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Abstract

Scientific charts often encapsulate the core find-
ings of research papers, making the ability to
answer questions about these charts highly valu-
able. This paper explores recent advancements
in scientific chart visual question answering
(VQA) enabled by large Vision Language Mod-
els (VLMs) and newly curated datasets. As
part of the SciVQA shared task from the 5th
Workshop on Scholarly Document Processing,
we develop and evaluate multimodal systems
capable of answering diverse question types -
including multiple-choice, yes/no, unanswer-
able, and infinite answer set questions - based
on chart images extracted from scientific litera-
ture. We investigate the effects of zero-shot and
one-shot prompting, as well as supervised fine-
tuning (SFT), on the performance of Qwen2.5-
VL models (7B and 32B variants). We also
tried to include more training data from domain-
specific datasets (SpiQA and ArXivQA). Our
fine-tuned Qwen2.5-VL 32B model achieves a
substantial improvement over the GPT-40 mini
baseline and reaches the 4th place in the shared
task, highlighting the effectiveness of domain-
specific fine-tuning. We published the code for
the experiments'.

1 Introduction

Figures are often the first thing that readers of scien-
tific papers look at (Rolandi et al., 2011). Also, they
frequently communicate the main results. There-
fore, the ability to extract information from scien-
tific chart images would be of great value. However,
automatically interpreting charts poses challenges
due to their detailed visual components and the
complex spatial arrangements of elements. The
process requires spatial reasoning and numerical
understanding (Meng et al., 2024). New SOTA
VLMs like Qwen2.5-VL (Bai et al., 2025) enable
better results in the domain of chart VQA (Masry
et al., 2025). Furthermore, recent datasets, like
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Figure 1: Overview of the system with the four question
types: infinite answer set, yes/no, multiple-choice, and
unanswerable.

SpiQA (Pramanick et al., 2024) and ArXivQA (Li
etal., 2024), provide large amounts of data on scien-
tific chart VQA. This paper intends to explore these
new possibilities in the context of the SciVQA
shared task (Borisova et al., 2025). It challenges
participants to answer questions about scientific
charts. An example of such questions can be seen
in Figure 1.

The contributions of this paper are:

* Fine-tuning Qwen2.5-VL models (Bai et al.,
2025) for chart VQA: The model size and
the hyperparameters used for the fine-tuning
have a strong impact on the results. This paper
explores different configurations.

* Testing prompt templates and one-shot
prompting: Prompt engineering is important
to get the desired output format and can im-
prove the results.

* Exploring other datasets: We investigate the
influence of adding training data from similar-
domain datasets.
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2 Related Work

The SciVQA shared task invites participants to de-
velop multimodal systems for VQA on scientific
charts (Borisova et al., 2025). To support this, we
use the SciVQA dataset?, which contains 3,000
real-world chart images from scientific papers, each
paired with seven questions. The dataset features
four question types: multiple-choice, yes/no, unan-
swerable, and infinite answer set questions. These
are further categorized into visual and non-visual
questions, where visual questions refer to attributes
such as size, height, color, direction, shape, or po-
sition. This task aligns with growing research in-
terest in chart-based VQA, where existing bench-
marks such as ChartQA have seen performance
plateaus among large VLMs, largely due to limited
data diversity (Masry et al., 2025). In response,
new benchmarks such as SpiQA (Pramanick et al.,
2024) and ArXivQA (Li et al., 2024) have been
introduced to address this limitation by using more
diverse scientific charts from the real world.

These new datasets provide additional training
data to fine-tune VLMSs. Li and Tajbakhsh (2023)
found a positive correlation between the size of
the training set and the model performance when
fine-tuning a VLM for chart VQA. Furthermore,
Wu et al. (2024) showed that the used prompt has
a significant influence on the results of the task
of VQA on charts, underlining the importance of
prompt engineering.

Recent progress in the field of VLMs includes
models such as Qwen2.5-VL (Bai et al., 2025), a
successor to Qwen2-VL that has achieved SOTA
results in chart VQA tasks (Li et al., 2025; Masry
et al., 2025). There are also models specifically de-
veloped for chart-related tasks, such as ChartLlama,
which performed fine-tuning on a curated dataset
and reached good results on the ChartQA bench-
mark (Han et al., 2023). ChartAssistant (Meng
et al., 2024) and ChartVLM (Xia et al., 2024) fine-
tuned models to perform chart-to-table translation.
The output of these models is then used as input to
specialized models fine-tuned for VQA.

The fine-tuning of such models is possible
through Low Rank Adaptation (LoRA) (Hu et al.,
2022), which drastically reduces the memory and
computation requirements for the training.

2https://huggingface.co/datasets/katebor/SciVQA

3 Experiments

To explore the influence of the prompting strategy,
the effectiveness of domain-specific fine-tuning,
and the importance of the training dataset size, we
conducted four different experiments to tackle the
task. Firstly, we tried zero-shot inference in com-
bination with prompt engineering. Secondly, we
performed one-shot prompting with one example.
Third, the VLMs were fine-tuned on the dataset
provided by the task?. Lastly, we expanded the fine-
tuning by including the SpiQA (Pramanick et al.,
2024) and ArXivQA (Li et al., 2024) datasets in the
training data. All four approaches were tested on
the 7B and 32B variants of the Qwen2.5-VL model
(Bai et al., 2025) and the first two on GPT-40 mini*
(OpenAl et al., 2024).

3.1 Zero-Shot

In the zero-shot prompt, the model is given clear
instructions on how to respond to different types of
questions, reducing hallucinations by providing a
desired output if the question cannot be answered
from the given information. Furthermore, it is
provided with the caption of the chart as an ad-
ditional information source. The prompt templates
are given in the Appendix A.1.

3.2 One-Shot

The user prompt is expanded with an example.
If the target question is a multiple-choice ques-
tion, we align the example to the target by using
a multiple-choice question as an example. Other-
wise, an infinite answer set question is used. The
complete one-shot prompt can be seen in the Ap-
pendix in Figure 4. The multiple-choice example
question and the infinite answer set example ques-
tion were selected from the training split of the
SciVQA dataset to have one visual and one non-
visual question.

3.3 LoRA Fine-Tuning

The SFT of the 7B and 32B variants of the
Qwen2.5-VL model (Bai et al., 2025) was per-
formed using LoRA (Hu et al., 2022) with the
zero-shot prompt template (see Appendix A.1) on
the SciVQA training data’ (15K questions). The
base models are loaded in 8-bit, the learning rate
was set to 2 x 10~4 with a linear learning rate
scheduler. Hyperparameter tuning determined the

3https://openai.com/index/GPT-40-mini-advancing-cos
t-efficient-intelligence/
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Models ‘ Zero-Shot One-Shot LoRA Fine-tuning Fine-tuning + other datasets
Qwen 7B 0.5968 0.5972 0.8128 0.7989

Qwen 32B 0.5188 0.5243 0.8361 0.8176

GPT-40 mini 0.5424 0.6326 - -

Table 1: Performance comparison of the Qwen 7B, Qwen 32B, and GPT-40 mini models on the SciVQA test set
(4,200 questions) across different learning paradigms: zero-shot, one-shot, LoRA fine-tuning, and fine-tuning with
additional datasets. Reported values are the average of the F1-scores of ROUGE-1, ROUGE-L, and BERTScore.

The best score in each setting is highlighted in bold.

LoRA parameters rank = 64, alpha = 128, and
dropout = 0.2, since they led to the best average
of the ROUGE-1, ROUGE-L, and BERTScore F1-
scores (see Table 4 in Appendix). This average also
determines the ranking in the competition. Fine-
tuning the Qwen2.5-VL 32B model for four epochs
with the described parameters led to the best results
after two epochs (see Table 5 in Appendix). There-
fore, the 7B and 32B models used in the evaluation
were fine-tuned for two epochs. The GPUs used
for the fine-tuning were one NVIDIA RTX A6000
(48GB VRAM) for the 7B model and one NVIDIA
A100 (80GB VRAM, PClIe) for the 32B model.

3.4 LoRA Fine-tuning with other Datasets

To explore the effects of using more domain-
specific data for fine-tuning, we sought datasets
similar to SciVQA?. We therefore incorporated
the SpiQA (Pramanick et al., 2024) and ArXivQA
(Li et al., 2024) datasets as additional data sources,
as they also use real-world scientific charts and
primarily contain infinite answer set and multiple-
choice questions, respectively. To avoid overlap,
any questions from papers which were also scraped
in the SciVQA dataset were excluded.

To align the filtered SpiQA questions closer to
the SciVQA questions, only questions with an-
swers that have at most 50 characters were retained,
leaving 39K mostly infinite answer set questions.
The resulting average answer length in the filtered
SpiQA questions is with 15.3 characters, relatively
close to the average answer length of 14.4 charac-
ters of the SciVQA train dataset.

From ArXivQA, only multiple-choice questions
with 4 options were kept, as the multiple-choice
questions in the SciVQA dataset also have 4 op-
tions. This yielded 61K questions. Images from
both datasets were resized to a maximum of 500K
pixels while preserving the aspect ratio. These fil-
tered datasets, along with the SciVQA train dataset,
were combined to 115K questions and used to fine-

tune both the 7B and 32B Qwen2.5-VL models
for one epoch each. Due to time constraints, no
hyperparameter tuning could be performed for the
training with this combined dataset. Therefore, ex-
cept for the described changes in the data and the
number of epochs, the other training parameters, as
well as the GPUs used, were the same as described
in Subsection 3.3.

4 Evaluation

This section presents the main experimental results
and provides a detailed comparison between our
models and the GPT-40 mini model, including a
manual error analysis in the ablation study.

4.1 Main Results

The experiments were evaluated on the test split
of the SciVQA dataset, which contains 4200 ques-
tions. As the main evaluation metric, the average
of the Fl-scores of ROUGE-1, ROUGE-L, and
BERTScore was used. The results of the experi-
ments are presented in Table 1.

For the zero-shot experiment, the fact that the 7B
Qwen model received a significantly better score
(0.597) than the 32B model (0.519) and GPT-40
mini (0.543) was unexpected. However, taking a
closer look at the provided answers revealed that
the answers given by the 32B model had an average
length of 351.8 characters, while the 7B model had
an average answer length of 57.3 characters, and
the GPT-40 mini model of 64.9 characters. Though
the test set answers are not public, the validation
set has an average answer length of 14.4 charac-
ters. Since most of the ground-truth answers only
contain a few words and often only one word, the
precision of the ROUGE-1 and ROUGE-L metrics
reduces for long answers, and the recall is capped at
one. This explains why the F1-scores and therefore
their average for the 32B model are poor.

Providing the model with a one-shot example
works best on the GPT-40 mini model. It reached a
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Model ‘ Infinite Yes/No Multiple-Choice Unans. ‘ Overall
‘ v n-v v n-v ‘ v n-v ‘ ‘

GPT-40 mini O-shot | 0.4500 0.6833 | 0.6625 0.7125 | 0.5042 0.5167 | 0.6250 | 0.5935

GPT-40 mini 1-shot | 0.3875 0.6500 | 0.6458 0.7000 | 0.5042 0.5708 | 0.7708 | 0.6042

Ours 0.5458 0.7500 | 0.8000 0.8167 | 0.7583 0.6958 | 0.9792 | 0.7637

Table 2: Manual evaluation of results obtained for the Qwen2.5-VL 32B model, fine-tuned for two epochs (Ours),
and GPT-40 mini. The table shows the fraction of correctly answered questions on the SciVQA validation dataset
(1680 questions) per question type. Each question type contains 240 questions. The fine-tuning on the Qwen model
was performed on the training split of the SciVQA dataset (15K questions). v’ and 'n-v’ indicate if the questions

are visual or non-visual.

Model ‘ Infinite Yes/No Multiple-Choice Unans. ‘ Overall
‘ A% n-v ‘ v n-v ‘ v n-v ‘ ‘

Combined | 0.6342 0.7443 | 0.7971 0.8388 | 0.7694 0.7718 | 0.9546 | 0.7872

SciVQA 0.6878 0.7877 | 0.8527 0.8611 | 0.8227 0.7821 | 0.9669 | 0.8230

Table 3: Comparison of the average F1-scores of the ROUGE-1, ROUGE-L, and BERTScore metrics by question
type between the Qwen2.5-VL 7B model that was fine-tuned on the combined dataset and the 7B model exclusively
fine-tuned on the SciVQA dataset. ’v’ and 'n-v’ indicate if the questions are visual or non-visual. The evaluation
was done on the SciVQA validation dataset (1680 questions). Each question type contains 240 questions.

score of 0.633, outperforming both the 7B and 32B
Qwen models and improving greatly compared to
the GPT-40 mini model with the zero-shot prompt.
Surprisingly, adding a one-shot example does not
lead to great improvements for the 7B and 32B
models as compared to the zero-shot setting. An
analysis of the 7B model’s responses revealed that
it marked over 2,200 out of 4,200 questions as
unanswerable, despite only 600 questions being
unanswerable. For the 32B model, the answers
even got longer, with an average answer length of
433.3 characters. The average answer length of
the GPT-40 mini model reduced to 40.6 characters.
These results show that the GPT-40 mini model can
leverage one-shot examples much better than the
Qwen2.5-VL models and that one-shot prompting
can be suitable for doing VQA on charts.

Fine-tuning led to the best result we could
achieve across our experiments, with a score of
0.836 for the Qwen2.5-VL 32B model. The ex-
pected superiority of the 32B model is also evident
here. It outperformed the fine-tuned 7B variant by
0.023, and the GPT-40 mini models, that did not
receive fine-tuning, by 0.206. This shows the great
potential of domain-specific fine-tuning.

Adding more training data from the SpiQA (Pra-
manick et al., 2024) and ArXivQA (Li et al., 2024)
datasets, as described in Subsection 3.4 resulted in

a score of 0.818 for the Qwen2.5-VL 32B model. It
therefore reduced the performance in comparison
to the model fine-tuned only on the SciVQA dataset.
The reason for that is not clear, and further stud-
ies are needed to explain the performance drop. A
starting point could be to perform dedicated hyper-
parameter tuning for the combined dataset, since
the substantially larger number of training samples
could require the hyperparameters to be adjusted.
Also, the fact that especially ArXivQA covers a
wider range of scientific fields than the SciVQA
dataset? (Li et al., 2024; Li and Tajbakhsh, 2023;
Karishma et al., 2023) should be further investi-
gated as a possible problem source.

4.2 Ablation Studies

Although the F1-scores of ROUGE-1, ROUGE-L
and BERTScore provide a useful estimate of the
result quality, accurate evaluation, where the an-
swer length does not influence the results, requires
a more detailed analysis. Therefore, a manual error
analysis was conducted on the SciVQA validation
dataset (1680 questions) for the Qwen2.5-VL 32B
model fine-tuned for two epochs on the SciVQA
dataset, and the GPT-40 mini model using zero- and
one-shot prompting. Each answer was manually
checked by one annotator to determine whether it
accurately answers the given question. The formu-
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lation was not taken into account. Table 2 shows
the fractions of correctly answered questions.

These results show that our fine-tuned model
outperformed the GPT-40 mini model by ~16%,
demonstrating the effectiveness of domain-specific
fine-tuning. A significant improvement was ob-
served for multiple-choice and unanswerable ques-
tions, suggesting that fine-tuning may have reduced
hallucinations and helped the model to estimate
when not to answer. Additionally, there was a
marked difference in performance between visual
and non-visual infinite answer set questions for
both models. Referencing visual elements appears
to be considerably more challenging in the infinite
answer set context. Interestingly, this difficulty
was not as pronounced in other question types.
Surprisingly, providing a one-shot prompt with a
visual infinite answer set question led to even worse
results for that question type.

To further investigate the poorer results of the
fine-tuning on the combined dataset, we compare
them with the scores of the 7B model fine-tuned
solely on SciVQA in Table 3. Using only SciVQA
as training data led to a better score across all
question types. Even on multiple-choice questions
the results of the model trained on the combined
dataset are notably worse than those of the model
fine-tuned exclusively on SciVQA. This is unex-
pected since more than half of the samples in the
combined dataset were multiple-choice questions.

5 Conclusion

This paper explored the application of VLMs
for scientific chart VQA in the context of the
SciVQA shared task. We evaluated zero-shot
and one-shot prompting alongside domain-specific
fine-tuning using LoRA on Qwen2.5-VL models.
Our experiments showed that fine-tuning, espe-
cially on the SciVQA dataset alone, led to the
most significant performance gains, outperforming
the GPT-40 mini baseline and reducing hallucina-
tions. In contrast, incorporating external datasets
offered limited benefits, possibly due to suboptimal
training conditions or data mismatch. Overall, the
results emphasize the value of targeted fine-tuning
and careful dataset curation for improving VQA on
scientific charts. Future work could include a more
sophisticated, possibly manual, selection of train-
ing data to further improve the fine-tuning. Testing
different hyperparameters for the fine-tuning with
more data might also improve the results.

6 Limitations

A key limitation of the system lies in its perfor-
mance on visual questions with an infinite answer
set. For such questions the manual evaluation
showed that the model frequently fails to return the
exact value of a target datapoint, often producing
approximate answers that are close, but fall out-
side the acceptable error margin to be considered
correct. Moreover, the observation that fine-tuning
with additional datasets from closely related do-
mains led to a decline in performance suggests
limited generalization capabilities. Despite the ap-
parent similarity between the datasets, subtle do-
main shifts such as differences in the underlying
research area or question phrasing, may hinder the
model’s ability to transfer learned concepts effec-
tively. Potentially, the larger training dataset might
also require more trainable parameters than our
fine-tuned models had. This highlights potential
challenges in developing robust, generalizable mod-
els for scientific chart understanding across diverse
real-world sources.
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A Appendix
A.1 Prompt Templates

This section contains the final system prompt in
Figure 2 and the user prompt used in the zero-shot
experiment and to fine-tune the models in Figure 3.
Figure 4 shows the user prompt with an example
used for the one-shot experiment.

A.2 Hyperparameter Tuning

The correct hyperparameters are essential for good
results of the fine-tuned model. This especially
applies to the LoRA parameters rank and alpha as
well as the dropout. Multiple combinations were
tested by fine-tuning the Qwen2.5-7B model on the
train split of the SciVQA dataset with 15K ques-
tions and evaluating the fine-tuned models on the
validation split with 1680 questions. The learning
rate used in the experiments was 2 x 10~ together
with a linear learning rate scheduler. Based on the
results visible in Table 4 we used a rank of 64, an
alpha of 128, and a dropout of 0.2 since it led to
the best average of Fl-scores, which determines
the ranking in the SciVQA competition.

Another important hyperparameter is the number
of training epochs. The Qwen2.5-VL 32B model
was trained for 1 to 4 epochs on the training data
of the SciVQA dataset with LoRA rank = 64,
alpha = 128, and dropout = 0.2. To evaluate
the training runs the validation split of the SciVQA
dataset was again used. As visible in Table 5 the
model performs best across all metrics after two
training epochs. Therefore, we used two training
epochs for the training on the SciVQA data (see
Subsection 3.3).
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System Prompt

You are an expert data analyst. You will be given an image of a chart and a question.
You will answer the question based on the image of the chart.

If you are sure that you do not have enough information to answer the question answer
with: ’It is not possible to answer this question based only on the provided data.’

Figure 2: System Prompt used for fine-tuning the Qwen2.5-VL models, as well as for the zero-shot and
one-shot inference.

User Prompt

Here is the caption of the image:

{{ caption }}

This is the Question:

{{ question }}

{% if answer_options % }

You have the following answer options to choose from. Multiple answers may be correct.
List only the letter of the correct answers in the order they are given without spaces
between them.

Answer Options:

{{answer_options} }

{%endit% }

Give a short and precise answer:

Figure 3: User Prompt for fine-tuning the Qwen2.5-VL models and for the zero-shot inference.
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One Shot User Prompt

Here is an example:

The caption of the image is:

Figure 3. Annual frequency of USA being mentioned with Russia, Japan, and G20
countries

This is the Question:

{% if answer_options % }

The line of which color had highest annual mention frequency before 19257

You have the following answer options to choose from. Multiple answers may be correct.
List only the letters of the correct answers in the order they are given without spaces
between them.

Answer Options:

A: Red line

B: Green line

C: Blue line

D: Yellow line

{% else %}

Which country, besides the USA, is mentioned the most frequently in the year 19907
{%endif% }

Give a short and precise answer:
135

— Asia-Pacific

-

America

90

Europe

Russia

-’..__ -

- e Japan

o

45

U
1920 1925 1930 1935 1940 1945 1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015
{% if answer_options %}
Answer: C
{% else %}
Answer: Japan
{%endif% }

—_S-o

This is the real query you should answer:

Here is the caption of the image:

{{ caption }}

This is the Question:

{{ question }}

{% if answer_options %}

You have the following answer options to choose from. Multiple answers may be correct.
List only the letter of the correct answers in the order they are given without spaces
between them.

Answer Options:

{{answer_options} }

{%endif% }

Give a short and precise answer:

<image>

Figure 4: User Prompt with one-shot example for the one-shot inference.
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‘ Train Epochs: 1 Train Epochs: 2
r o d|BERT R1 RL Avg. |BERT R-1 R-L Avg

16 16 0.1 09814 0.7250 0.7242 0.8102 | 0.9810 0.7230 0.7219 0.8087
16 16 0.2 0.9810 0.7278 0.7268 0.8119 | 0.9806 0.7270 0.7262 0.8113
16 32 0.109815 0.7259 0.7250 0.8108 [ 0.9825 0.7323 0.7313 0.8154
16 32 0209811 0.7188 0.7178 0.8059 | 0.9817 0.7190 0.7183 0.8063
3232 0109811 07288 0.7281 0.8127 | 0.9810 0.7330 0.7323 0.8155
3232 02]09821 07271 0.7267 0.8120 | 0.9822 0.7279 0.7271 0.8124
32 64 0.1]09816 0.7381 0.7374 0.8190 | 0.9819 0.7355 0.7346 0.8173
32 64 0209808 0.7301 0.7288 0.8133 | 0.9810 0.7347 0.7337 0.8165
64 64 0109817 07318 0.7310 0.8149
64 64 0209823 07400 0.7391 0.8205 | 0.9819

64 128 0.1/ 09805 0.7315 0.7307 0.8156 | 0.9811 0.7316 0.7304 0.8144
64 128 0.2/ 09826 0.7388 0.7378 0.8197 | 0.9822

128 128 0.1 [ 0.9823 0.7401 0.7392 0.8205
128 128 0.2| 0.9821 0.7376 0.7367 0.8188 | 0.9819

128 256 0.1]0.9803 0.7270 0.7260 0.8111 | 0.9815 0.7404 0.7395 0.8205
128 256 0.2 0.9821 0.7329 0.7318 0.8156 | 0.9823 0.7361 0.7352 0.8179
256 256 0.1 09799 0.7292 0.7279 0.8123 | 0.9808 0.7332 0.7320 0.8153
256 256 0.2 0.9804 0.7302 0.7291 0.8133 | 0.9808 0.7334 0.7320 0.8154
256 512 0.1| 0.9809 0.7263 0.7251 0.8108 | 0.9813 0.7319 0.7306 0.8146
256 512 0209825 0.7249 0.7236 0.8103 | 0.9818 0.7359 0.7348 0.8175

Table 4: Evaluation with the SciVQA validation dataset (1680 questions) on the fine-tuned Qwen2.5-VL 7B model
for the different hyperparameters LoRA rank, alpha, and dropout. The learning rate was always 2 x 10~4, and the
learning rate scheduler was linear. The metrics are the Fl-scores of BERTScore, ROUGE-1, ROUGE-L, and their
average.

#epochs BERT ROUGE-1 ROUGE-L Average

1 0.9836 0.7606 0.7591 0.8345
2 0.9849 0.7723 0.7709 0.8427
3 0.9848 0.7698 0.7683 0.8410
4 0.9844 0.7652 0.7637 0.8378

Table 5: F1-scores of BERTScore, ROUGE-1 and ROUGE-L with their average across one to four training epochs
for fine-tuning Qwen2.5-VL 32B with LoRA rank = 64, LoRA alpha = 128, dropout = 0.2 and 8-bit quantization.
The fine-tuning was performed on the SciVQA train split, and the evaluation was done on the SciVQA validation
dataset (1680 questions).
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