
in the Meta-Llama-3-8B and Mistral-7B-0.1v mod-
els.

These results suggest that the presence or ab-
sence of knowledge related to coordinate struc-
tures and the potential for synergy from CPT+SFT
vary depending on the LLM used in the experi-
ment.

Figure 6b compares the F1 scores for Japanese
coordinate structure extraction task among the
baseline, models without CPT nor SFT (denoted
as “w/o training” ), and models trained with
CPT and/or SFT. We observed significant im-
provements in the models that applied CPT alone,
SFT alone and CPT + SFT to Llama-3-youko-8b,
and in the models that applied CPT alone and
CPT+SFT to Llama-3-swallow-8B-0.1v, compared
to baseline. The Llama-3-swallow-8B-0.1v model
achieved the highest performance with CPT+SFT,
attaining an F1 score of 0.8302. While CPT+SFT
produced a synergistic effect in Llama-3-youko-
8b and Llama-3-swallow-8B-0.1v, the Llama-3-
ELYZA-JP-8B model performs better with CPT
alone.

For all models, those trained only with SFT
record the lowest F1 scores among the training
methods applied to the same model. These results
suggest that the LLMs in our experiments could
not acquire sufficient knowledge about coordinate
structures through SFT alone.

In both the English and Japanese tasks, training
methods produce performance differences that de-
pend on the model, indicating that we must tailor
the optimal training strategy to the individual prop-
erties of each LLM. For all proposed models, the
majority of extraction errors were either omissions
or errors in the boundaries of modifiers.

4.3. Bilingual Training

GPT-5 mw/o Training mCPT mSFT mCPT+SFT

*

0.81 sk %

0. 77340 7667

o7 0.748
87471 2001

0.75 0.7401
o 7258 0.7321

0.2615,
English

0.2615

English + Japanese
(a) English

GPT-5 w/o Training mCPT mSFT mCPT+SFT

0.7871

0.79 0.7794 0.7794

0.7489

0.77
0.75
0.73
0.7066
on 0.6837
0.60 0.6815
: L.l
055 0.2951 0.295

Japanese Japanese + English

(b) Japanese

Figure 7: F1 Scores of Coordinate Structure Ex-
traction by gemma-3-4b-it (baselines as GPT-5 in
English and Japanese. *x* as significance level at
p < 0.01 and * as at p < 0.05.)

Figure 7a compares the F1 scores for English
coordinate structure extraction task among the
baseline, models (gemma-3-4b-it) without CPT
nor SFT (denoted as “w/o training” ), and mod-
els trained with CPT and/or SFT. We observed
significant improvements in models that applied
SFT alone and CPT+SFT on the bilingual train-
ing dataset compared to baseline. The model
achieved the highest performance when we ap-
plied SFT alone on the bilingual training dataset,
attaining an F1 score of 0.7734.

To compare with models trained on the English
dataset, models trained on the bilingual dataset
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Figure 8: Changes in F1 Scores per # Training
Sentences in Monolingual Extraction Models

show significant improvements for both SFT alone
and CPT+SFT. These results suggest that train-
ing models on the bilingual dataset allows them to
learn parsed knowledge and expression patterns
from Japanese coordinate structures, potentially
enhancing performance on English tasks for some
models.

The models that applied CPT alone show de-
creased F1 scores. We attribute this decrease to
the fact that models already pre-trained on much
more English data treat the newly added Japanese
coordinate structure knowledge (without SFT) as
noise.

Figure 7b compares the F1 scores for Japanese
coordinate structure extraction task among base-
line, models (gemma-3-4b-it) without CPT nor SFT
(denoted as “w/o training” ), and models trained
with CPT and/or SFT. We did not observe any
significant difference compared to baseline. The
model achieved the highest performance when we
applied CPT+SFT on the bilingual training dataset,
attaining an F1 score of 0.7871.

We observed significant improvements in the
models that applied CPT alone and CPT+SFT on
the bilingual dataset compared to models trained
on the Japanese dataset. These results suggest
that gemma-3-4b-it initially lacks sufficient knowl-
edge of Japanese coordinate structures, and train-

——Training on English:CPT ——Training on English:SFT

-s—Training on English+Japanese:CPT  —-Training on English+Japanese:SFT
0.9

F1 Score

0 2000 4000 6000 8000 10000 12000 14000 16000
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(a) English

——Training on Japanese:CPT »-Training on Japanese:SFT

——Training on English+Japanese:CPT --Training on English+Japanese:SFT

F1 Score

[} 2000 4000 6000 8000 10000 12000 14000 16000

# Training Sentences

(b) Japanese

Figure 9: Changes in F1 Scores per # Training
Sentences in gemma-3-4b-it

ing with bilingual data helps it generalize that
knowledge. We did not observe any significant im-
provement in models that apply SFT alone on the
bilingual training dataset. We attribute this result
to gemma-3-4b-it lacking sufficient knowledge of
Japanese coordinate structures, so simply adapt-
ing the output format using bilingual dataset (with-
out CPT) cannot help it acquire this knowledge.

4.4. Learning Curve

Figure 8 shows the learning curves illustrat-
ing changes in F1 scores for the English and
Japanese coordinate structure extraction tasks
performed by monolingual models as we in-
creased the number of training sentences in incre-
ments of 1,000. Comparing Figures 8a and 8b ,
we observe that English tends to reach saturation
earlier than Japanese, and the number of training
sentences required for convergence varies across
models. In both English and Japanese, CPT
raised the F1 score more rapidly than SFT. We at-
tribute this trend to the models’ limited prior know!-
edge of coordinate structures; when the training
data are small in quantity, providing knowledge
about coordinate structures helps the models ex-
tract them more effectively than merely adapting
the output format. The final F1 scores remain
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nearly constant, indicating that the amount of train-
ing data used in the experiments was sufficient.

Figure 9 shows the learning curves illustrat-
ing changes in F1 scores for the English and
Japanese coordinate structure extraction tasks
performed by gemma-3-4b-it as we increased the
number of sentences in the monolingual and mul-
tilingual training datasets in increments of 1,000.
Comparing Figures 9a and 9b, we observe that
English tends to reach saturation earlier than
Japanese, and the number of training sentences
required for convergence varies depending on the
training method. While the F1 scores for the En-
glish task remain almost constant at the final stage,
those for the Japanese task show a slight improve-
ment when trained on multilingual data, suggest-
ing that the number of data used in the experi-
ments may not have been sufficient.

4.5. Error Analysis

For all proposed models, the majority of extrac-
tion errors were either omissions or errors in the
boundaries of modifiers. While specific counter-
measures for deep nesting remain a subject for fu-
ture research, we argue that a certain degree of er-
ror in modifier boundaries is acceptable in the con-
text of our study. This is because the subsequent
step toward our goal involves aligning coordinate
phrases between the source and translated texts;
therefore, boundary errors are tolerable as long as
they do not preclude successful alignment.

The primary reason why the English model’ s F1
score falls below 0.8 lies in the difficulty of bound-
ary decisions, particularly regarding the presence
or absence of articles such as “the.” In the context
of our objective—aligning coordinate structure con-
junction—the impact of such minor boundary dis-
crepancies is limited. These small differences do
not hinder semantic alignment and can therefore
be regarded as acceptable errors. In many cases,
the model correctly identified the core components
of the coordinate structure, but subtle boundary
shifts prevented the output from satisfying the strict
“Exact Match” criterion.

One possible reason why CPT+SFT did not al-
ways yield the best results lies in our use of QLoRA
during training. In this study, we adopted QLoRA
due to resource constraints and to remain consis-
tent with the experimental setting of TANL. How-
ever, because QLoRA updates only specific low-
rank matrices, it allows far fewer trainable parame-
ters than full-parameter training. As a result, the
CPT+SFT training process may have been less
stable.

5. Conclusion

In conclusion, we propose an effective approach
for coordinate structure extraction. We imple-
ment TANL using an LLM and demonstrate that
it can perform coordinate structure extraction. We
showed that models trained with CPT and/or SFT
achieve higher F1 scores than previous state-
of-the-art methods (CoRec (Wang et al., 2023)),
proprietary models, and open-weight instruction-
tuned models trained without CPT or SFT. In ad-
dition, we showed that extending the training data
to English and Japanese languages improves the
F1 scores of coordinate structure extraction com-
pared with using monolingual data.

6. Ethics Statement

This study carefully adheres to ethical research
standards regarding data usage, model handling,
and reproducibility. All datasets used in the exper-
iments were derived from publicly available patent
data and treebanks. The Penn Treebank-3 was of-
ficially obtained through the authorized distribution
process and used in compliance with its license
agreement. None of the data used in this study
contains any personally identifiable information.

The large language models (LLMs) used in the
experiments were employed solely for the purpose
of this research and not for any applications be-
yond the stated objectives. We have taken ap-
propriate precautions to prevent the misuse of
data, trained models, and outputs derived from
this study. All experimental procedures were con-
ducted with respect for ethical standards in data
handling, ensuring transparency and reproducibil-
ity while minimizing potential risks associated with
LLM utilization.

We plan to release the dataset and the trained
models at the camera-ready stage to promote
transparency and reproducibility. No personally
identifiable or sensitive information is included in
the data.

7. Limitations

This study focuses on patent claim data in En-
glish and Japanese, and experiments on other lan-
guages or document genres have not yet been con-
ducted.

The proposed model occasionally fails to ex-
tract deeply nested coordinated structures and
may misidentify the boundaries of modifiers.

Currently, no large-scale dataset explicitly anno-
tates coordinate structures in patent claims. There-
fore, we constructed an evaluation dataset con-
sisting of only 100 manually annotated sentences.
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This limited size may not sufficiently reflect the true
performance of the model.

In future work, we plan to conduct experiments
on additional languages to further examine the
generalization capability of our method.
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