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Abstract

Scientific charts often encapsulate the core findings of research papers, making the
ability to answer questions about these charts highly valuable. This is especially true
for readers with vision impairments or in scenarios where a large amount of papers
need to be scanned for their research results, e.g., in meta-analyses. This thesis explores
the task of visual question answering (VQA) on scientific charts using large Vision-
Language Models (VLMs) and newly developed datasets. In the context of the SciVQA
shared task from the 5th Workshop on Scholarly Document Processing, we design
and evaluate multimodal systems capable of answering diverse question types, such as
multiple-choice, yes/no, unanswerable, and open-ended questions, based on chart images
extracted from scientific literature. 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 experimented with including more training
data from domain-specific datasets (SpiQA and ArXivQA) and manually improved the
training data provided by the shared task. Our experiments show that fine-tuning leads
to great performance increases and underline that the prompt has a significant influence
on the results. However, we also found that a one-shot example could not improve the
generated answers. Furthermore, the fine-tuned models were sensitive to the domain of
the training data, as including additional data from similar datasets did not lead to better
results. Our fine-tuned Qwen2.5-VL 32B model achieves a substantial improvement
over the GPT-40 mini baseline and reaches 4th place in the shared task, showing the
effectiveness of domain-specific fine-tuning. We published the code for the experiments .
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Introduction

Figures are often the first thing that readers of scientific papers look at (Rolandi et
al., 2011). In addition, they frequently communicate the main results of a paper in a
condensed form . Therefore, figures can be a valuable resource for automatic information
extraction systems. In recent years, the number of papers published has grown rapidly
(Hanson et al., 2024). Manually reading increasing amounts of research papers to
keep updated on the current state of the art (SOTA) does not scale and, therefore,
motivates automated systems to harvest the results of scientific papers. This is especially
important for meta-analyses, which are common in medical and psychological research
and combine the results of different studies that are focused on the same disease or
phenomenon to determine the effectiveness of a treatment. Such studies are labor-
intensive and require domain experts to extract data from hundreds of research articles.
The ability to automatically identify and extract the relevant data from a scientific
paper and its charts would significantly simplify the creation and updating of such
meta-analyses (Mutinda et al., 2022; Marshall et al., 2020).

A further issue in the present landscape of scientific publishing is that only a small
fraction of papers include meaningful alt-text for their charts. As a result, visually
impaired readers are often unable to access the information these charts convey (Kumar
and Wang, 2024; Crane et al., 2023). Advances in Vision-Language Models (VLMs) for
visual question answering (VQA) on scientific charts offer a promising way to improve
the accessibility of research papers for blind and low-vision audiences (Yan et al., 2025).

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). In the
domain of scientific papers, automatic VQA is further complicated due to domain-
specific terminology and unique chart types (Huang et al., 2025). Furthermore, there
is a research gap regarding the ability of these models to recognize visual cues (e.g.,
color or shape) and to connect and integrate them with textual elements such as the
legend, axis annotations, or the caption (Borisova et al., 2025).

1.
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Figure 1.1: Overview of the system with the four question types: infinite answer set, yes/no,
multiple-choice, and unanswerable.

In recent years, the development of Large Language Models (LLMs) like GPT-4
(OpenAl et al., 2024), Gemini 2.5 (Comanici et al., 2025), and Llama 3 (Grattafiori et al.,
2024) enabled text-based question answering. The adaptation of LLMs to be able to
work on visual input introduced VLMs, which can be trained to perform VQA on
charts. New VLMs like Qwen2.5-VL enable state-of-the-art results in the domain of
chart VQA (Bai et al., 2025). Furthermore, recent datasets, like SpiQA (Pramanick et al.,
2024) and ArXivQA (Li et al., 2024), provide large amounts of question-answer pairs
for images of scientific charts.

This thesis intends to explore the topic of VQA on scientific charts in the context of
the SciVQA shared task (Borisova et al., 2025). It comes with a dataset and challenges
participants to answer questions about scientific charts. An exemplary image with four
corresponding questions from this dataset can be seen in . The questions are
divided into four different question types, namely infinite answer set questions, yes/no
questions, multiple-choice questions where multiple of the four options can be correct,
and unanswerable questions. An unanswerable question cannot be answered based only
on the information from the image and the caption. Furthermore, the questions can
either be visual questions, meaning that they refer to one of the visual attributes shape,
size, position, height, direction, or color, or they are non-visual questions.

Such data enables the fine-tuning of VLMs that specifically excel on the task of VQA
on scientific charts. This can be done by using Parameter-Efficient Fine-Tuning (PEFT),
which refers to a spectrum of approaches that reduce the memory and computational
requirements of fine-tuning by only updating a subset of the parameters of the original
model (Prottasha et al., 2025). Besides the fine-tuning, the formulation of the prompt is
very important. It combines the question and a task description, together with additional
information like the caption or metadata about the figure type, into a natural language
query. This prompt, along with the image of the chart, is given to the VLM as input.
Even slight changes in the formulation can lead to substantial differences in performance
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(Zhou et al., 2022). Furthermore, the prompt can contain a demonstration of the task
with the correct solution, a so-called one-shot example. Brown et al. (2020) found that
such demonstrations can have a positive influence on the results. Therefore, prompt
engineering, the process of finding a suitable prompt template, is an important step to
increase the performance of the model in the SciVQA task (Zhou et al., 2022).

1.1 Research Questions

The objective of this thesis is to perform as well as possible on the SciVQA shared task,
and therefore, to improve the abilities of open source VLMs on VQA on scientific charts.
For this task, the open-source model Qwen2.5-VL (Bai et al., 2025) is used in its variants
with 7 billion and 32 billion parameters. Qwen2.5-VL reaches SOTA performance on
chart VQA benchmarks like ChartQA (Masry et al., 2022) and CharXiv (Wang, Xia,
et al., 2024; Bai et al., 2025) and is therefore suited for the proposed challenge. As a
first measure to improve the performance, prompt engineering is employed to create a
prompt template specifically designed for the SciVQA task. Furthermore, the influence
of a one-shot example is tested. For additional performance gains, the SciVQA dataset is
used to fine-tune the Qwen2.5-VL base models, leveraging Low Rank Adaptation (LoRA)
and quantization for resource-effective fine-tuning. Hyperparameter tuning determines
the best-performing fine-tuning setup. In an attempt to reach even higher performance,
the training data was expanded using the SpiQA (Pramanick et al., 2024) and ArXivQA
(Li et al., 2024) datasets and by manually improving the SciVQA data.
This setup should solve the following research questions:

« RQ1: What is a good prompt template for VQA on scientific charts in the context
of the SciVQA shared task, and can a one-shot example improve the performance?

« RQ2: How does fine-tuning a VLM impact the performance of VQA on scientific
charts, and what hyperparameter configurations yield the best results?

« RQ3: Does fine-tuning on a combination of the SciVQA dataset with similar
datasets, or on a manually improved version of the SciVQA dataset, enhance the
answer quality of the model?

1.2 Structure of the thesis

This section gives an overview of the structure and the contents of this thesis. In the
Introduction in , the problem of VQA is motivated, and the research questions
are formulated. covers the theoretical foundations needed in this thesis,
starting with a short introduction into neural networks for sequence modeling tasks
in . It continues in with the historic development that led to
LLMs and covers the adaptation of LLMs to VLMs in . This section also
discusses the fine-tuning and prompt engineering for VLMs. provides related
work on the task of VQA on scientific charts, including a detailed explanation of the
SciVQA dataset ( ), and the baselines of the SciVQA shared task ( ).
Furthermore, other related datasets and models from the domain of VQA on charts are
introduced in and . The Qwen2.5-VL model architecture and its
pretraining are presented in , and an overview of the models proposed by
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the other participants of the SciVQA competition is given in . The explicit
experiments that were conducted are then explained in . These experiments
are zero-shot prompting in and one-shot prompting in . After
that, the fine-tuning of Qwen2.5-VL models only on the SciVQA dataset is described
in . Expanding the SciVQA dataset with data from the ArXivQA and SpiQA
datasets is detailed in . Subsequently, the fine-tuning on this expanded
dataset is explained in . Improving the SciVQA data and fine-tuning
on it is the topic of , and finally, the experiment on the influence of fine-
tuning different modules of the model is discussed in . These experiments are
then evaluated in in after the evaluation metrics are explained in

then contains ablation studies with a cross-validation between
the 801VQA ArXivQA, and SpiQA datasets, as well as an experiment on the influence
of the training dataset size. It also provides an error analysis per figure type. In the
conclusion in , the findings for each research question are then summarized,
and the limitations and possible future work for each research question are provided.



Fundamentals

In this chapter, we discuss the theoretical foundations and developments that led to
the emergence of VLMs. Within , we begin with an introduction to neural
networks, starting with the classic Multi-Layer Perceptron (MLP) in .
Then Recurrent Neural Networks (RNNs) ( ) and Long Short-Term
Memory Networks (LSTMs) ( ) are explained as methods to tackle
sequence modeling tasks. In , a brief history of language models is presented,
and Transformers, which laid the foundation for LLMs, are introduced in .
The subsequent explains the adaptation of LLMs to process visual inputs as
a second modality and details the pretraining and fine-tuning of VLMs.

2.1 Neural Networks

This section starts by introducing MLPs as a classical neural network architecture
( ). It continues by explaining how RNNs ( ) and LSTMs
( ) enable predictions for time-dependent sequence data.

2.1.1 Multi-Layer Perceptron (MLP)

MLPs are the most basic neural networks (Zhang, 2023). shows the structure
of an MLP that is divided into multiple layers of perceptrons. The perceptron (also
called a neuron) was first introduced by Rosenblatt (1958), and it works by computing
a weighted sum of the input signals. A bias is added to this sum, and the result is the
input into a non-linear activation function, such as the sigmoid function. The resulting
value is the output of the perceptron (Alom et al., 2018). In an MLP, the first layer,
called the input layer, receives the input signal. Each input node is connected to each
perceptron in the second layer, which is a hidden layer. Through these connections, the
input signals are forwarded to each perceptron in the hidden layer, and the computed
outputs of each perceptron represent the output of the hidden layer. This output is
then again passed to all neurons in the next layer. In the last layer, the so-called output
layer, the result is the output signal of the MLP (Haykin, 2009). To train the network, an
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Figure 2.1: Schematic of an MLP. Extracted from Haykin (2009).
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Figure 2.2: Schematic of an RNN. Extracted from Zhang (2023).

error signal is computed at the output layer and recursively back-propagated through
the network. In the backpropagation process, the weights and biases are updated to
reduce the error of the network (Haykin, 2009).

2.1.2 Recurrent Neural Networks (RNNs)

Traditional neural networks like MLPs cannot directly deal with time-dependent se-
quence data such as natural language text, since they treat each input and output
independently. This is solved by RNNs, which were first introduced in 1986 by Rumelhart
et al. (1986). depicts the basic structure of an RNN, which is similar to that
of an MLP with an input layer X;, a hidden layer A, and an output layer h;. Opposed
to MLPs, RNNs process sequence data by including information from predictions of
previous time steps. This is done by adding the output of the hidden layer A from the
previous time step to the input of the hidden layer A at the current time step. This
is done through a recurrent connection as depicted in . Through this reuse
of the hidden layer state, RNNs have the ability to deal with the time dependence
of sequence data (Zhang, 2023).
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Figure 2.3: Schematic of an LSTM. Extracted from Picornell Rodriguez et al. (2023).

2.1.3 Long Short-Term Memory Networks (LSTMs)

A problem of RNNs is that during training, vanishing and exploding gradients can occur,
which restricts their capacity to model long-term dependencies (Zhang, 2023). Hochreiter
and Schmidhuber (1997) proposed LSTM:s to tackle this problem by introducing trainable
gates that control the flow of information across the different steps of processing a
sequence. The structure of an LSTM cell is shown in . The cell gets the input of
the current time step X;, the hidden state from the previous time step h,_;, and the cell
state of the previous time step C;_;. The forget gate decides how much of the previous
state is forgotten. The input gate controls which information from the current input
is added to the cell state. Lastly, the output gate controls the creation of the hidden
state h, for the current time step, based on the current input X, the previous hidden
state h;_;, and the current cell state C, that was created by the forget and input gates
and the previous cell state. The new hidden state h; is then handed over to the next
time step and can also be used to compute the prediction for the current time step
(Picornell Rodriguez et al., 2023). Each of the gates learns how to selectively forget and
include information from previous states, to model long-term dependencies in sequences.
This enables LSTMs to perform well in sequence modeling tasks (Zhang, 2023).

2.2 Language Models

This section gives an overview of the architectures and techniques that led to the
Transformer architecture and subsequently to LLMs ( ), covering early
statistical models ( ), the Encoder-Decoder architecture that builds
upon the previously introduced RNNs and LSTMs ( ), the attention
mechanism ( ), and an introduction into the functionality of Transformers

( )-
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2.2.1 The n-Gram Model

First language models in the late 1980s often used the n-gram model (Rosenfeld, 2000),
which predicts the next word based on the previous n — 1 words. The probability of the
n-th word given the n — 1 last words is calculated by collecting a large corpus of text
and dividing the number of occurrences where the n — 1 words are followed by the n-th
word by the number of occurrences of the sequence of the n—1 last words. However, the
corpus needs to be very large to support larger numbers of n since otherwise there is a
high likelihood that many possible n-grams are not even contained in the training corpus.
This is due to the exponentially growing number of possible n-grams for increasing
n, where n is the exponent and the vocabulary size is the base. Usually n is 2 or 3
(Wang, Chu, et al., 2024; Rosenfeld, 2000). A specific example for a model based on the
n-gram model is the back-off model by Katz (1987), which expands the n-gram model
by "backing oft" to use the (n — 1)-gram model if the underlying training corpus does
not contain the n-gram to create a prediction for the next word.

2.2.2 Word2Vec

To be able to use neural networks in natural language tasks, a way to translate human
language into a numeric representation, while preserving the semantic relationships
in the language, is needed (Wang, Chu, et al., 2024). The idea of projecting words into
a vector representation is already quite old and was, for example, performed in 2000
by Bengio et al. (2000). However, in 2013, the release of Word2Vec (Mikolov et al.,
2013) made it possible to efficiently convert words into vector representations for huge
vocabulary corpora. These vector representations capture syntactic and semantic word
relationships. This was achieved by introducing the Continuous Bag-of-Words (CBOW)
and Skip-gram models. The CBOW model is a neural network that is trained to predict
a target word in a sentence by its surrounding words. The Skip-gram model does the
opposite by giving a target word as input and predicting the surrounding words of
the target word. Both models have only a single hidden layer, and then the weights of
the hidden layer are the embedding of the target word. The Skip-gram model works
better on semantic tasks and the CBOW model slightly better on syntactic tasks, while
also being faster to train than the Skip-gram model (Mikolov et al., 2013). The vectors
resulting from Word2Vec can be used to perform mathematical operations on the words
and, therefore, enable neural networks to achieve better performance in natural language
processing tasks. Words that have a semantic relationship, such as a country and its
capital, are mapped closer to each other in the vector space. This even enables vector
calculations on the embedding vectors, e.g. vec("Madrid") —vec("Spain") +vec("France")
is close to vec("Paris") (Wang, Chu, et al., 2024; Mikolov et al., 2013).

2.2.3 Encoder-Decoder Architecture

Sutskever et al. (2014) attracted significant attention by using an LSTM in the Encoder-
Decoder architecture for machine translation. The architecture solved the problem that
an RNN or LSTM returns one output for each input element in the sequence. In many
tasks, an input sequence of a given length needs to be mapped to an output sequence
of a different length. Such tasks can be machine translation or speech recognition, but
also question answering, where the given question and the returned answer are word
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sequences of different lengths. Such sequence-to-sequence tasks can be solved using
the Encoder-Decoder architecture (Sutskever et al., 2014).

The architecture consists of two main components: an Encoder that processes an
input sequence over K time steps and condenses it into a fixed-length context vector,
and a Decoder that unfolds over L time steps to generate the output sequence based on
the context vector that represents the input sequence. In this setup, L can be any number
of steps and therefore supports any sequence-to-sequence task. In a basic setup, only the
final context vector generated by the Encoder is provided to the Decoder in the first time
step. For the remaining steps, the Decoder uses its internal state. Although effective,
this approach faced limitations in retaining information from long input sequences, as
the Decoder relied solely on the final Encoder state (Tsirmpas et al., 2024).

To address this, Bahdanau et al. (2015) proposed an extension that allows the Decoder
to automatically search the input for elements that are relevant to predict an output at
the current time step. This is done by using the Encoder to generate an annotation h;
for each element of the input sequence that contains information about the whole input
sequence with a strong focus on the parts around the i-th element. A feedforward
network is trained to predict how well the state of the Decoder at a specific time step ¢
matches with each of the generated annotations h;. For an input sequence of length K,
this results in K matching scores ¢;;, j = 1,...,K for a time step t. After applying
softmax on these matching scores, the weights o;;, j=1,...,K are obtained. These
are then used to compute a weighted sum of the annotation vectors:

K
j=1

¢; now contains information from the input sequence that is specifically relevant to
the current state of the Decoder and is used by the Decoder to generate the next
output. This mechanism improves the ability of the model to handle long sequences.
(Bahdanau et al., 2015). This mechanism is also known as additive attention, which is
one of the most commonly used attention mechanisms. It is also very similar to the
attention function used in the Transformer originally proposed by Vaswani et al. (2017).
Opposed to using a feedforward network to compute the matching of the Decoder’s
state with the annotations of the input elements, Vaswani et al. (2017) use the dot
product as a compatibility function.

2.2.4 Attention in Transformers

Attention is the key mechanism in the Transformer architecture, which was introduced
by Vaswani et al. (2017). It is used to replace recurrent connections while maintaining the
ability to relate information from every part of the sequence to compute a representation
of the whole sequence. The attention function is the mapping of a query and a set of
key-value pairs to an output. One specific attention layer in the Transformer architecture
allows the decoder of a Transformer to attend to every part of the input sequence. In
that case, the query is the state of the decoder, and the keys and values come from the
encoder output. This would be an Encoder-Decoder attention layer. There are also
self-attention layers where all keys, values, and queries originate from one place. If
no optimizations or simplifications are applied to the attention function, the output,
as well as the query, the keys, and the values, are vectors. The query and the keys are
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Figure 2.4: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention that consists of
multiple attention layers in parallel. Extracted from Vaswani et al. (2017).

used in a compatibility function to get one weight for each value vector. These weights
are used to compute the weighted sum of the value vectors, which is the output of the
attention function for that query (Vaswani et al., 2017). Although there are multiple
implementations to compute attention, in the original proposal of the Transformer
architecture by Vaswani et al. (2017), the Scaled Dot-Product Attention was used. An
overview can be seen on the left of , and this is the mathematical equation:

T

. 0K
Attention(Q, K, V) = softmax
(Q ) ( N

Since in practice the attention values for multiple queries are computed at once, instead
of a single query vector, multiple queries are condensed into a matrix Q. The key and
value vectors are also condensed in the matrices K and V. As visible in

and , the first step is to compute the dot products of the queries with all
keys through a matrix multiplication. The matrix is then divided element-wise by
Jdi where d is the dimension of the keys. After this scaling, the softmax function
is applied to obtain the final weights. These weights are then multiplied by the value
vectors V through another matrix multiplication that leads to the output. The division
by Jdj is done to counteract the effect that for larger values of d; the dot product
grows larger, which pushes the softmax function into regions where it has very small
gradients (Vaswani et al., 2017).

The right side of shows the Multi-Head Attention Mechanism. Instead
of using one large dimension for the query, key, and value vectors, they are linearly
projected h times with different learned parameters to obtain representations with h
times lower dimensionality. On each of the projected sets of query, keys, and values,
the Scaled Dot-Product Attention is then computed in parallel. The h outputs are then
concatenated and again linearly projected, resulting in the final output. This process
enables the model to attend to information from different representation subspaces
at different positions while having a similar computational complexity as single-head
attention with full dimensionality (Vaswani et al., 2017).

N% (2.2)
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Figure 2.5: The Transformer architecture. Extracted from Vaswani et al. (2017).

2.2.5 Transformers

The Transformer architecture resulted from the attempt to replace RNNs for sequence-
to-sequence tasks while retaining the Encoder-Decoder architecture and adding self-
attention (Tsirmpas et al., 2024). As visible in , in Transformers, the Encoder
and Decoder consist of N layers. The Decoder is auto-regressive, which means that
the output of the last layer is the input of the first Decoder layer in the next timestep.
The Encoder processes the entire input sequence at once. Its first layer receives as
input a list of K vectors, where each vector corresponds to one token of the input
sequence. These vectors are the combination of a representation of the token (for
example, a word2vec embedding) and the positional encoding of the token in the input
sequence. This positional encoding is a dense vector representation of the index of
the token in the input sequence. This is necessary since the information about the
order of the sequence would otherwise be lost in the attention function. Therefore,
information about the position of each token in the sequence needs to be injected into
the embedding of the token. The final output of each layer is the input of the next
layer (Tsirmpas et al., 2024; Vaswani et al., 2017).

Each of the N Encoder layers is divided into two sub-layers. Firstly, there is a Multi-
Head Self-Attention Mechanism, and secondly, an MLP. In one layer, the MLP is applied
to each position of the sequence with the same weights. However, across the layers,
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each layer has its own set of parameters for the MLP. After each sub-layer, a residual
connection (He et al., 2016) adds the input of the sub-layer to the output of the sub-layer,
and normalization is applied (Vaswani et al., 2017). This is a mechanism to stabilize the
training of deep networks and to prevent vanishing or exploding gradients (Lin et al.,
2022). To facilitate this application of residual connections, all sub-layers, as well as the
embedding process, produce outputs of the same dimension (Vaswani et al., 2017).

The Decoder takes the previous outputs, which are again embedded and combined
with a positional encoding, as the input into the first sub-layer (Vaswani et al., 2017). To
create an autoregressive model that can generate an output one step at a time, the output
of the decoder should only depend on tokens generated up to the current time step
(Zhang and Shafiq, 2024). Subsequently, in the training setting, the ground-truth output
tokens are shifted by one position to the right, and the first sub-layer uses Masked
Multi-Head Attention instead of normal Multi-Head Attention. Masking prevents a
position i from attending to a position greater than i, making sure that only already
generated tokens are attended to. Opposed to the Encoder, in the Decoder, a second
Multi-Head Attention sub-layer is added after the first attention sub-layer. This is an
Encoder-Decoder attention sublayer and receives the output of the Encoder as the keys
and values, and the output of the Masked Multi-Head Attention sub-layer as the query.
Therefore, every position in the Decoder can attend to the entire input sequence. The
last sub-layer is again an MLP, and also the residual connections around each sub-layer,
together with the layer normalization, are the same as in the Encoder.

The output of the last Decoder layer is fed into a linear transformation with learned
weights, and finally, the softmax function is applied to the output of the transformation
to obtain the final output probabilities for the next token (Vaswani et al., 2017).

2.2.6 Large Language Models (LLMs)

LLMs constitute a family of deep learning models that excel in understanding and
generating natural language. They usually contain billions of parameters and are
typically trained on huge amounts of training data. The foundation of LLMs is the
Transformer architecture. Depending on the task that should be solved by the model,
either only the Decoder, the Encoder, or both are retained (Shao et al., 2024).

As illustrated in , various LLM models with diverse model architectures
were recently developed. Encoder-only models, such as BERT (Devlin et al., 2019), ERNIE
(Zhang et al., 2019), and ALBERT (Lan et al., 2020), appear less prominently in recent
years but remain fundamental for contextual understanding tasks. Decoder-only models,
shown throughout the timeline, include OpenAI’s GPT series (Radford et al., 2018;
Radford et al., 2019; Brown et al., 2020; OpenAl et al., 2024), Meta’s open-source LLaMA
models (Touvron, Lavril, et al., 2023; Touvron, Martin, et al., 2023; Grattafiori et al., 2024)
as well as the recent Qwen2.5 model (Yang et al., 2025) (Shao et al., 2024). Such decoder-
only models rely solely on a Decoder with its auto-regressive character to generate one
token based on the previous tokens and thrive in generation tasks. Encoder-Decoder
architectures integrate both components, leveraging the language understanding of the
Encoder and the generation capabilities of the Decoder. Such models are typically used
for conditional generation tasks like summarization or machine translation. Examples
for an Encoder-Decoder architecture shown in would be T5 (Raffel et al., 2019)
and its successors mT5 (Xue et al.,, 2021) and FLAN-T5 (Chung et al., 2024).
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Figure 2.6: A timeline of LLMs with over 10 billion parameters developed in recent years. The
timeline is primarily based on the release date of the technical paper for a model, such as its
submission date to arXiv. For models without an associated paper, the date corresponds to the
earliest known public release or announcement. Extracted from Zhao et al. (2023).

Modern LLMs are trained on huge amounts of text data and exhibit strong capabilities
to understand language and to solve complex tasks through text generation. With
sufficiently large parameter counts, LLMs can gain abilities that are not present in smaller
models. Such abilities include in-context learning, where an LLM is provided with a
natural language instruction and possibly some example solutions of the task, and is able
to solve the task without extra training. Instruction following is another valuable ability
of LLMs, where the LLM can follow a task description of a new task without explicit
examples. This is enabled by performing instruction tuning, which means fine-tuning the
LLM on multi-task datasets with natural language task descriptions (Zhao et al., 2023).

highlights the competitive and collaborative nature of LLM development.
Major technology companies, like Google, Microsoft, Meta, and others, have been active
across the entire timeline, alongside contributions from research institutions and open-
source communities. This collaborative push has enabled a wide range of applications.
LLMs can, for instance, be used for Information Retrieval, where the traditional search
engines are challenged by chatbots like ChatGPT. Furthermore, Microsoft 365 includes
Copilot' to automate office work, and GitHub Copilot can support Software Developers
to write code” (Zhao et al., 2023). LLMs are also applied in the original task explored
by Vaswani et al. (2017), namely machine translation. Google, for instance, uses their
LLM PaLM 2 (Anil et al., 2023) to add 110 new languages to Google Translate .

2.3 Vision-Language Models (VLMs)

To expand the capabilities of LLMs even further, VLMs were developed. The first
VLMs were adaptations of the BERT model (Devlin et al., 2019), like ViLBERT (Lu
et al., 2019). VLMs can process visual inputs such as images and even videos along
with classic text prompts. explains their general architecture. After
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Figure 2.7: Two common variants of VLM architectures. Based on Li et al. (2025).

that, covers the pretraining of a VLM which enables the model to
capture vision-language knowledge and to perform on tasks without specific fine-tuning
(Zhang, Huang, et al., 2024). discusses prompt engineering as well as
zero-shot and few-shot prompting that enables improved performance on new tasks
through task-specific prompts. Lastly, explains fine-tuning, where the
parameters of a VLM are updated or new parameters are added to specialize the model
for a new task or domain (Prottasha et al., 2025).

2.3.1 VLM Architecture

In order to extract information from images and to be able to work with them, a Vision
Encoder is needed. The idea is to project visual components into embeddings that
align with the embeddings from LLMs. This is done by training the Vision Encoder
on image-text pairs so that it captures visual and language relationships effectively.
The Vision Encoders can be Convolutional Neural Networks such as ResNet (He et al.,
2016) or Vision Transformers (ViTs) (Dosovitskiy et al., 2021). Through the pretraining
on large amounts of labeled visual data or through Self-Supervised training, they can
capture domain-specific visual knowledge from their training domains (Li et al., 2025).
Among others, there are two popular variants for building a VLM as shown in

. One option is to train a completely new model from scratch. The second

option, which is used in many recent VLMs, uses a pretrained LLM as a base for the
VLM, since it already has powerful language understanding and makes a dedicated
text encoder obsolete. Also, the original text decoder of the LLM can often be used
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to generate the text output. In the first variant, which is depicted in , in
addition to the Vision Encoder, a Text Encoder is needed, which embeds the text input
sequence into an embedding space. Then, the text embeddings and visual embeddings
are aligned in a shared latent space. This can be done, for instance, by contrastive
learning (Oord et al., 2019), which captures cross-modal relationships by minimizing the
distance between the visual and text embeddings in the shared space for related image-
text pairs and maximizing the distance for unrelated pairs. The resulting embeddings
are then passed to a Decoder (Li et al., 2025).

The second variant, as visible in , often does not include a dedicated
Text Encoder and instead relies on LLMs with their original Text Decoder for the
text understanding. In comparison to the first variant, this is more efficient, since
the pretrained LLM already contains rich world knowledge, which does not need to
be learned again (Yin et al., 2024). The visual information is incorporated through
projection layers or cross-attention mechanisms. The projector maps the visual features
of the Vision Encoder into compact embedding tokens that are aligned with the text
embeddings of the LLM. This is normally done by an MLP that can be trained jointly with
the rest of the model, including the LLM, to optimize cross-modal objectives. Instead of
complete end-to-end training, other parts of the model, such as the LLM or the Vision
Encoder, can also be frozen to retain pretrained knowledge (Li et al., 2025).

To improve the performance on the downstream tasks, as well as the safety and
reliability of the VLM, an alignment algorithm can be applied to the pretrained VLM.
The goal of such algorithms is to align the generated answers of the VLM closer to
the preferences and values of humans. The general approach is to use Reinforcement
Learning from Human Feedback (RLHF) where a reward model is designed and applied
on the VLM with collected human feedback. This technique has shown great success for
LLMs and has also become one of the most popular and effective methods for aligning
VLMs, although the second visual modality increases complexity (Li et al., 2025).

2.3.2 Pretraining of VLMs

The goal of pretraining a VLM is that the model learns image-text correlation and is able
to perform predictions on visual recognition tasks in a zero-shot setting. There exist
different pretraining objectives which broadly fall into three categories: contrastive
objectives, generative objectives, and alignment objectives (Zhang, Huang, et al., 2024).

Contrastive objectives train the VLM to embed image and text features of the same
sample closely together in the feature space, while maximizing the distance between
image and text features of different samples. This also works only for the image modality,
where the distance of augmentations of one image should be minimized and the distance
from the other samples maximized (Zhang, Huang, et al., 2024).

Generative objectives learn the semantics of images and text by training the model
to generate missing text or image data. It is done by masking out parts of texts or images
and training the model to reconstruct the missing parts (He et al., 2022; Devlin et al.,
2019). This can be done with only the text, only the image, or in a cross-modal fashion
where parts of the text, as well as of the image, are masked and then reconstructed
by the model (Zhang, Huang, et al., 2024).

Alignment objectives introduce a score function that measures the alignment proba-
bility between the text embedding and the image embedding. This function is used in the
loss function of the training, such that the model is optimized to generate embeddings
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that result in the score function being high for embeddings of an image-text pair, and
low for embeddings of unpaired images and texts. This can also be done only for regions
of the image and parts of the text to model local cross-modal correlations in image-
text pairs. Compared to the contrastive objective, the score function of the alignment
objective only models whether two embeddings match or not. It is therefore much
easier to optimize for than to optimize for the contrastive objective. However, the
alignment objective learns little correlation information solely within the vision or
language modality. Subsequently, it is often used as an auxiliary loss in addition to
other pre-training objectives (Zhang, Huang, et al., 2024).

2.3.3 Prompt Engineering

As mentioned in , pretrained LLMs with a sufficient amount of parame-
ters gain the ability of in-context learning. This means that instead of fine-tuning an
LLM for a new task, a natural language instruction can be enough for the model to
perform reasonably well on the new task. Brown et al. (2020) trained GPT-3 with 175
billion parameters and studied the in-context learning abilities of the model. Besides
providing a natural language description of the task without any examples, which is
called zero-shot prompting, they also add some demonstrations of the task to the prompt.
This addition of examples is called few-shot prompting. The number of examples is
limited by the size of the context window of the model. When only one example is
provided, this setting is referred to as one-shot prompting. The advantage of such
prompting strategies is that no task-specific training data or just a small amount is
required. Furthermore, the model does not need to be fine-tuned on the specific task,
which would be computationally expensive (Brown et al., 2020). During their evaluation
Brown et al. (2020) found that, especially in the few-shot setting, models without fine-
tuning can reach performance levels of models specifically fine-tuned for the task. They
also found that the performance improved steadily with a larger model size. Furthermore,
the one-shot and few-shot settings outperformed the zero-shot setting.

Radford et al. (2021) expanded the concept of achieving in-context learning through
the pretraining of large-scale models from LLMs to VLMs. Their model CLIP achieved
competitive results with a fully supervised trained baseline in a zero-shot setting across
different datasets, even outperforming the baseline on 16 of the 27 tested datasets.
Radford et al. (2021) also found that the formulation of the textual prompt affects the per-
formance. The adaptation of the prompt to the specific task is called prompt engineering
and represents a tedious process since even slight changes to the wording of the prompt
can result in large performance differences. Furthermore, even extensive tuning of the
prompt does not guarantee that it is optimal for the task at hand (Zhou et al., 2022).

2.3.4 Fine-Tuning of VLMs

Besides prompt engineering, another possibility to improve the results on a specific
task is to fine-tune a VLM on a task-specific dataset. This can be done with Parameter-
Efficient Fine-Tuning (PEFT), which refers to a broad class of techniques that reconsider
the traditional fine-tuning paradigm by updating only a small subset of model parameters
or by incorporating lightweight task-specific modules. These techniques significantly
reduce memory and computation requirements. There are five categories: Additive
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Fine-tuning, Selective Fine-tuning, Reparameterized PEFT, Hybrid Approaches, and
Mixture-of-Experts-based PEFT (Prottasha et al., 2025).

Additive Fine-tuning adds new, trainable parameters or modules to the existing
architecture. These modules add task-specific information to the pretrained model.
The original parameters are frozen, and thereby the general-purpose knowledge of
the pretrained model is preserved.

Selective Fine-tuning updates only a subset of the original parameters to reduce the
computational requirements while retaining task-specific effectiveness. The important
parameters that should receive training updates are identified based on their contribution
to the task at hand. To determine their contribution, gradient magnitudes, Fisher
information, or sensitivity analysis are commonly used (Prottasha et al., 2025).

Reparameterized PEFT uses lower-dimensional representations of the model param-
eters during the training. During inference, they are mapped back into their original
space. This preserves the model’s abilities while reducing the resources needed for
the fine-tuning. Techniques for the deconstruction of weights into lower-dimensional
representations can be low-rank matrix factorization, tensor decomposition, and sin-
gular value decomposition. A popular example of Reparameterized PEFT is Low Rank
Adaptation (LoRA) (Hu et al., 2022). It freezes an already pretrained weight matrix
W, € R®* and represents the weight update matrix AW € R** with decomposed
matrices A € R™* and B € R*", where r < min(d, k) is the rank. The updated layer
parameters W are then computed by

W = W, + aBA, (2.3)

where « is a scaling factor that determines the strength of the updates. For full fine-
tuning, AW would be computed based on the gradient of all d x k parameters, while
for LoRA only the r x (d + k) parameters of the matrices A and B are computed. This
drastically reduces the memory and computation requirements for the training (Hu
et al., 2022). This makes LoRA and Reparameterized PEFT methods in general especially
useful for fine-tuning large-scale pretrained models (Prottasha et al., 2025). However,
fine-tuning with LoRA can still be affected by overfitting, against which dropout is
applied in the training process (Mao et al., 2024).

The concept of LoRA can, in principle, be applied to any weight matrix. For the
Transformer architecture, the original LoRA paper (Hu et al., 2022) experimented with
applying the concept to the attention layers. Therefore, they tested fine-tuning the
weight matrices W,, Wi, W,, and W,, which linearly transform the query, key, value,
and output vectors. The MLP layers were frozen. They report that adapting only W,
and W,, and leaving the remaining weights frozen, leads to the best performance.

Hybrid Approaches use elements from multiple of the named techniques in combi-
nation to leverage their strengths. They provide flexibility, adaptability, and robustness
for different tasks and can dynamically determine fitting combinations of strategies
for the best performance while being efficient. This dynamic adaptation is particularly
useful for multi-task problem scenarios (Prottasha et al., 2025).

Lastly, Mixture-of-Experts-based PEFT only uses subsets of the parameters for a
given task. A dynamic gating mechanism determines which parts of the model should be
active. Therefore, Mixture-of-Experts-based PEFT is beneficial for multi-task problems
where it reduces unnecessary computation (Prottasha et al., 2025).

PEFT generally enables the fine-tuning of pretrained models in a resource-constrained
environment and preserves the pretrained knowledge of the model. However, all the
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different methods also increase the complexity of the training process and can be
sensitive to newly introduced hyperparameters. This requires extensive experimentation
to obtain optimal results. Furthermore, due to the limited number of updated parameters,
the PEFT methods may struggle with tasks that require a substantial adaptation of the
pretrained model (Prottasha et al., 2025).

2.3.5 CQuantization

To reduce the memory requirements during inference and training of an LLM, quantiza-
tion can be applied. It reduces the precision of the parameters of a matrix multiplication.
For example, the 16 or 32-bit weights of a transformer could be mapped to 8-bit or
even 4-bit precision and therefore reduce the memory requirement to store these
weights. This quantization only leads to minor performance degradations of the LLM
(Dettmers et al., 2022).

A popular quantization method for 8-bit quantization is LLM.int8() that was intro-
duced by Dettmers et al. (2022) It mainly uses absmax quantization, which scales a
16-bit input matrix Xy by ux ” , effectively mapping each input into the 8-bit range
[-127,127]. For the multlphcatlon of an input matrix X, with a weight matrix W s,
Dettmers et al. (2022) propose vector-wise quantization. It works by applying absmax
quantization to each row of Xy, and each column of W ;6. This also results in different
scaling constants for each row of the input and for each column of the weights. The
quantized matrices are denoted by X;s and Ws. c¢x and ¢y denote the scaling constants
for the input and the weights. To dequantize the result matrix, the result of multiplying

.

scaling factor for the i-th row of Xjs and ¢y, the scaling factor for the j-th column of
W;s. This is equivalent to multiplying the result matrix element-wise by the inverse
of the outer product of cx and cy .

Absmax quantization performs poorly if the quantized parameters contain outliers
with a large magnitude, because then a large part of the [—127, 127] range of the 8-bit
precision is unused. Dettmers et al. (2022) find that such outliers systematically occur in
larger LLMs, but also that only around 0.1% of the parameters are outliers. They propose
to exclude them from the quantization process and keep the 16-bit precision for them.
Since there are only a few outliers, this does not significantly increase the memory
requirements while retaining the performance of the quantization for the remaining
parameters. Dettmers et al. (2022) call this mixed-precision decomposition.



Related Work

The SciVQA shared task invites participants to develop multimodal systems for VQA on
scientific charts (Borisova et al., 2025). To support this, the task provides the SciVQA
dataset, which is further explained in . Furthermore, the shared task created
two baselines, one by querying a GPT-4.1 mini model and one by distributing the
test set to five annotators with the task to answer the questions. These baselines are
introduced in more detail in . Other related datasets and benchmarks in
addition to the SciVQA dataset are presented in , and related VQA models
are discussed in . The specific architecture of Qwen2.5-VL and the training
that was performed on it by Bai et al. (2025) is introduced in , as Qwen2.5-VL
is the model that is primarily used in this thesis. The approaches of other SciVQA
participants are detailed in

3.1 SciVQA Dataset

The SciVQA shared task provided a dataset consisting of 3000 images and 7 questions
per image. We refer to the dataset as the SciVQA dataset'. The data originates from
two other datasets. The first source is the SciGraphQA dataset (Li and Tajbakhsh, 2023),
which contains images of scientific charts from Computer Science and Machine Learning
ArXiv papers. The second source is the ACL-Fig dataset that provides scientific charts
from the ACL Anthology. These papers all belong to the domain of computational
linguistics (Karishma et al., 2023).

The images were annotated using the Gemini 1.5 Flash model, and these question-
answer pairs were then manually validated by graduate students with a computational
linguistics background'. There are four different question types in the dataset. Firstly,
there are infinite answer set questions. They are posed in an open manner and can
have any answer, most of the time a value that was read off the chart. Secondly, yes/no
questions, as indicated by their name, can either be answered with yes or no. Thirdly,
multiple-choice questions give four possible answer options. From the four options, one
to four can be correct. Lastly, some questions are unanswerable. The gold answer in
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Figure 3.1: The distribution of the different figure types across the whole SciVQA dataset. In
total, the SciVQA dataset contains 21K samples.

that case is always "It is not possible to answer this question based only on the provided
data." Except for the unanswerable questions, the other question types are again split
into two groups. They are either visual or non-visual questions. Visual means that the
question references visual elements using their size, height, position, color, shape, or
direction. Non-visual questions do not contain any of the six visual aspects. The answers
do not contain an explanation and are generally rather short, with an average length
of 14.3 characters across the whole dataset. Apart from the images with the questions
and answers, the dataset also contains the image captions and further metadata like
the figure type and the number of sub-figures in an image '.

The distribution of figure types is presented in . With 13.9K samples (67%),
by far the largest portion of samples are line charts. Other classical chart types are
represented by scatter plots with 931 samples (4%), bar and pie charts with 658 (3%) and
623 (3%) questions, and box plots with 196 (1%) instances. 1225, so 6% of the samples are
tree diagrams, 777 (4%) graphs, e.g., of finite state machines, 616 (3%) are neural networks,
and confusion matrices contribute 602 (3%) samples. 294 (1%) of the questions correspond
to a compound of different figure types. For instance, figures that contain both a line
chart and a bar chart. In total, 39.3% of the figures contain multiple sub-figures.

The whole dataset is split into a training set, a validation set, and a test set. The
training set contains 15120, the validation set 1680, and the test set 4200 questions. In
each of these subsets, the 7 question subtypes are equally distributed, so there are as
many unanswerable questions as visual multiple-choice or non-visual infinite answer
set questions. The figure types are also roughly equally distributed across the subsets.

3.2 Baselines

To create a technical baseline, the SciVQA task employs few-shot prompting with the
GPT-4.1 mini model. They use five examples, which are dynamically picked for each test
sample. The examples are chosen to match the question type and the figure type of the
current sample. If there are not enough examples where both the question and the figure
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type match, random examples of the same question type are used. Since giving five
unanswerable questions as examples for an unanswerable test sample would reveal the
correct answer, for unanswerable questions, only two unanswerable examples are given
together with 3 random samples with a different question type (Borisova et al., 2025).
However, in a realistic scenario, this setup requires significant prior knowledge about
the question at hand. It assumes that one can perfectly distinguish if it is a yes/no or
infinite answer set question, and more importantly, can accurately detect the figure type
of a given figure. Furthermore, only providing unanswerable questions if the question
is unanswerable and otherwise only using examples of the same question type would
also require the knowledge of whether the question is unanswerable in advance.

The examples are embedded in a system prompt, which details, depending on the
question type, how to answer the question. The user prompt contains, besides the
question and the image, the question type and the caption of the image. Prompting
GPT-4.1 mini with the few-shot setting led to an average F1-Score of 0.7957 across the
ROUGE-1, ROUGE-L, and BERTScore metrics.

For a human baseline, five annotators each receive 840 questions, which they have
not previously seen. They are tasked to answer the questions and are instructed to
produce concise answers and to use the template response for unanswerable questions.
Furthermore, they should state if they do not understand a question, or believe that
none of the given answer options is correct, by responding with "I don’t know". The
human annotators achieve an average F1-Score of 0.8801 (Borisova et al., 2025).

3.3 Other Related Datasets

The SciVQA shared task aligns with the growing research interest in chart-based VQA,
where existing benchmarks such as ChartQA (Masry et al., 2022) have seen performance
plateaus among large VLMs, largely due to limited data diversity. ChartQA, as well
as its successor ChartQAPro (Masry et al., 2025), crawled their chart images from
online platforms and therefore do not match perfectly our context of charts from
scientific papers (Masry et al., 2025). Nevertheless, ChartQA is one of the most popular
benchmarks in chart VQA. It partially contains human-written question-answer pairs
on chart images crawled from Statista, Pew Research, Our World In Data, and the
OECD. The remaining question-answer pairs are generated by fine-tuned T5 models
based on the human-written chart summaries, which were also crawled from the online
platforms. The human-annotated questions are split into visual questions that refer
to visual attributes and compositional questions that include mathematical or logical
operations (Masry et al., 2022). ChartQAPro improved on ChartQA by introducing
more diverse charts from more sources and also including questions with different
question types, such as unanswerable and multiple-choice questions. The ChartQA
dataset largely contains factoid questions based on simple data extraction and simple
arithmetic operations. To create the question-answer pairs, humans first annotated some
question-answer pairs, and these were then used as examples for the VLMs GPT-4o,
Gemini, and Claude, which were prompted to generate five additional question-answer
pairs per example. These generated pairs were then manually verified, leading to a
total of close to 2000 question-answer pairs.
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Besides these datasets with charts from online platforms, SpiQA (Pramanick et al.,
2024) and ArXivQA (Li et al., 2024) have recently been introduced and contain diverse
charts from real-world scientific papers.

SpiQA collects over 25K PDFs from academic research conferences from a variety of
computer science domains and extracts figures and tables from them. In total, the SpiQA
training dataset contains more than 147K questions on figures. These were generated
by Gemini 1.5 pro and then filtered to ensure that each question-answer pair is correct,
concise, and can be answered from the image. This training data was used to fine-tune
an InstructBLIP-7B model (Dai et al., 2023) and a LLaVA-1.5-7B model (Liu et al., 2024),
leading to great improvements compared to their zero-shot performance (Pramanick
et al.,, 2024).

ArXivQA collected papers from ArXiv across various domains such as computer science,
mathematics, physics, and economics. To create the ArXivQA dataset, 35K images
from these papers were sampled. Then GPT-4V was used to generate multiple-choice
questions. This led to 100K question-answer pairs with on average 4.2 answer options
per question (Li et al., 2024).

3.4 Chart-Related VQA Models

Recent progress in the field of VLMs includes models for general vision-related tasks,
such as Qwen2.5-VL (Bai et al., 2025), a successor to Qwen2-VL (Wang, Bai, et al., 2024).
Although Qwen2-VL is not only trained for chart VQA tasks, it has achieved SOTA
results in that field (Li et al., 2025; Masry et al., 2025). As Qwen2.5-VL is the model
that is mainly used in this thesis, its architecture and training are further detailed in

. InternVL3 (Zhu et al., 2025) is another general-purpose VLM and builds
upon the pretrained Qwen2.5 LLM. Zhu et al. (2025) report a performance on chart VQA
tasks that is competitive to Qwen2.5-VL. Besides these open source models, there are also
various closed source VLM models. One of them is Claude 3.5 Sonnet (Anthropic, 2024),
which reaches the highest score on both the ChartQA benchmark and its successor, the
ChartQAPro benchmark (Masry et al., 2025). Claude 3.5 Sonnet was followed by Gemini
2.0 Flash (Google, 2024) and Gemini 1.5 Flash (Georgiev et al., 2024) with the second
and third best performance on the ChartQAPro benchmark. The worst-performing
closed-source model tested by Masry et al. (2025) on the ChartQAPro benchmark was
GPT-40 (OpenAl et al., 2024).

In parallel, a growing number of models have been developed to specifically address
the challenges of chart VQA. ChartLlama (Han et al., 2023), for example, performed fine-
tuning on a curated chart dataset and achieved good results on the ChartQA benchmark.
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 new datasets presented in and 3.3 provide additional training data to
fine-tune VLMs. Li and Tajbakhsh (2023) found a positive correlation between the size of
the training set and the model performance when fine-tuning a LLaVA-13B model (Liu
et al., 2023) for chart VQA on up to 296K samples. 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. They prompted GPT-40 with
multiple prompting strategies and found that, for instance, Chain-of-Thought (CoT)
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prompting (Wei et al., 2022) increased the performance. Masry et al. (2025) also report
performance increases through CoT prompting for GPT-40 and other closed source
VLMs but find that smaller open source VLMs often perform worse when asked to
perform long-form reasoning like CoT. Furthermore, Masry et al. (2025) found that small
models that were specifically trained for chart VQA, such as TinyChart-3B (Zhang, Hu,
et al., 2024) or ChartInstruct-LLama2-7B (Masry et al., 2024), had the lowest performance
on ChartQAPro. Their hypothesis is that these models are overfitted to specific question
types and therefore perform poorly on more general questions.

3.5 Qwen2.5-VL Model Description

This section describes the architecture of the Qwen2.5-VL model (Bai et al., 2025) that
is used primarily in this thesis in . The training process of the model
is subsequently explained in

3.5.1 Architecture of Qwen2.5-VL

The architecture of the Qwen2.5-VL model (Bai et al., 2025) uses an LLM as its foundation,
which is initialized with the pretrained weights of the Qwen2.5 LLM (Yang et al., 2025).
Its pretraining was performed on a dataset with 18 trillion tokens. As a Vision Encoder,
a redesigned ViT architecture is used. A major challenge is the quadratic computational
complexity when dealing with images of varying sizes as inputs. To face this challenge,
only four layers in the architecture employ full Self-Attention, while the remaining
use windowed attention. Therefore, the Vision Encoder resizes an input image to
multiples of 28 and then splits the image into 14 x 14 patches with a stride of 14. In
the windowed attention, each position can only attend to a maximum window size of
112 x 112, which is equal to 8 x 8 patches. This leads to a linear complexity scaling in
the image size instead of a quadratic complexity scaling. Through this architecture,
the model can process images at their original input resolution without unnecessary
scaling or distortion (Bai et al., 2025).

For positional encoding, 2D Rotary Positional Embedding (RoPE) is used, which
encodes relative positional relationships between the image patches. It applies sinusoidal
rotations to the query and key vectors during Self-Attention, based on the position of
each patch in the image (Heo et al., 2025; Bai et al., 2025).

The projector of the Qwen2.5-VL model takes the patch features created by the ViT
and groups spatially adjacent sets of four patch features together and concatenates them.
This concatenation is then passed through an MLP with two layers that projects the
concatenated features into a dimension that aligns with the text embeddings of the LLM.
The outputs of the projector are then fed into the Qwen2.5 LLM Decoder along with
the text input. Finally, the Decoder generates the output text (Bai et al., 2025).

3.5.2 Training of Qwen2.5-VL

In this section, the training process of the Qwen2.5-VL model is presented (Bai et al., 2025).
It was pretrained in three phases. In the first pretraining phase, only the Vision Encoder
was trained from scratch to align it with the LLM and to lay a foundation for multimodal
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understanding. The training data were image captions, visual knowledge (e.g., celebrity
and landmark identification), and Optical Character Recognition (OCR) data.

In the second phase, the whole model was trained on multimodal image data to
improve the model’s capability to process complex visual information. More reasoning-
intensive datasets were used, such as VQA, interleaved data, and multimodal mathemat-
ics datasets. They should enhance the model’s abilities to establish deeper connections
between the visual and the linguistic modality, and therefore improve its performance
on more difficult tasks.

In the third pretraining phase, the reasoning capabilities over longer sequences
should be strengthened. Therefore, the sequence length of the model was increased, and
video and agent-based data were used for the training. This increased the precision of
the model on more advanced multimodal tasks that required long-range dependencies
and complex reasoning (Bai et al., 2025).

After the pretraining, a post-training process consisting of two phases was performed.
During both phases, the weights of the ViT were frozen. First SFT on diverse multimodal
data is applied. The data consists of image-text pairs, video, and pure text. After that,
in the second phase Direct Preference Optimization (DPO) (Rafailov et al., 2023) aligns
the model with human preferences (Bai et al., 2025).

3.6 VQA Models from the SciVQA Task

Besides the models for general VQA on scientific charts, the other participants of the
SciVQA shared task provide a number of different approaches to improve the results
on the SciVQA dataset. shows the leaderboard of the SciVQA task with the
final results of the model that performs best for each team. Bhat et al. (2025) achieved
first place in the competition by including additional context to answer a question.
To do that, they used Retrieval-Augmented Generation (RAG) (Lewis et al., 2020) to
extract text passages from the original paper that correspond to the chart. In total,
three passages were extracted. Firstly, the caption of the chart image, then the text
passage that was most similar to the caption, and lastly, the text passage that was
most similar to the question. These text passages were then given to a fine-tuned VLM
as additional context to answer the question. They also up-scaled the chart images
to double their original dimensions, while preserving the edge sharpness to improve
the image clarity. With this setup, they could improve the results by 2% compared to
a fine-tuned VLM that only had access to the chart and the question. In their final
model, they could improve the results by another 0.49% by including 2500 additional
human-annotated training samples from the ChartQA dataset (Masry et al., 2022) and by
applying post-processing to the generated answers. For answers that provided a range
as an answer (e.g., "between 0.6 and 0.7"), the middle of that range was calculated and
used as the final answer. Unfortunately, no experiments were conducted to determine
whether the performance improvements in the first scenario were due to the image
sharpening or the RAG system, or whether, in the second scenario, it resulted from
the additional training data or the post-processing.

Resulting in the second best result Ventura et al. (2025) fine-tuned Qwen2.5-VL 7B
(Bai et al., 2025) using a CoT prompting strategy. Besides the 7B model variant, they
also fine-tuned a Qwen2.5-VL 72B model with the same configuration, but surprisingly,
the 7B model outperformed the 72B model.
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The third-ranking participants of the SciVQA shared task, Jaumann et al. (2025),
used an approach without fine-tuning a VLM. Instead, they used InternVL3-78B (Zhu
et al., 2025) and prompted it with a one-shot example. This one-shot example was
selected depending on the current question-image pair by filtering the training dataset
for samples with the same figure type and extracting the closest matching example. To
find the most similar example, BLIP-2 (Li et al., 2023) was used to generate embeddings
for the question-image pairs, which could then be compared pair-wise to compute the
cosine similarity. For the returned answer, the confidence was calculated based on the
predicted probability of the generated answer tokens. If this confidence is above 0.9,
the answer is kept. Otherwise, the question is relayed to a different model depending
on the question type. For binary questions, the Pixtral-Large-Instruct-2411" model
is used instead of InternVL3-78B, and two examples are chosen by computing the
similarity of only the question embeddings that were generated using SBERT (Reimers
and Gurevych, 2019). Infinite answer set questions are also relayed to a Pixtral-Large-
Instruct-2411 model with two examples, but the embeddings are now computed again
from the image and the question using CLIP (Radford et al., 2021). Multiple-choice and
unanswerable questions are handled again by InternVL3-78B, but now one example is
chosen based on the embedding of the question computed by SBERT. A problem with
this setup is that it assumes that the question types are given, which is not realistic
in a real-world scenario. Nevertheless, it is impressive that they could reach third
place without fine-tuning a model.

Our system (Schleid et al., 2025), which is the base for this thesis, reached the fourth
position in the SciVQA shared task and is followed by Movva and Marupaka (2025).
Similar to Ventura et al. (2025), they also used CoT prompting but expanded the approach
by first using one prompt to extract the relevant information from the chart and then
querying the VLM a second time to generate an answer based on the retrieved context.
This improved the results in comparison to a single prompt without CoT by 1.1%. They
tried this approach with multiple VLMs, achieving the best results on InternVL3-8B
(Zhu et al., 2025), where the model without multi-step CoT prompting already reached
good results. The second best VLM was Qwen2.5-VL 7B (Bai et al., 2025) where the
multi-step CoT prompting led to substantial improvements of 5.6%.
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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 multiple
experiments to tackle the task. Firstly, we tried zero-shot inference in combination 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’ ( ). Fourth, we expanded the fine-tuning by including the SpiQA
(Pramanick et al., 2024) and ArXivQA (Li et al., 2024) datasets in the training data
( ). Fifth, in reaction to the evaluation results, the infinite answer set questions
in the SciVQA train dataset were manually annotated, and another model was trained on
the updated training dataset ( )- Lastly, to confirm the choice of the modules
targeted in the fine-tuning, different settings were compared ( )-

All 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'.

4.1 Zero-Shot

In the zero-shot prompt experiment, the model is given clear instructions on how to
respond to different types of questions. Suppose the question cannot be answered with
the given information, a desired output is provided to reduce hallucinations. Together,
these basic instructions on the answer format compose the baseline prompt, which
can be seen in the Appendix

A refined prompt provides the model with the caption of the chart as an additional
information source. The system prompt of this refined template also incorporates a role
instruction to prime the model to act as an expert in data analysis. Furthermore, the
prompt encourages the model to answer in a short and precise manner. This refined
prompt is given in Appendix A .2. It is compared against the baseline prompt template
to evaluate the effectiveness of the prompt engineering that led to the refined version.
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4.2 One-Shot

To assess the influence of using one-shot prompting, the refined user prompt is expanded
with an example. If the target question is a multiple-choice question, we align the
example to the target by using a multiple-choice question as an example. Otherwise, an
infinite answer set question is used. The complete one-shot prompt can be seen in the
Appendix in . The multiple-choice example question and the infinite answer
set example question were selected from the training split of the SciVQA dataset to
have one visual and one non-visual question. The specific sample was chosen since it
requires multiple steps to reach the answer. For the infinite answer set question, the
example requires first determining which line corresponds to which category in order
to filter out one category specified in the question. Then it needs to be determined
which of the remaining lines has the maximum value at a specified position on the
x-axis. For the multiple-choice question, it is also necessary to first determine the correct
interval on the x-axis that is specified in the question and then to find the line with
the maximum value in the interval. The goal is to allow the models to recognize and
replicate each sub-step from this single example.

4.3 Fine-tuning Qwen2.5-VL for Scientific VQA

From the PEFT methods explained in , the Reparameterized PEFT method
LoRA was chosen to fine-tune the Qwen2.5-VL models to perform VQA on charts.
Nonetheless, one could create a hybrid Mixture-of-Experts-based model by fine-tuning
one model for each chart type or dedicated models for different question types. However,
to keep it simple and to reduce the number of models that need fine-tuning and, therefore,
also hyperparameter tuning, we decided to focus on fine-tuning one general model.
LoRA excels in such fine-tuning of large-scale models in environments with constrained
computational resources, which makes it ideal for our needs.

Hyperparameter tuning determined the LoRA parameters rank, alpha, and dropout.
The target metric for the hyperparameter tuning was the average of the ROUGE-1,
ROUGE-L, and BERTScore F1-Scores. These metrics are explained more closely in

, and their average also determined the ranking in the SciVQA competition.
The evaluation of the hyperparameter tuning was done on the SciVQA validation split
(1680 questions). Due to the high computational cost, the hyperparameter tuning
is only performed for up to two epochs. After that, the resulting LoRA parameters
are used to train a 32B model for one to four epochs to find the optimal number of
training epochs. Finally, a 7B and a 32B model are trained with the optimal LoRA
parameters for the optimal number of epochs. The original LoRA paper by Hu et al. (2022)
tested which weight matrices should be adapted with LoRA, given a limited budget
of parameters. They achieve the best performance by adapting the W, and the W,
weight matrices that project the queries and values in the attention modules. Therefore,
these are also the weight matrices that receive fine-tuning in our experiments. This
decision is also verified by experimenting with different target modules in the experiment
described in . To further reduce the memory requirements, we use 8-bit
quantization for all experiments. This quantization is performed with the LLM.int8()
method of Dettmers et al. (2022) introduced in . As a loss function,
cross-entropy loss was used, and the optimizer was the AdamW optimizer (Loshchilov
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and Hutter, 2019) with a linear learning rate scheduler and a warm-up ratio of 0.03.
The f, and f, parameters for the AdamW optimizer were the default values of 0.9 and
0.999, respectively. The maximum learning rate is set to 2 x 10™*. A learning rate of
1 x 10~ was also tried but showed inferior results. The effective batch size is 4, since
larger batch sizes exceed the VRAM capacity for the 32B model. For the fine-tuning
of the 7B models, one NVIDIA RTX A6000 (48GB VRAM) GPU was used, and for the
32B model, one NVIDIA A100 (80GB VRAM).

As a prompt template, the refined prompt without a one-shot example was used (see
Appendix A.2) and both hyperparameter tuning and final fine-tuning were performed
on the SciVQA training dataset' (15K questions). The final fine-tuned models were
automatically evaluated on the SciVQA test set, and the 32B variant was additionally
manually evaluated on the SciVQA validation dataset to ensure the correctness of the
evaluation results. The evaluation metrics are explained in more detail in

4.4 LoRA Fine-Tuning with Other Datasets

This section first describes the creation of a combined dataset from SciVQA, ArXivQA,
and SpiQA, and subsequently the fine-tuning of the Qwen2.5-VL 7B and 32B models
with this dataset.

4.4.1 Expanding the SciVQA Dataset

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 that were also
scraped in the SciVQA dataset were excluded.

Furthermore, the SpiQA dataset also contains questions about tables. These questions
were filtered out. To align the remaining SpiQA questions closer to the SciVQA questions,
only questions with answers 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 15.3 characters, and therefore relatively close to the average answer
length of 14.3 characters of the SciVQA dataset. illustrates an example from
the resulting training split of the SpiQA dataset. In addition to classical line charts, SpiQA
also includes special visualizations, such as the colored photograph shown. The answer
“Green.” in demonstrates the shortness of the responses in the SpiQA dataset
but also inconsistencies, as some answers end with punctuation while others do not.

From ArXivQA, only multiple-choice questions with 4 options were kept, since
the multiple-choice questions in the SciVQA dataset also have 4 options. This yielded
61K questions, and one example of these questions is shown in . The format
of the answer option labels was matched to the format used in the SciVQA dataset.
Unfortunately, the ArXivQA dataset does not provide the captions of the crawled images.

The images from both datasets were resized to a maximum of 500K pixels while
preserving the aspect ratio. From these filtered datasets, a test set of 4200 questions was
split off to be available for cross-evaluation later on. It is ensured that the questions in
the test sets do not refer to figures that were also referred to in the training sets. Apart
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Caption:

Qualitative comparison between Learned Random Walker and
Watershed applied on confocal microscopy data. Blue and yellow
areas represent the regions where the Learned Random Walker
outperformed Watershed and vice versa, respectively.

Question:

In the image, what color represents the regions where both the
Learned Random Walker (LRW) and Watershed (WS) algorithms
correctly identified the cell boundaries?

Answer:

Green.

Figure 4.1: A sample from the training split of the filtered and processed
SpiQA dataset.
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Example question from ArXivQA dataset

Image:

1.000F — T
i Composite Field method

s Measures

0.100

3 " Pair-Weighted method %
I e Measures :

0.010

T

1

1

1

1

1

1
=
]
o

e

0.001 E———— N —— . L
0.001 0.010 0.100 1.000
6 [deg]

Question:

What method is shown to have a consistently lower value of w(6)
over the range of 6 depicted?

Answer Options:

A: Composite Field method

B: Pair-Weighted method

C: Both methods show similar values

D: The method cannot be determined from the graph

Answer:

B

Figure 4.2: A sample from the training split of the filtered and processed
ArXivQA dataset.

from that, the samples in the test splits are randomly sampled from the corresponding
datasets. The remaining train splits of the SpiQA and ArXivQA datasets, along with the
SciVQA train dataset, were merged into a combined dataset with 107K questions.

4.4.2 Applying the Combined Dataset for Fine-Tuning

The combined dataset, whose creation was described in Subsection 4.4.1, was used to
fine-tune both the 7B and 32B Qwen2.5-VL models. To ensure a fair comparison of the
results obtained in this experiment with the results from the fine-tuning on the original
SciVQA dataset alone (see Section 4.3), hyperparameter tuning was again performed by
training 7B models on the combined dataset with different training parameters. The
resulting LoRA parameters rank, alpha, and dropout were used both for the 7B and the
32B model variants. The other training parameters and the used GPUs were the same
as described in Section 4.5,
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To explore the effectiveness of the different datasets individually, the data from ArXivQA,
as well as SpiQA, were used separately as training data for Qwen2.5-VL 7B models.
Furthermore, test splits from these datasets were set aside to employ cross-validation
across the different models trained on the different datasets. Both test splits contain 4200
questions. To ensure a fair comparison, hyperparameter tuning was also employed for
the ArXivQA model and for the SpiQA model. Since both the ArXivQA and the SpiQA
datasets are substantially larger than the SciVQA dataset, a subset of 15120 questions
was randomly sampled from both of them and used to train another model for each
dataset. Furthermore, a Qwen2.5-VL 7B model that did not receive fine-tuning was also
prompted in a zero-shot fashion with the questions from the test splits. The results are
presented in

4.5 Improving SciVQA Training Data

Our evaluation showed that the infinite answer set questions, especially the visual
subset of them, pose a major challenge for the models. Furthermore, during the manual
evaluation, some inaccuracies and even errors were found in the golden answers of the
validation set. Motivated by this, all infinite answer set questions of the SciVQA train
split were manually assessed to ensure the correctness and accuracy of the answers.
This resulted in changing 1020 of the 4320 infinite answer set answers. From these 1020
changed answers, 338 belonged to non-visual questions and 682 to visual questions.
In addition, 73 questions were removed since no certain answer could be determined
for the question. We published the improved dataset".

Using this changed training dataset, another Qwen2.5-VL 32B model was trained.
Apart from the training dataset, the same configuration as described in was
employed.

4.6 Fine-Tuning Different Modules

As described in , the original LoRA paper reached its best results by fine-
tuning only the W, and W, weight matrices in the attention layers of the LLM Decoder
(Hu et al., 2022). Therefore, the previously described experiments only fine-tuned these
two modules. This experiment should assess whether fine-tuning a different combination
of modules can lead to superior results. Therefore, in one experiment, in addition to
the W, and W, weight matrices, also the W) and W, weight matrices that project the
keys and outputs in the self-attention modules will be adapted using LoRA. Secondly,
in another experiment, the fine-tuning of all linear modules is tested. This includes
the linear layers in the vision transformer, the projector, and the projection matrices
in the LLM module. For the LoRA parameters, a rank of 64, an alpha of 128, and a
dropout of 0.2 were used. This is the setting that was determined in the hyperparameter
tuning on the SciVQA training set (see ). It has to be noted that during this
hyperparameter tuning, only W, and W, received fine-tuning, which could bias the

2.
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results in favor of these two target modules. The remaining training settings were kept
the same as described in . In both experiments, a 7B and a 32B model are
fine-tuned and evaluated on the validation dataset. In addition, the training time and
the number of parameters that received fine-tuning will be compared.



Evaluation

This chapter presents the results of the experiments that were introduced in .
Therefore, first presents the evaluation metrics employed in the SciVQA
competition and subsequently adopted in this thesis. It also explains how the additional
manual evaluation was conducted and why it was necessary.

Subsequently, evaluates the experiments in order to answer the research
questions from and deal with the impact of
prompt engineering and the influence of a one-shot example, uncovering shortcomings
of the automatic evaluation metrics. The evaluation of the model fine-tuned on the
original SciVQA dataset in results in the best performance among
all experiments. This was also confirmed by a manual evaluation. The results of the
fine-tuning on the combined dataset of SciVQA, ArXivQA, and SpiQA are evaluated
in , Where a decrease in performance in comparison to only fine-
tuning on SciVQA is discovered. also finds a reduction in performance
when fine-tuning on a manually improved version of the SciVQA dataset. A manual
evaluation confirms that although the accuracy on the infinite answer set questions is
increased, the overall accuracy decreases. Finally, assesses the results
on different configurations of target modules for the fine-tuning. It confirms the initial
choice, which was supported by the original LoRA paper, to target the query and
value projection matrices.

In the ablation studies in , cross-validation between the SciVQA, the
ArXivQA, and the SpiQA datasets was performed to gain further insight into the
performance reduction caused by the fine-tuning on a combination of the datasets in

. Furthermore, studies the effect of the training dataset
size and confirms that with an increase in the training dataset size, the performance also
increases. It also suggests that better results might be possible if the SciVQA training
dataset were larger. analyzes the accuracy of the 32B model fine-tuned
on the original SciVQA data per figure type.

Finally, compares the achieved results with the results that other par-
ticipants of the SciVQA shared task achieved.

33
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5.1 Evaluation Metrics

In this section, the evaluation metrics used in this thesis, namely the BERTScore and
ROUGE, are introduced. These were also used in the SciVQA shared task, where the
average of the F1-Scores of the BERTScore, ROUGE-1, and ROUGE-L determined the
leaderboard. Additionally, explains the manual evaluation procedure,
which was necessary as the automatic methods were found to be biased against long
answers. This was a problem if the model did not adhere to the short answer format
of the ground-truth answers.

5.1.1 ROUGE

ROUGE was created as a metric to automatically evaluate the quality of generated
summaries, given a reference summary that could, for instance, have been created by a
human. It includes various methods such as ROUGE-1 and ROUGE-L, which are the
methods used in this thesis.

ROUGE-1 is the simplest metric and measures how many words from the reference
summary are also in the generated output. The original paper that introduced ROUGE
(Lin, 2004) only defined the recall-oriented version of ROUGE-1 as

C tmaC
ROUGE -1, = 22uck SO tmarcn (1) (5.1)

Y. .cr Countg(u)

where R is the reference summary and Countg(u) counts how often the unigram u
occurs in the reference summary. County,(u) is the minimum of the number of
occurrences of the unigram in the generated summary and the number of occurrences
of the unigram in the reference summary.

In this thesis the implementation by Google-Research’ was used, which defines the
ROUGE-1 precision as

Count,, u

ROUGE_lprecision = ZMER atCh( ) (52)
> .er Countg(u)

where Counts(u) is the number of occurrences of a given unigram in the generated

summary.
The ROUGE-1 F1-Score is defined as

2 - ROUGE-1¢cant - ROUGE-1recision
ROUGE-1 recall + ROUGE- 1precision

ROUGE-1y; = (5.3)
Apart from the ROUGE-1 metric, the ROUGE-L metric is used. This measures the longest
common subsequence between the reference and the generated summary. A common
subsequence is defined as a sequence of tokens that occurs in the same order in the
reference summary, but in the reference summary, the sequence can be interrupted
by other tokens. LCS(R, G) is then the length of the longest common subsequence
between the reference summary R and the generated summary G. The recall of the
ROUGE-L metric is then defined as

LCS(R, G
ROUGE-Licca = LCS(R, ) (5.4)
m
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where m is the length of the reference summary. The precision is defined as

_ LCS(R,G)
ROUGE-Lprecision = ————2 (5.5)
n

where n is the length of the generated summary. The equation for the F1-Score of
the ROUGE-L metric is

(1 + ﬁZ) ' ROUGE'LrecaH : ROUGE'Lprecision
ROUGE'LrecaH + ,8 ' ROUGE'Lprecision

ROUGE-L;, = (5.6)

where f is a factor to put more weight on the recall or precision (Lin, 2004). In the
implementation' used in this thesis, f is set to 1, which results in the usual formula
for the F1-Score.

5.1.2 BERTScore

Instead of exact matches, the BERTScore metric, proposed by Zhang et al. (2020),
computes a similarity score between each token in a generated sequence and a reference
sequence. This similarity score is the cosine similarity between the embedded tokens.
To create the token embeddings, a pretrained BERT model (Devlin et al., 2019) is used
to generate contextual embeddings, which can robustly match paraphrases and capture
distant dependencies and ordering. To achieve that, contextual embeddings also take the
surrounding words into account to generate a vector representation for a token. That is,
the same word can have different embeddings in different sentences (Zhang et al., 2020).

Given a tokenized reference sequence x = (xy, ..., X»), contextual embedding vectors
(x1, ..., Xx) are generated for the sequence. Also, the generated sequence x = (xi, ..., X,,)
is mapped to a sequence of embedded vectors (X, ..., X;). Between the embedded vectors,

Ixill 1%;1°
reference token and X; is an embedded token from the generated sequence. Since
the BERTScore uses pre-normalized embedding vectors, the calculation of the cosine
similarity reduces to x;X; (Zhang et al., 2020).

The BERTScore now matches each token in x with a token in x to compute the recall.
This matching is done in a greedy fashion, where each token is matched to the most
similar token in the other sequence. To compute the precision, each token in x is

matched to a token in x. The resulting equations for recall, precision, and F1 score are:

the pairwise cosine similarity can be computed with where x; is an embedded

1 .

RBERT = — Z max X?Xj (57)
| x| o nes
1 .

PBERT = Z max XiTXj (58)
|x| ek X €X

F 2 Pgpr - Rperr (5.9)
BERT Pgerr + Rpgrr '

5.1.3 Manual Evaluation

In the SciVQA dataset, the ground-truth answers are very short, usually only containing
one word or number. The average answer length across the whole dataset is 14.3
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characters. If the long preset answers of the unanswerable questions are excluded, an
answer is on average 4.2 characters long. This is a problem if the models do not generate
answers that adhere to this short format and instead provide long additional explanations
in an unstructured output that prevents the extraction of the actual final answer. For
those long answers, the recall of the ROUGE and BERTScore metrics is capped at one.
The precision, however, reduces drastically since the long generated answer contains
the one word from the ground-truth answer at most a few times, and all other words
reduce the precision value. This leads to bad F1-Scores even if the long answer is correct.

Therefore, especially in the zero-shot and one-shot scenarios where the models have
not adapted the short answer format, another metric is required. After the fine-tuning,
the models provide the answers in the short format required by the dataset. Nonetheless,
to ensure the correctness and interpretability of the results and to enable a comparison
with the results from the zero-shot and one-shot experiments, manual evaluation is
still conducted for the final model fine-tuned on the SciVQA dataset. For this manual
evaluation, one annotator assessed the given answers in the context of the question,
the chart image, and the ground-truth answer and decided if the answer was correct or
not. The formulation of the answer was ignored. For questions that required reading
values from the charts, it was difficult to establish a strict guideline for the required
level of precision due to the diversity of the charts. To increase the quality of the results,
these answers were evaluated rather strictly, such that even some of the ground-truth
answers would have been considered incorrect. If, for instance, the model was asked to
provide the y-value of a data point and it returned the value of the closest y-axis label,
but the data point was clearly between two y-axis labels, the answer was considered
false. Qualitatively, the models usually returned answers for these questions that were
in the region of the correct result, but often not precise enough. The final score of the
manual evaluation is the accuracy of the responses, quantified as:

Number of correctly answered questions

Accuracy = (5.10)

Total number of questions

5.2 Main Results

In the SciVQA competition, the experiments were evaluated using the average of the
F1-Scores of ROUGE-1, ROUGE-L, and BERTScore on the test split of the SciVQA
dataset, which contains 4200 questions. To enable the comparison with the results
of the other participants, the automatically evaluated results of our experiments are
presented in . For the zero-shot and one-shot experiments, but also for the
fine-tuning on the SciVQA data, manual evaluation is additionally employed on the
SciVQA validation dataset (1680 questions).

5.2.1 Zero-Shot

The goal of the zero-shot experiment is to assess the effectiveness of prompt engineering
and to get a baseline for the following experiments. Therefore, the results of a baseline
prompt template are compared against the results with a refined prompt. The evaluation
was done on the SciVQA validation dataset. The average F1-Scores for ROUGE-1,
ROUGE-L, and the BERTScore for the Qwen2.5-VL 7B and 32B models, as well as for
the GPT-40 mini model, are shown in . It is visible that the refined prompt led
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Experiment GPT-40 mini | Qwen 7B | Qwen 32B
Zero-Shot* 0.5435 0.5984 0.5206
One-Shot* 0.6341 0.5986 0.5258
Fine-tuning on SciVQA - 0.8128 0.8361
Fine-tuning + other datasets - 0.7989 0.8272
Fine-tuning on manually - 0.8066 0.8263
labeled SciVQA

Table 5.1: Performance comparison of the Qwen2.5-VL 7B, Qwen2.5-VL 32B, and GPT-40 mini
models on the SciVQA test set (4200 questions) across different learning paradigms: zero-shot,
one-shot, fine-tuning on SciVQA, fine-tuning with additional datasets, and fine-tuning on
the manually improved SciVQA dataset. 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.

* In the zero-shot and one-shot settings, the models did not adhere to the answer format and
therefore gave long answers. This leads to biased results for the automatic evaluation metrics. The
results for the zero-shot and one-shot experiments are only provided to enable a comparison with
other SciVQA participants under the competition’s evaluation protocol, but do not necessarily
reflect the quality of the answers.

| Qwen2.5-VL 7B | Qwen2.5-VL 32B | GPT-40 mini
Baseline Prompt | 0.6148 | 0.4586 | 05045

Refined Prompt ‘ 0.6279 0.5197 0.5460

Table 5.2: Average of the F1-Scores of BERTScore, ROUGE-1, and ROUGE-L across the
Qwen2.5-VL 7B and 32B models and for the GPT-40 mini model in the zero-shot setting with
the baseline and the refined prompt. The evaluation was performed on the SciVQA validation
dataset (1680 questions).

to better results than the baseline prompt for each of the models. However, surprisingly,
the 7B model has the overall best scores. Due to its larger size, one would expect that
the 32B model should outperform the 7B model. Although the size of the GPT-40 mini
model is not public, it is very likely that it is also larger than the 7B Qwen2.5-VL model,
and therefore, one would expect that it reaches better results than the 7B model.
However, taking a closer look at the provided answers revealed that the answers
given by the 32B model with the refined prompt had an average length of 225.2 characters,
while the 7B model only had an average answer length of 39.3 characters. The GPT-40
mini model had an average length of 59.7 characters. In comparison, the validation set
answers only have an average answer length of 14.4 characters. If the unanswerable
questions with their relatively long preset answer are ignored, the average answer
length of the remaining questions in the validation set is reduced to 4.3 characters. As
described in , the automatic evaluation metrics are biased against long
answers. This bias can be seen in our results, as the average answer length of the models
aligns with the automatic performance evaluation, where the 7B model performs the
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Question Type | Qwen25-VL7B | Qwen2.5-VL 32B GPT-40 mini

Base- Re- One- | Base- Re- One- | Base- Re- One-
line fined Shot line fined Shot line fined Shot

Infinite
visual 0.3583 0.4625 0.2167 | 0.5542 0.5625 0.4917 | 0.2000 0.4500 0.3875
non-visual 0.4208 0.6333 0.3792 | 0.7000 0.7500 0.7500 | 0.4583 0.6833 0.6500
Yes/No
visual 0.1875 0.3542 0.2042 | 0.7208 0.7708 0.7833 | 0.3708 0.6625 0.6458

non-visual 0.0875 0.4458 0.2500 | 0.7208 0.7875 0.7583 | 0.4333 0.7125 0.7000

Multiple-Choice
visual 0.7083 0.6708 0.5750 | 0.6958 0.6958 0.6458 | 0.4708 0.5042 0.5042
non-visual 0.6208 0.6542 0.5792 | 0.6750 0.6958 0.6792 | 0.4458 0.5125 0.5667

Unanswerable ‘0.9833 0.8958 0.9917‘0.7125 0.6250 0.6417‘ 0.9208 0.6250 0.7708
Overall ‘0.4810 0.5881 0.4565‘ 0.6827 0.6982 0.6786‘ 0.4714 0.5929 0.6036

Table 5.3: Comparison of the accuracy of the Qwen2.5-VL 7B and 32B models, and the GPT-40
mini model across the zero-shot setting with the baseline and the refined prompt and in the
one-shot setting. The evaluation was done manually on the SciVQA validation dataset (240
questions per type). The answer format is not taken into account.

best, followed by GPT-40 mini, and the 32B model performs the worst. Therefore, as
long as the models do not adhere to the answer format, manual evaluation is required
to ensure the correctness of the evaluation results.

The results of this manual evaluation on the SciVQA validation dataset are shown
in . They confirm that the refined prompt leads to performance improvements
across all models compared to the baseline prompt. The largest increase can be seen
for the GPT-40 mini model, where the results with the refined prompt are improved by
25.8% relative to the baseline prompt. For the Qwen2.5-VL 7B model, the improvements
are also substantial with an increase of 22.3%. For the overall best-performing model,
the Qwen2.5-VL 32B model, the accuracy gains achieved by the refined prompt are not
as big. The improvement is with 2.3%, much smaller than for the other models. For
the 32B model, the baseline prompt even leads to better results on the unanswerable
questions, but the refined prompt works better on the remaining question types.

Another notable finding that the manual evaluation reveals is that the Qwen2.5-VL
32B model achieves the best results by a significant margin. With the refined prompt
template, it reaches an accuracy of 0.698, which corresponds to a relative increase of
17.8% in accuracy compared to the GPT-40 mini model with the refined template. The 7B
model actually performs the worst with an accuracy of 0.588. These results fit with the
assumption that the larger model size of the 32B model leads to better results than the 7B
model. However, it is surprising that GPT-40 mini performs so poorly compared to the
32B model. A possible explanation for this could be that the pretraining of the Qwen2.5-
VL models focused on visual inputs, as it is explicitly a model made for vision tasks,
while GPT-40 mini might only have had a relatively small fraction of its pretraining
data dedicated to visual inputs and focused more on solely language-based tasks.

Taking a closer look at the results per question type reveals that the Qwen2.5-VL 7B
model, in general, and GPT-40 mini with the baseline prompt, have a strong accuracy
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on unanswerable questions but perform very poorly on infinite answer set and yes/no
questions. The 7B model with the baseline prompt stated that 857 of the 1680 questions
would be unanswerable. In fact, the validation set contains 240 unanswerable questions.
410 of the questions that were marked as unanswerable were yes/no questions. This
explains the very poor performance on this question type. With the refined prompt,
the 7B model still marked 574 questions as unanswerable, but this reduction led to an
improvement of the results on the infinite answer set and yes/no questions. GPT-40 mini
with the baseline prompt marks 733 questions as unanswerable. With the refined prompt,
this is significantly reduced to 207, which leads to a drop in the accuracy on unanswerable
questions but also to massive improvements on the infinite answer set and yes/no
questions, subsequently resulting in the 25.8% improvement in the overall accuracy.
Although the improvement on the Qwen2.5-VL 32B model is with 2.3% only modest,
the refined prompt led to massive accuracy gains on the 7B and GPT-40 mini models.
Overall, these results highlight that while the benefits of prompt engineering depend
on the underlying model, it remains a powerful tool for improving performance. The
manual evaluation also confirmed that the average of the F1-Scores as an evaluation
metric is not applicable as long as the models do not adhere to the answer format and
provide long answers. Nonetheless, the automatically evaluated results on the test set
are reported in to provide the complete evaluation results. This enables a
comparison with the results of the other SciVQA participants under the evaluation
protocol of the SciVQA competition, although they do not reflect the true performance
of the models. Due to the time-intensive nature of manually evaluating the answers and
the larger size of the test set, the manual evaluation is limited to the validation set.

5.2.2 One-Shot

Adding a one-shot example to the refined prompt still does not cause the model to
answer with just the result without any explanation. For the GPT-40 mini model, the
one-shot prompt actually resulted in a decrease of the average answer length from 59.7
to 33.9 characters on the validation dataset. However, for the Qwen2.5-VL 7B and 32B
models, the one-shot template led to an increase in the average answer length from 39.3
to 42.6 and from 225.2 to 445.3 characters, respectively. Therefore, again, the results need
to be manually evaluated to ensure correctness. The results of this manual evaluation
on the SciVQA validation dataset can be seen in . The table does not show
unambiguous results on the effectiveness of adding a one-shot example. For the Qwen2.5-
VL 7B model, the accuracy drops significantly from 0.588 to 0.457. The performance is
also reduced for the 32B model, but the drop from 0.698 to 0.679 is smaller. On the other
hand, for the GPT-40 mini model, a slight increase in accuracy can be noticed. However,
the improvement is with 1.07 percentage points only small and still the 32B model in the
zero-shot setting vastly outperforms the GPT-40 mini model with the one-shot example.
Looking at the automatic evaluation metrics in shows that the average of the
F1-Scores improved a lot more for the GPT-40 mini model, increasing from 0.544 to
0.634 on the test set. The same can be observed on the validation dataset, where the
average F1-Score of the GPT-40 mini model increases from 0.546 to 0.635. Together with
the reduction of the average answer length for the GPT-40 mini model, this suggests
that the model was able to extract the answer format through the one-shot example, but
the actual answer quality, in terms of correctness, is only slightly increased. Notably,

shows that the performance gains of GPT-40 mini are mainly attributable to the
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unanswerable questions, where the accuracy was improved by 14.6 percentage points.
The results on non-visual multiple-choice questions also improved by 5.4 percentage
points. On the other hand, the accuracy on yes/no and infinite answer set questions
worsened with the one-shot prompt. This is surprising since the one-shot example was
a visual multiple-choice question if the question was a multiple-choice question and a
non-visual infinite answer set question otherwise. Therefore, instead of the observed
decrease, an increase in accuracy would have been expected for these question types.

For the 7B model, the one-shot prompt led to 861 of the 1680 questions being
answered as unanswerable. For the refined zero-shot prompt, it marked 574. This leads
to even poorer results on infinite answer set questions and yes/no questions, as visible
in . For the Qwen2.5-VL 32B model, the overall loss in accuracy originates
from a worse accuracy on visual infinite answer set questions and a slightly reduced
performance on multiple-choice questions. Again, this is unexpected since the example
in the one-shot prompt is an infinite answer set or multiple-choice question, depending
on the question type, but still the performance on those question types is reduced.

In summary, the success of providing a one-shot example seems to depend on
the underlying model. GPT-40 mini seems to be capable of overall gaining some
insights from the examples, although it also reduces the performance on some question
types. For the Qwen2.5-VL models, the one-shot prompt reduces the performance.
Therefore, in the remaining experiments with the Qwen2.5-VL models, the refined
zero-shot prompt is used.

0,844
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Figure 5.1: Average of the F1-Scores of BERTScore, ROUGE-1, and ROUGE-L across one to
four training epochs for fine-tuning Qwen2.5-VL 32B with LoRA rank = 64, alpha = 128,
dropout = 0.2. The fine-tuning was performed on the SciVQA train split, and the evaluation was
done on the SciVQA validation dataset (1680 questions).

5.2.3 Fine-Tuning with the Original SciVQA Dataset

This section evaluates the effectiveness of fine-tuning the Qwen2.5-VL models on the
SciVQA training dataset. As described in , before the final fine-tuning,
hyperparameter tuning was employed first to determine the optimal LoRA parameters.
After the fine-tuning, the models adhere to the answer format of the dataset. For instance,
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‘ Train Epochs: 1 Train Epochs: 2
r a d \BERT R-1 R-L  Avg. | BERT R-1 R-L Avg.

16 16 0.1]0.9814 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 0109815 07259 0.7250 0.8108 | 0.9825 0.7323 0.7313 0.8154
16 32 02| 09511 [O7188107178110:8059) 09517 [O790N0FI83108063]
32 32 0.1 09811 0.7288 0.7281 0.8127 | 0.9810 0.7330 0.7323 0.8155
32 32 0.2]0.9821 0.7271 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 07301 0.7288 0.8133 | 0.9810 0.7347 0.7337 0.8165
64 64 0.109817 0.7318 0.7310 0.8149 | 0.9828 0.7435 0.7425 0.8230
64 64 0209823 0.7400 0.7391 0.8205 | 0.9819 0.7427 0.7420 0.8228
64 128 0.1|0.9805 0.7315 0.7307 0.8156| 0.9811 0.7316 0.7304 0.8144
64 128 0.2| 0.9826 0.7388 0.7378 0.8197 | 0.9822 0.7452 0.7437 0.8237
128 128 0.1|0.9823 0.7401 0.7392 0.8205 | 0.9827 0.7434 0.7425 0.8228
128 128 0.2 0.9821 0.7376 0.7367 0.8188 | 0.9819 0.7437 0.7427 0.8228
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[10.9799] 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 0.2 0.9825 0.7249 0.7236 0.8103 | 0.9818 0.7359 0.7348 0.8175

Table 5.4: 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 1074, and the learning rate scheduler was linear. As the training
dataset, the SciVQA train split was used. The metrics are the F1-Scores of BERTScore, ROUGE-1,
ROUGE-L, and their average.

the average answer length of the final fine-tuned 32B model on the SciVQA validation
dataset is, with 14.45 characters, nearly identical to the actual average answer length of
the validation dataset (14.42 characters). Therefore, the bias of the automatic evaluation
metrics against long responses no longer degrades the quality of the results, and the
automatic metrics can be used for hyperparameter tuning.

The results of the hyperparameter tuning, which was performed on the Qwen2.5-VL
7B model with the SciVQA training dataset, can be seen in . As visible, the best
performance after two training epochs was reached by setting the rank to 64, alpha to
128, and dropout to 0.2. To ensure that the performance peaks after two training epochs,
a Qwen2.5-VL 32B model was fine-tuned on one to four epochs with the determined
LoRA parameters. shows that the performance indeed reaches its maximum
after two training epochs, possibly due to overfitting in later epochs. Therefore, the
7B and 32B models that were fine-tuned for two epochs with the LoRA parameters
rank = 64, alpha = 128, and dropout = 0.2 are evaluated on the SciVQA test set.

The described fine-tuning solely on the SciVQA dataset led to the best result we
could achieve across our experiments. As visible in , the Qwen2.5-VL 32B
model reached an average F1-Score of 0.836. The expected superiority of the 32B model
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Question Type Qwen 32B Fine-tuned
zero-shot Qwen 32B

Infinite

visual 0.5625 0.5458

non-visual 0.7500 0.7500
Yes/No

visual 0.7708 0.8000

non-visual 0.7875 0.8167
Multiple-Choice

visual 0.6958 0.7583

non-visual 0.6958 0.6958
Unanswerable | 0.6250 | 0.9792
Overall | 0.6982 | 0.7637

Table 5.5: Manual evaluation of results obtained for the Qwen2.5-VL 32B model, first in the
zero-shot setting with the refined prompt and secondly fine-tuned for two epochs on the training
split of the SciVQA dataset (15K questions). 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.

is also evident here, as it outperformed the fine-tuned 7B variant by 0.023. The GPT-40
mini models, which did not receive fine-tuning, were also substantially outperformed
by a margin of 0.202.

Nonetheless, to ensure the correctness of the evaluation results and to enable
comparability against the results from the zero-shot and one-shot experiments, the
results of the fine-tuned 32B model on the SciVQA validation dataset are manually
evaluated. This also improves the interpretability of the results, as the accuracy conveys
the answer quality much more clearly than the average of F1-Scores of the automatic
metrics. shows the fractions of correctly answered questions for the 32B model
that was fine-tuned for 2 epochs and compares it against the 32B model that is prompted
with the refined prompt in the zero-shot setting. These results show the effectiveness of
domain-specific fine-tuning, which led to a substantial improvement of 9.4% compared
to the zero-shot prompting. A significant improvement was observed for unanswerable
questions, suggesting that fine-tuning may have reduced hallucinations and helped
the model to estimate when not to answer. In the zero and one-shot settings, an
improvement on the unanswerable questions typically led to a performance reduction
on the yes/no and infinite answer set questions. For the visual infinite answer set
questions, this reduction is actually given, although it is relatively small. However, on
the yes/no questions, the performance is improved compared to the zero-shot scenario.
Another substantial increase in accuracy can be observed for the visual multiple-choice
questions, improving from 0.696 to 0.758. Additionally, there is 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
for the yes/no questions, and the opposite is true for multiple-choice questions. This
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observation led to the evaluation of the accuracy of the model after fine-tuning it on
training data, where the infinite answer set questions were manually improved with
respect to their correctness and precision in

‘ Train Epochs: 1 Train Epochs: 2
r a« d|BERT R1 RL Avg |[BERT R-1 RL Avg

16 16 0.1]| 0.9801 0.7142 0.7137 0.8027 | 0.9792 0.7069 0.7061 0.7974
16 16 0.2] 09798 0.7179 0.7172 0.8050 | 0.9811 0.7238 0.7229 0.8093
16 32 0.1] 09811 0.7177 0.7166 0.8051 | 0.9806 0.7084 0.7077 0.7989
16 32 0.2] 0.9810 0.7177 0.7169 0.8052 | 0.9821 0.7227 0.7216 0.8088
32 32 0.1]0.9804 0.7222 0.7215 0.8080 | 0.9811 0.7233 0.7224 0.8090
32 32 0.2) 09798 0.7256 0.7247 0.8101 | 0.9812 0.7220 0.7210 0.8081
32 64 0.1] 09811 0.7178 0.7170 0.8053 | 0.9828 0.7128 0.7117 0.8025
32 64 0.2] 09798 0.7117 0.7109 0.8008 | 0.9804 0.7174 0.7164 0.8047
64 64 0.1| 0.9810 0.6922 0.6913 0.7882 | 0.9834 0.7288 0.7277 0.8133
64 64 0.2] 09812 0.7231 0.7220 0.8088 | 0.9810 0.7202 0.7190 0.8067
64 128 0.1 0.9809 0.7095 0.7085 0.7996 | 0.9823 0.7206 0.7201 0.8077
64 128 0.2] 0.9804 0.7140 0.7133 0.8026 | 0.9812 0.7114 0.7101 0.8009
128 128 0.1 0.9792 0.7141 0.7133 0.8022 | 0.9818 0.7147 0.7140 0.8035
128 128 0.2 0.9799 0.7035 0.7025 0.7953 | 0.9811 0.7146 0.7139 0.8032
128 256 0.1 0.9778 0.6983 0.6980 0.7914 | 0.9817 0.7243 0.7234 0.8098
128 256 0.2 0.9792 0.7005 0.6991 0.7929 | 0.9830 0.7225 0.7218 0.8091
256 256 0.1] 0.9795 0.7038 0.7034 0.7956 | 0.9799 0.7142 0.7135 0.8025
256 256 0.2] 0.9803 0.7069 0.7060 0.7978 | 0.9807 0.7124 0.7118 0.8017

256 512 0.1 | 0.9777 0.9774 0.6623 0.6614 0.7670

256 512 0.2 0.6825 0.6816 0.7802 | 0.9779 0.6975 0.6967 0.7907
Table 5.6: Evaluation with the SciVQA validation dataset (1680 questions) on the Qwen2.5-VL 7B
model that was fine-tuned on the combined training datasets of SciVQA, SpiQA, and ArXivQA
with the different hyperparameters LoRA rank, alpha, and dropout. The learning rate was always

2x 1074, and the learning rate scheduler was linear. The metrics are the F1-Scores of BERTScore,
ROUGE-1, ROUGE-L, and their average.

5.2.4 Fine-Tuning with Other Datasets

As explained in , for the fine-tuning of the Qwen2.5-VL models on
the combined dataset, hyperparameter tuning was again performed by fine-tuning
7B models on the combined dataset with different training parameters. As visible in
, the best results were achieved by training for two epochs with a rank of 64,
an alpha of 64, and a dropout of 0.1. These parameters were used to fine-tune both
the 7B and the 32B variants. The results of this fine-tuning are visible in
They show that adding more training data from the SpiQA (Pramanick et al., 2024) and
ArXivQA (Li et al., 2024) datasets resulted in scores of 0.799 for the Qwen2.5-VL 7B
model and 0.827 for the 32B model. It therefore reduced the performance in comparison
to the models fine-tuned only on the SciVQA dataset. The reason for that is not clear,
and further studies are needed to explain the performance drop. A possible hypothesis
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Question Type Combined SciVQA
Dataset
Infinite
visual 0.6572 0.6878
non-visual 0.7879 0.7877
Yes/No
visual 0.8110 0.8527
non-visual 0.8471 0.8611
Multiple-Choice
visual 0.7931 0.8227
non-visual 0.8105 0.7821
Unanswerable | 0.9653 | 0.9669
Overall | 0.8103 | 0.8230

Table 5.7: 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. The evaluation was done
on the SciVQA validation dataset (1680 questions). Each question type contains 240 questions.

could be 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). This
could mean that the ArXivQA dataset could potentially reduce the performance on the
SciVQA test split. In , a cross-validation across the SciVQA, ArXivQA,
and SpiQA datasets is performed. It showed that fine-tuning solely on ArXivQA or
SpiQA does not greatly improve the results in comparison with a Qwen2.5-VL 7B model
that did not receive fine-tuning. Training on the whole ArXivQA dataset even harms
the performance. This supports the hypothesis that the domains of ArXivQA and SpiQA
are too different from the SciVQA dataset to improve the results.
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
. Using only SciVQA as training data led to a better score on most question
types. On non-visual infinite answer set questions, the results of the model trained on the
combined dataset are minimally better than those of the model fine-tuned exclusively on
SciVQA. For non-visual multiple-choice questions, the score of the model trained on the
combined dataset is, with a difference of 0.0284, notably higher. However, fine-tuning
on the combined dataset leads to a 0.0296 worse score than fine-tuning solely on SciVQA
for visual multiple-choice questions. Possibly, the combined dataset contains mostly
non-visual questions, and therefore, the results on visual questions are worse.

5.2.5 Fine-Tuning with Manually Labeled Infinite Answer Set Ques-
tions
As described in , all infinite answer set questions in the training split of

the SciVQA dataset were manually labeled, and the updated training data was used to
fine-tune a Qwen2.5-VL 32B model. To assess whether manually labeled training data
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Question Type ‘ Orig. data ‘ Man. labeled data

Infinite
visual 0.5458 0.5542
non-visual 0.7500 0.7833
Yes/No
visual 0.8000 0.7875
non-visual 0.8167 0.8125
Multiple-Choice
visual 0.7583 0.7375
non-visual 0.6958 0.6958
Unanswerable | 09792 | 0.9542
Overall | 07637 | 0.7607

Table 5.8: Manual evaluation of results obtained from fine-tuning two Qwen2.5-VL 32B models
for two epochs, first on the original SciVQA training data, and secondly on the SciVQA training
data with manually labeled infinite answer set questions. 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.

actually improved the accuracy of the answers, and given that parts of the validation
and test splits of the SciVQA dataset also contain inaccuracies, the results were manually
evaluated on the validation split. The results are compared with the 32B model trained
on the original SciVQA training split in . Surprisingly, overall, the accuracy of
the model fine-tuned on the manually labeled data is reduced slightly by 0.3 percentage
points compared to the model fine-tuned on the original SciVQA data. But the accuracy
on only the infinite answer set questions is noticeably improved by using the manually
labeled training data. On visual questions, the accuracy is improved by 0.84 percentage
points, and on non-visual questions, even by 3.33 percentage points, which is quite
a substantial increase. These improvements are expected since the training data for
these question types were manually reviewed and improved. However, the results
on all other question types got worse when adapting the infinite answer set training
data. Especially on unanswerable questions, the accuracy drops by 2.5 percentage
points from 0.9792 to 0.9542. This is even more surprising, given that 73 questions
that could not be certainly answered but were labeled as answerable were removed
during the manual labeling. Therefore, using the original training data, the model
was sometimes encouraged to try to answer unanswerable questions. Notably, the
accuracy on the visual questions is impaired stronger than the accuracy on the non-
visual questions. For yes/no questions, the accuracy dropped by 1.25 percentage points
for visual questions and only by 0.42 percentage points for non-visual questions. On
multiple-choice questions, the difference is even larger, with a 2.08 percentage point
decrease on visual questions, while the accuracy on non-visual questions was the same
for both models. The reason for this pattern is unknown.
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Fine-tuned modules | Average F1-Score | Training Time | #Trained Parameters

Qwen2.5-VL 7B

Wq, W, 0.8237 6.5h 20M
W,, Wy, Wi, W, 0.8314 6.4h 40M
all linear modules 0.6717 11.7h 207M

Qwen2.5-VL 32B

Wq, W, 0.8460 14.9h 67M
Wq, W,, Wi, W, 0.8390 16.8h 134M
all linear modules 0.6810 21.5h 583M

Table 5.9: The average of the F1-Scores of BERTScore, ROUGE-1, and ROUGE-L on the validation
split of the SciVQA dataset and the number of trained parameters and the training time when
adapting different modules of the Qwen2.5-VL 7B and 32B models. The models are all fine-tuned
on the SciVQA training dataset for two epochs.

5.2.6 Fine-Tuning Different Target Modules

The goal of this experiment was to test whether fine-tuning different parts of the VLM
than proposed by the LoRA paper by Hu et al. (2022) could improve the results. As
shown in for the Qwen2.5-VL 7B model, adapting the weight matrices W, W,,
Wi, and W, with LoRA actually outperformed fine-tuning only W, and W,. Surprisingly,
the measured training time was also slightly lower. This is unexpected since the number
of trained parameters is doubled since twice as many parameters are added by LoRA.
Still, for this setting where the four projection modules of the LLM in the 7B model
receive fine-tuning, only 0.48% of all parameters receive weight updates. Therefore,
the runtime is dominated by the forward and backward passes through the frozen
parameters. The runtime difference is therefore likely caused by minor, uncontrollable
variations in the training environment.

Adding LoRA adapters to all linear layers and therefore also adapting layers in the
vision transformer and in the projector leads to much worse results. For this setup,
the training times also increased significantly.

For the 32B model, adapting the W, and W, modules still leads to the best results,
confirming the choice of this training setting. Noticeably, the training times are also as
expected for the 32B model, since adapting the W, and W, modules took the least time.

5.3 Ablation Studies

In this section, further experiments were conducted. performs a cross-
validation between the SciVQA, ArXiv, and SpiQA datasets to further explain the worse
results when training on a combination of these datasets in comparison to training
only on the SciVQA dataset. As this experiment showed that using fewer samples from
the ArXivQA dataset leads to better results on the SciVQA test set,

investigates the relationship between the number of training samples from the SciVQA
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dataset and the performance. provides the manual evaluation results
of the fine-tuned 32B model, detailing the accuracy for each figure type.

5.3.1 Cross-Validation with Different Datasets

As described in , the ArXivQA and SpiQA datasets were also individually
used to fine-tune a model each. Then, cross-validation with the different trained models
across the test sets of the different datasets was performed. To perform a fair comparison,
hyperparameter tuning was performed for the models trained on the ArXivQA and
SpiQA datasets in the same way as it was done for the SciVQA dataset in . The
results are visible for ArXivQA in and for SpiQA in . The decision
which hyperparameters would be used was again based on the average of the F1-Scores
of the BERTScore, ROUGE-1, and ROUGE-L. For ArXivQA, this meant to fine-tune a
Qwen2.5-VL 7B model with a LoRA rank of 16, an alpha of 32, and a dropout of 0.1 for
one epoch. For SpiQA, a rank of 128, an alpha of 256, and a dropout of 0.1 led to the
same maximum average F1-Score of 0.6959 for both training durations of one and two
epochs. In the cross evaluation, the model that was trained for two epochs was used.
The same hyperparameters were used to train a model for subsets of the two datasets,
which contained 15120 questions each.

The trained models are evaluated on the test splits of all three datasets. For com-
parison, the base Qwen2.5-VL 7B model without fine-tuning is also added.
shows the results. As expected, for each test dataset, the model that was trained on
the corresponding training dataset reaches the best results. On the SciVQA test split,
the model trained on the full SpiQA dataset reaches a score of 0.694 and therefore
outperforms the ArXivQA models, which only reached 0.676 when trained on the subset
of ArXivQA. This makes sense since the ArXivQA dataset consists of multiple-choice
questions, while the SpiQA dataset contains a mixture of question types, including
infinite answer set, yes/no, but also multiple-choice questions. Therefore, the SpiQA
dataset is overall more similar to the SciVQA dataset than the ArXivQA dataset. More
surprisingly, the model that was trained on the full ArXivQA dataset performed 0.028
worse than the model trained on the subset. Furthermore, the Qwen2.5-VL model that
did not receive fine-tuning also reaches, with a score of 0.666, a better result than the
model trained on the complete ArXivQA dataset. Possibly, the fact that all multiple-
choice questions in the ArXivQA dataset have only one correct answer inhibits the
ability of the ArXivQA model to answer with multiple answers to the multiple-choice
questions in the SciVQA dataset, where multiple answers can be correct. Analyzing the
data revealed that the ArXivQA model responded only 22 times with multiple answer
options, while the model without fine-tuning answered 197 times with multiple options.
The SciVQA test split contains 162 multiple-choice questions where multiple answers
are correct. Though with this hypothesis, one would expect that the model trained
on the subset of ArXivQA also performs worse than the model without fine-tuning,
but this is not the case. Potentially, one could speculate that the fine-tuning on 15120
samples was enough to improve the question answering abilities of the model, but to
prevent the model from answering with more than one option, even though the system
prompt states that multiple answers can be correct, more training samples are needed.
Although the SpiQA score on the SciVQA test split is higher than the score of the model
without fine-tuning, the difference of 0.028 is not large. This could further explain why
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‘ Train Epochs: 1 Train Epochs: 2
r a d|[BERT R-1 R-L Avg [BERT R-1 RL Avg

16 16 0.1] 0.9435 0.5067 0.5015 0.6506 | 0.9556 0.5340 0.5306 0.6734
16 16 0.2] 0.9526 0.5449 0.5410 0.6795| 0.9320 0.4772 0.4718 0.6270
16 32 0.1] 0.9564 0.5477 0.5443 0.6828 | 0.9266 0.4587 0.4542 0.6132
16 32 0.2] 0.9545 0.5326 0.5284 0.6718 | 0.9497 0.5191 0.5156 0.6614
32 32 0.1] 09511 0.5240 0.5200 0.6650 | 0.9542 0.5369 0.5328 0.6747
32 32 0.2] 0.9420 0.5040 0.4984 0.6481 | 0.9485 0.5203 0.5163 0.6617
32 64 0.1 0.9531 0.5342 0.5307 0.6727 | 0.9500 0.5251 0.5215 0.6656
32 64 0.2] 0.9452 0.5080 0.5050 0.6527 | 0.9476 0.5247 0.5220 0.6647
64 64 0.1] 09541 0.5353 0.5328 0.6741 | 0.9544 0.5281 0.5253 0.6693
64 64 0.2] 09439 0.5109 0.5075 0.6541 | 0.9539 0.5387 0.5356 0.6761
64 128 0.1] 0.9537 0.5399 0.5361 0.6766 | 0.9543 0.5322 0.5294 0.6720
64 128 0.2| 0.9562 0.5379 0.5349 0.6763 | 0.9556 0.5374 0.5351 0.6760
128 128 0.1| 0.9565 0.5406 0.5373 0.6781 | 0.9533 0.5436 0.5394 0.6788
128 128 0.2 0.9543 0.5402 0.5365 0.6770 | 0.9530 0.5443 0.5416 0.6797
128 256 0.1] 0.9533 0.5385 0.5351 0.6756 | 0.9380 0.4965 0.4924 0.6423
128 256 0.2 0.9545 0.5343 0.5312 0.6733 | 0.9541 0.5354 0.5323 0.6739
256 256 0.1] 0.9450 0.5126 0.5099 0.6559 | 0.9354 0.4975 0.4942 0.6424
256 256 0.2] 0.9540 0.5342 0.5313 0.6732 | 0.9433 0.5077 0.5038 0.6516
256 512 0.1] 0.9455 0.4821 0.4790 0.6355| 0.9453 0.5104 0.5072 0.6543

256 512 0.2] 0.8986 0.3258 0.3203 0.5149 | 0.9075 0.3906 0.3860 0.5613

Table 5.10: Evaluation with the SciVQA validation dataset (1680 questions) on the Qwen2.5-VL 7B
model that was fine-tuned on the ArXivQA training dataset with the different hyperparameters
LoRA rank, alpha, and dropout. The learning rate was always 2 x 10%, and the learning rate
scheduler was linear. The metrics are the F1-Scores of BERTScore, ROUGE-1, ROUGE-L, and
their average.

the model that was fine-tuned on the combination of all three datasets performed worse
than the model fine-tuned only on SciVQA in .

For the ArXivQA test split, the fraction of correctly answered questions can easily be
determined since the test split only contains multiple-choice questions with one correct
answer. Therefore, the fraction of exactly matching answers is identical, apart from a
few exceptions, to the fraction of correctly answered questions. The few exceptions
were manually verified by checking all responses that did not contain only a single
character. The result shows that the SciVQA model slightly outperforms the SpiQA
model. Here again, the model trained only on the subset of the SpiQA dataset performs
a bit better than the model fine-tuned on the full SpiQA dataset. This does not align with
the expectation that more training data would lead to better results. For the ArXivQA
test split, both the fine-tuning on the SciVQA dataset as well as on the SpiQA dataset
improved the results.

Interestingly, on the SpiQA test split, the ArXivQA model reaches significantly
better F1-Scores than the SciVQA model, even though the ArXivQA model only contains
multiple-choice questions. Still, all fine-tuned models reach substantially higher scores
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‘ Train Epochs: 1 Train Epochs: 2
r a d|[BERT R-1 R-L Avg [BERT R-1 RL Avg

16 16 01| 09350 [OSSZBNUSLETINUGRGB] 09%1 [OSI2EOSLEBI0G6S9)

16 16 0.2| 0.9408 0.5537 0.5503 0.6816 | 0.9385 0.5468 0.5424 0.6759
16 32 0.1 0.9406 0.5559 0.5522 0.6829 | 0.9363 @ 0.5405 0.5365 0.6711
16 32 0.2] 0.9369 0.5449 0.5407 0.6741 | 0.9342 0.5357 0.5316 0.6672
32 32 0.1]0.9394 0.5520 0.5481 0.6798 | 0.9353 0.5409 0.5365 0.6709
32 32 0.2)0.9385 0.5490 0.5453 0.6776 | 0.9352 0.5385 0.5343 0.6693
32 64 0.1)0.9394 0.5590 0.5553 0.6846 | 0.9374 0.5480 0.5446 0.6767
32 64 0.2)| 0.9410 0.5622 0.5583 0.6872 | 0.9389 0.5539 0.5493 0.6807
64 64 0.1] 0.9400 0.5607 0.5572 0.6860 | 0.9364 0.5555 0.5512 0.6810
64 64 0.2] 0.9390 0.5641 0.5604 0.6879 | 0.9357 0.5505 0.5466 0.6776
64 128 0.1] 0.9351 0.5516 0.5481 0.6783 - 0.5498 0.5458 0.6763
64 128 0.2| 0.9401 0.5561 0.5525 0.6829 | 0.9383 0.5534 0.5498 0.6805
128 128 0.1 0.9399 0.5662 0.5629 0.6897 | 0.9378 0.5574 0.5535 0.6829
128 128 0.2 0.9395 0.5609 0.5575 0.6860 | 0.9382 0.5545 0.5510 0.6812
128 256 0.1| 0.9405 0.5751 0.5720 0.6959 | 0.9386 0.5767 0.5725 0.6959
128 256 0.2 0.9394 0.5554 0.5523 0.6824 | 0.9383 0.5522 0.5483 0.6796
256 256 0.1 0.9385 0.5618 0.5590 0.6864 | 0.9345 0.5486 0.5444 0.6758
256 256 0.2] 0.9385 0.5523 0.5494 0.6800 | 0.9372 0.5590 0.5551 0.6838
256 512 0.1 1 0.9338 0.5453 0.5426 0.6739 | 0.9346 0.5562 0.5518 0.6809
256 512 0.2 0.9362 | 0.5393 0.5355 0.6703 | 0.9358 0.5453 0.5408 0.6740

Table 5.11: Evaluation with the SciVQA validation dataset (1680 questions) on the Qwen2.5-VL
7B model that was fine-tuned on the SpiQA training dataset with the different hyperparameters
LoRA rank, alpha, and dropout. The learning rate was always 2 x 10%, and the learning rate
scheduler was linear. The metrics are the F1-Scores of BERTScore, ROUGE-1, ROUGE-L, and
their average.

on the SpiQA test split than the model that did not receive fine-tuning. This again
shows the effectiveness of fine-tuning. Although on the SpiQA test split, a larger
dataset size improved the results, the differences between the models trained on the
subset versus the models trained on the full dataset are, with 0.003, very small for
both SpiQA and ArXivQA.

5.3.2 Influence of the Training Dataset Size

In , the results showed that, against the expectation, fine-tuning with
15K samples from the ArXivQA dataset led to better results on the SciVQA test split
than fine-tuning with 57K samples. The same was found for the training with the
SpiQA dataset when evaluating on the ArXivQA dataset. Motivated by this surprise,
this experiment tests the relation between the training dataset size and the performance
for the SciVQA dataset. Therefore, a number of smaller datasets are subsampled from
the original SciVQA training dataset with 15120 samples. This subsampling is not done
randomly, instead, always the first x samples of the 15120 samples are used to create
the subset with x entries. Each subsplit still contains a balanced amount of questions
from each question type. This is done to ensure that, for example, the model trained



5. Evaluation 50

SciVQA Test Split | ArXivQA Test Split | SpiQA Test Split
Model Avg. F1 fraction correct ans. Avg. F1
7B zero-shot 0.6655 0.6069 0.4786
SciVQA
#train samples: 15,120 0.8206 0.6660 0.6183
ArXivQA
#train samples: 15,120 0.6762 0.7283 0.6853
#train samples: 57,339 0.6482 0.7312 0.6885
SpiQA
#train samples: 15,120 0.6792 0.6595 0.7378
#train samples: 35,313 0.6938 0.6507 0.7409

Table 5.12: The average of the F1-Scores of BERTScore, ROUGE-1, and ROUGE-L on the test
split of the SciVQA and SpiQA datasets and the fraction of correctly answered questions on
the ArXivQA test split. The models are all Qwen2.5-VL 7B models, where one did not receive
fine-tuning and was prompted in a zero-shot fashion with the refined prompt template, while
the others were each fine-tuned on the train split of the SciVQA, ArXivQA, and SpiQA datasets,
respectively. For ArXivQA and SpiQA, a subset with 15120 samples was also used to train a
model.

on 756 samples did not perform better than the model trained on 1512 samples simply
because the smaller subset happened to contain unusually high-quality data that was
not included in the larger subset. The red line in shows the results of the
experiment. Overall, as expected, performance improves with a growing number of
training samples. However, there is one exception, as the model fine-tuned for two
epochs on 378 samples reaches a better score than the model fine-tuned on 756 samples.
The fact that each model was fine-tuned for two epochs with different dataset sizes
means that the model fine-tuned on the full SciVQA dataset received many more gradient
update steps than the model that was fine-tuned on only 378 samples. Therefore, there is
the possibility that not the higher number of training samples, but the increase in training
steps led to the performance increases. To rule this out, the experiment was repeated, but
instead of training for two epochs per subset, the fine-tuning was done for 7560 training
steps, which equals two epochs of fine-tuning with the full dataset, and an effective
batch size of four. The results are presented by the blue line in . As visible
in the graph, increasing the dataset size leads to a strict increase in the performance.
Therefore, it is actually the larger number of examples rather than the larger number of
training steps that increases performance. When comparing the performance of a model
that was trained for 7560 steps with the corresponding model that received fine-tuning
for two epochs, for smaller training dataset sizes, the results of fine-tuning for 7560
steps are worse. This might result from the model overfitting due to the small amount of
training examples, which are repeatedly shown to the model. Again, this does not apply
to the model fine-tuned on 756 samples for two epochs, which seems to be an outlier.
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Figure 5.2: Average of the F1-Scores for BERTScore, ROUGE-1, and ROUGE-L across different
sizes of training datasets. The red line represents the performance on the SciVQA validation
dataset of a Qwen2.5-VL 7B model that was fine-tuned for two epochs on a subset of the SciVQA
training dataset with the specified size. The blue line shows the performance of a Qwen2.5-VL
7B model, which was fine-tuned for 7560 steps (equal to two epochs with 15120 samples) on
datasets of the specified size. Apart from the different dataset sizes, the fine-tuning setup for
both models was as described in . The orange line shows the performance of the
Qwen2.5-VL 7B model without fine-tuning on the SciVQA validation dataset in a zero-shot
setting.

Both curves in still show notable performance improvements for the
dataset size increase from 12K to 15K samples. This suggests that even higher per-
formance might be achievable with additional samples from the same domain. As
shown in , SpiQA and ArXivQA are too different from the SciVQA
dataset to lead to such improvements, although they also consist of charts from scientific
papers. Comparing the results of the fine-tuned models with the zero-shot baseline
model that was not fine-tuned again suggests that even fine-tuning on very small
amounts of training data leads to an increase in performance, although, as discussed in

, the automatic metrics in the zero-shot setting are not fully reliable.

5.3.3 Performance per Figure Type

shows the accuracy of the Qwen2.5-VL 32B model that was fine-tuned for two
epochs (see ) for each figure type. The highest accuracy was achieved
for figures of neural networks, followed by architecture diagrams. The category with by
far the most samples, namely line charts, only reaches an accuracy of 0.743, which is
lower than the accuracy on most other figure types. Scatter plots and graphs also seem
to be rather challenging for the model. Due to the small number of samples, it is difficult
to draw meaningful conclusions from the results on other chart types. Nonetheless,
generally, charts where specific values need to be read from continuous scales seem to be
harder. The distribution of figure types in the validation set is similar to the distribution
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Figure Type Accuracy | #samples
Line Chart 0.7425 1099
Tree 0.8286 105
Scatter Plot 0.7429 70
Architecture Diagram 0.8750 56
Neural Networks 0.8929 56
Graph 0.7500 56
Pie Chart 0.8163 49
Bar Chart 0.8163 49
Confusion Matrix 0.7857 42
Compound Of Different Types 0.7500 28
Box Plot 0.5714 14
Histogram 0.7143 14
Other 0.8333 42
Total 0.7637 1680

Table 5.13: Manually evaluated accuracy for the Qwen2.5-VL 32B model that was fine-tuned
with the parameters described in and for the different figure types
on the SciVQA validation set.

in the training dataset. Therefore, it should be noted that the accuracy does not seem to
be directly correlated with the number of training examples. For instance, only 3.24% of
the training samples are bar charts, but the accuracy on them is still 0.816, and therefore,
better than the accuracy on line charts. Possibly this is the case because bar charts were
used in the pretraining of the Qwen2.5-VL models. Bai et al. (2025) explicitly mentions
bar charts as part of the training data but not line charts. Although this does not mean
that line charts were not used, it could be an indicator that bar charts account for a
larger portion of the training data used by Bai et al. (2025).

5.4 Comparison with other SciVQA Participants

The final results of the shared task can be seen in . These results show that
Bhat et al. (2025) achieved first place in the SciVQA competition with an average F1-
Score of 0.8647. The last improvement they employed was to add 2500 human-annotated
samples from the ChartQA dataset (Masry et al., 2022) to their training data and to
postprocess their answers. Together, these changes led to an improvement of 0.49%.
Unfortunately, they do not provide any experimental results on how much improvement
can be attributed to the addition of external training data. Nonetheless, it shows that
the approach of adding additional training data can be beneficial, although it could
also indicate that the number of additional samples should not be too large in order to
prevent the model from adapting the style and domain of the other dataset. Also, the
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System ROUGE-1 (F1) | ROUGE-L (F1) | BERTScore (F1) | Avg. F1
Human 0.8291 0.8285 0.9826 0.8801
Baseline 0.7062 0.7055 0.9756 0.7957
ExpertNeurons (Bhat et al., 2025) 0.8049 0.8043 0.9849 0.8647
THAIi_LAB (Ventura et al., 2025) 0.7899 0.7892 0.9839 0.8543
Coling_UniA (Jaumann et al., 2025) 0.7862 0.7856 0.9817 0.8512
Ours (Schleid et al., 2025) 0.7631 0.7621 0.9831 0.8361
Infyn (Movva and Marupaka, 2025) 0.7350 0.7345 0.9787 0.8161
Soham Chitnis 0.7057 0.7052 0.9811 0.7709
psr123 0.6068 0.6056 0.9587 0.7237

Table 5.14: F1-Scores of all participants in the SciVQA shared task as well as the baselines
(Borisova et al., 2025).

quality of the samples that they used might have been superior to the additional samples
from the SpiQA and ArXivQA datasets used in this thesis, since Bhat et al. (2025) only
used human-annotated samples.

Ventura et al. (2025) reported the second-best results. They also fine-tuned Qwen2.5-
VL models, but instead of experimenting with expanding the training dataset, they
focused on the design of the prompt. Specifically, they added a CoT segment to the
prompt, which motivated the model to step-by-step analyze the chart and extract the
relevant elements and information. The prompt is also dynamically generated based
on the metadata provided by the SciVQA dataset. This includes telling the model the
figure type and the number of subfigures. Furthermore, depending on whether the
question is a visual or a non-visual question, the model was instructed to pay attention
to visual aspects like color, position, etc., or to focus on numerical and textual values.
Furthermore, for binary questions, the model was explicitly asked to only answer with
yes or no. This extent of dynamic prompting is problematic since, in an actual use case
of the system, the information of the exact question type, including whether it is a visual
or a non-visual question, and the figure type and the number of subfigures, would most
likely not be provided. Therefore, this thesis does not use this metadata to generate the
prompt. Nonetheless, Ventura et al. (2025) were able to score the second-best score with
0.8543, underlining the impact of the prompt template. Interestingly, they reported better
results when fine-tuning the Qwen2.5-VL 7B model than when fine-tuning the larger
72B variant. This is unexpected and does not align with our results, where fine-tuning
the 32B variant always outperformed the results of fine-tuning the 7B variant. We would
have expected that this increase in performance with larger model size continues, and
therefore, we would assume the best results for the 72B model.

The third ranking team, Jaumann et al. (2025), showed that a high performance can
be reached by specifically selecting few-shot examples that are similar to the question
at hand, through the calculation of the cosine similarity on embeddings of the question-
image pairs. With only one or two examples per question and without fine-tuning,
an average F1-Score of 0.8512 was reached. This is very different from our results in

, where the usage of a one-shot example led to a decreased performance
for the Qwen2.5-VL 7B and 32B models and only to minor improvements on GPT-40
mini. Possibly, the smaller Qwen models are just not capable of exploiting the one-shot
example. Notably, Jaumann et al. (2025) used the InternVL3 model (Zhu et al., 2025)
and the Pixtral-Large-2411" model with 78B and 124B parameters, respectively. The

2.
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substantially larger model size, together with the more refined approach to selecting
the examples, could explain the difference in the results.

The system in fifth place mainly employed prompt engineering and queried the
model in two steps for each question (Movva and Marupaka, 2025). The first step requests
the model to extract the relevant information for the question, and the second query
instructs the model how to answer the question with the extracted information. As the
second ranking system by Ventura et al. (2025), the prompt template uses the metadata
from the dataset and fits the prompt to the figure and question type. They did not perform
fine-tuning, but tested four different base models and found that InternVL3 reached
the best results. Qwen2.5-VL only reached the second-best scores. Interestingly, the
performance improvement by the two-step querying was much larger for the Qwen2.5-
VL model than for the InternVL3 model. However, the performance of InternVL3 was
already 8.85% better than Qwen2.5-VL in the single-step zero-shot setting. With the
two-step inference, InternVL3 outperforms Qwen2.5-VL by 4.19%. Nonetheless, the fact
that the first ranking participants (Bhat et al., 2025) also report superior results using
InternVL3 in comparison to Qwen2.5-VL, with the InternVL3 models being only slightly
larger than the Qwen2.5-VL models against which they are compared, suggests that
InternVL3 is better suited for the task of visual question answering on charts.

Altogether, the results of the other participants confirm the finding from this thesis
that fine-tuning leads to substantial performance increases. Furthermore, based on their
results, CoT prompting improves the answer quality and, if such metadata are available,
specifically tailoring the prompt to the current chart and question type also leads to better
results. The usage of additional training data, which was extensively studied in this thesis
but could not lead to performance increases, was not thoroughly tested by the other
participants. Lastly, Bhat et al. (2025) showed that providing the model with more context
from the text of the paper allows the model to improve the quality of the responses.

As visible in , compared to the SciVQA baseline, our fine-tuned 32B model
outperforms it by 5.08%. However, the human baseline is still 5.26% better than our
results. It is also noteworthy that multiple models, including ours, surpassed the F1-
Score of the BERTScore metric of the human baseline. This again puts the feasibility
of the BERTScore as an evaluation metric in question.



Conclusion

This chapter summarizes the results of the experiments that were conducted to answer
the research questions of this thesis. For each research question, in addition to the
summarized results, limitations and possible future work are presented.

6.1 Research Question 1

What is a good prompt template for VQA on scientific charts in the context of the
SciVQA shared task, and can a one-shot example improve the performance?

The prompt template plays a vital role in the quality of the results. Together with the
results of the other participants, it can be seen that more context and prompts that
specifically instruct the model how to solve the target question increase the performance.
The inclusion of metadata to adapt the prompt even closer to the question and figure type
supports this through further improvements. However, the reliance on such metadata
limits the potential applications of the system, as this metadata is not always available.
In addition, although all models employed in this thesis gained in accuracy through the
prompt engineering, the effect depended strongly on the underlying model.

Using one-shot examples led to mixed results in our experiments. For the Qwen2.5-VL
models, manual evaluations showed that although the performance on the automatic
metrics was increased, the actual accuracy of the generated answers dropped. Only
for the GPT-40 mini model, the accuracy increased slightly, and this improvement was
mainly driven by gains on the unanswerable questions while losing accuracy on infinite
answer set and yes/no questions. Therefore, the value of a one-shot sample, which is
not targeted to the specific question, is limited, especially when using smaller models.
Jaumann et al. (2025) nonetheless showed that few-shot examples that are specifically
selected for the question at hand can greatly improve the performance on larger models.

Limitations

In the zero-shot and one-shot settings, the models do not adhere consistently to the
very short answer format of the ground-truth answers. Since the automatic evaluation
metrics are biased against long answers, this prevents an accurate evaluation of whether
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the questions are answered correctly. This gets especially evident in the evaluation of
the effect of prompt engineering for the Qwen2.5-VL 32B model. The automatic metrics
suggest that the 32B model is the weakest model, while the manual evaluation proves
it to be the most accurate. This shows that, especially for the zero-shot and one-shot
inference, the automatic evaluation metrics are only of limited value as the models do
not consistently adhere to the short answer format. This makes testing different prompt
templates and one-shot examples very difficult, since performing a manual evaluation
for each attempt is not feasible due to its time-intensive nature. A more general problem
with prompt engineering is that even slight changes in the template could lead to further
improvements in the results, and one cannot be sure if the optimal prompt was found.

Future Work

Considering the success of Jaumann et al. (2025), using one-shot examples that are
specifically retrieved for the question at hand could improve the results. However,
these results should be evaluated either manually or with a different automatic metric.
Potentially, the LLM-as-a-judge evaluation technique could help to evaluate the answers
without such a strong focus on the answer format. However, this can also introduce
further uncertainty in the evaluation process. Another option would be to try to prompt
the models to answer with a JSON that contains the final answer and further explanations
or thought processes as separate properties. That would allow us to use the automatic
metrics only on the short final answers. But just requesting JSON outputs in the prompt
does not guarantee that the model consistently adheres to the JSON format (Salinas and
Morstatter, 2024). However, it is possible to constrain the tokens that can be generated
by the model to enforce a valid JSON output, as is done by OpenAI’s Structured Outputs
functionality'. Nonetheless, Salinas and Morstatter (2024) report worse performance
using this enforced structured output compared to both inference without a specified
format and inference with a request for a JSON output in the prompt. Therefore, careful
experiments would be needed to prevent a degradation of the answer quality.

6.2 Research Question 2

How does fine-tuning a VLM impact the performance of VQA on scientific charts,
and what hyperparameter configurations yield the best results?

Fine-tuning Qwen2.5-VL models using LoRA and quantization led to the best results
achieved in this thesis. It substantially outperformed the GPT-40 mini model, which
was queried in a one-shot setting, both in terms of the automatic metrics and when
evaluated manually. The manual evaluation also proved that the fine-tuning not only
adapted the model to return the answers in the correct format, but that the model
actually improved in the quality and correctness of the answers. The model especially
excelled on unanswerable questions, where it answered 97.9% of the questions correctly.
In comparison, the GPT-40 mini model queried with a one-shot example only gave
the correct answer 77.1% of the time for this question type. The ability to recognize
unanswerable questions is especially important if such VQA systems were used to create
meta-analysis, since hallucinations could lead to wrong results and, in the extreme case,
e.g., to false conclusions about certain treatments in the medical field.
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As the original LoRA paper proposed, we could confirm that targeting the query and
value projection matrices in the attention modules led to the best results. Furthermore, it
was determined that even with a dropout of 0.2 and a learning rate of 2x 107, the optimal
performance on the SciVQA dataset is reached after only two epochs of fine-tuning,.

Hyperparameter tuning was performed for the SciVQA, the ArXivQA, and the SpiQA
datasets individually and for the combination of all three. The fact that the results of
these hyperparameter tunings led to rather different parameters shows the importance
of performing hyperparameter tuning for effective fine-tuning.

Limitations

A key limitation of the fine-tuned model lies in its performance 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 outside the acceptable error margin.

Future Work

In order to address the substantially worse results on the visual infinite answer set
questions, one could try to gain further insight by fine-tuning a model only on this
question type to find out if the other question types might inhibit the ability of the
model to adapt to the visual infinite answer set questions.

In general, the results might be further improved by changing the base model.
Although Ventura et al. (2025) reported worse results when using the larger Qwen2.5-VL
72B model versus the 7B variant, we found that the 32B model consistently outperformed
the 7B model after fine-tuning. Therefore, fine-tuning the 72B variant could lead to
further improvements. The use of InternVL3 (Zhu et al., 2025) could also further improve
the results, as reported by other participants of the SciVQA shared task (Bhat et al.,
2025; Movva and Marupaka, 2025). Another very recent model, which might be worth
trying, is Qwen3-VL", the successor of Qwen2.5-VL.

6.3 Research Question 3

Does fine-tuning on a combination of the SciVQA dataset with similar datasets, or on
a manually improved version of the SciVQA dataset, enhance the answer quality of
the model?
Adding more training data from other datasets did not lead to better results. Although the
used datasets, ArXivQA and SpiQA, both contain charts extracted from scientific papers,
slight domain shifts, such as differences in the research area or question phrasing,
may inhibit the model’s ability to transfer learned concepts effectively. Instead of
increasing the performance, the performance was reduced, and the cross-validation
showed that using a smaller number of training samples from these datasets sometimes
even led to better results. Nonetheless, ablation studies indicated that increasing the
number of training samples that are from the domain of the SciVQA dataset would
probably result in better performance.

In addition, the manual enhancement of the training data did not lead to overall
performance gains. Improving the quality of the infinite answer set questions enables
the model to perform better on this question type, but worsens the results on the other.
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Limitations

This thesis only tested the ArXivQA and the SpiQA datasets as additional sources for
training data. Furthermore, it was not tried to use only a small amount of their samples.
Other datasets, possibly even with human-annotated samples or with samples that more
closely resemble the SciVQA dataset in both the domain and the question types, might
lead to different results.

Future Work

Bhat et al. (2025) report slight performance increases that might be attributable to the
inclusion of 2500 human-annotated samples from the ChartQA dataset. This could
be a hint that a smaller number of additional samples with a focus on the quality of
the samples could improve the results. The improved results for the infinite answer
set question type motivate a Mixture-of-Experts-based approach. One could fine-tune
a model for infinite answer set, yes/no, and multiple-choice questions each, with an
additional model that predicts the question type of a question at hand and forwards the
question to the corresponding model. This might enable each model to focus exclusively
on one single question type, possibly leading to overall better results.
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Appendix

A.1 Baseline Prompt Template
In this section, Figure A1 and Figure A.2 provide the baseline prompt templates. The

baseline prompt only provides basic information on how to format the answer, along
with the question and the image.

Baseline System Prompt

You will be given an image and a question that you should answer.

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’

If it is a multiple choice question, list only the letter of the correct answers
in the order they are given without spaces between them.

Figure A.1: The baseline system prompt.

A.2 Refined Prompt Templates

This section contains the final system prompt in Figure A.3 and the user prompt used in
the zero-shot experiment and to fine-tune the models in Figure A4, Figure A5 shows
the user prompt with an example used for the one-shot experiment.
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Baseline User Prompt

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%}

<image>

Figure A.2: The baseline user prompt.

Refined 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’

Output Format:
Answer:

Figure A.3: System Prompt used for fine-tuning the Qwen2.5-VL models, as well as for
the zero-shot and one-shot inference.
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Refined 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 }}

{%endif%}

Give a short and precise answer:

<image>

Figure A.4: 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 1925?

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
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{% if answer_options %}
Answer: C

{% else %}

Answer: Japan
{%endif%}

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 A.5: User Prompt with one-shot example for the one-shot inference.
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