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Abstract

Text-based Large Language Models (LLMs) have demonstrated impressive capa-
bilities across a wide range of natural language tasks; however, they often struggle
when processing multimodal documents—such as research papers and financial
reports—that incorporate information in images and tables. In this work, we aim to
enhance the performance of smaller LLMs for multimodal document Question An-
swering (QA), with a particular focus on research papers. We explore Image-based
Retrieval-Augmented Generation (RAG) techniques as in a real-world QA system
utilizing an open-source model with a low context length there is no possibility to
pass the entire paper, instead the system must pick the most relevant image based
on the user query. Our experiments, design, and code are available in our GitHub
repositor

1 Introduction

1.1 Motivation

The rapid advancements of LLMs have led to a significant improvement in question-answering
systems, yet the widespread adoption of LLMs for question-answering systems has been limited
by computational demands. When documents are fetched from online sources such as research
papers, it presents a limitation in terms of the amount of information captured as we miss out on key
information present in other modalities such as images and tables when we use LLMs that depends
on text. Another reason is that large LLMs is expensive due to their computational resources usage.
Thus, there is a need for smaller LLMs that can perform QA on documents in a multimodal fashion.
To address this, we will incorporate Image-based RAG to improve the retrieval capabilities of smaller
models, allowing them to extract relevant information from figures and tables within research papers.

To our knowledge currently there hasn’t been significant work done in the domain of improving
Image RAG models for Multimodal QA on research papers.
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1.2 Objective

The objective of this project is to improve the performance of smaller LLMs on document Q&A.
Specifically, we will focus on Q&A for research papers making sure that the models can handle
multimodal content. Given the difficulty in improving performance across different modalities, we
will be using Image-based RAG to enhance the models’ ability to retrieve and reason over figures and
tables which leads to more accurate and context aware responses.

The current SPIQA dataset has a major drawback, it provides the model with the relevant image
from the dataset to answer the question, but in a real-world system the model will not have this
information.

2 Literature Review

SPIQA [1] is the foundation of our project work as we will be using it for benchmarking and
fine-tuning our models. This paper had several key results which will guide our research such as
image captions improve the perfomance, open models tend to struggle with reasoning on tables and
lowering image resolution to accomadate the low context-lengths of open-models leads to significant
performance degradation. We plan on working on these aspects to enhance the performance of small
open-source models.

Recent work shows that fine-tuning multimodal transformers can degrade cross-modal alignment
[2], especially with limited data. Full fine-tuning can lead to overfitting and poor generalization.
Augmenting a frozen or lightly adapted model with retrieval improves performance. Their experi-
ments validate that retrieval-augmented generation (RAG) maintains better modality alignment in
multimodal QA tasks.

The RAG survey paper by Gao et al [3] highlights the effectiveness of RAG approaches in reducing
hallucinations and their implication on applications requiring factual corectness.

Contrastive Language Image Pre-training (CLIP) [13] uses contrastive learning to learn the relation-
ship between an image and a text where they are brought closer in a shared embedding space while
pushing apart mismatched pairs during training. CLIP consists of image and text encoders and it is
capable of performing zero shot image classification by comparing an image to text descriptions of
possible labels without needing any further fine tuning.

CoIlBERTV2 [14] is an information retrieval model that uses late interaction by encoding queries and
documents where each token in a sentence is embedded into embedding using BERT and it uses
MaxSim to compute the maximum similarity between each query token and all passage tokens and
then it sums these to score relevance.

3 Methodology

3.1 Model Description

Current research indicates that fine-tuning for a specific task can lead to a loss of reasoning ability
in large language models (LLMs) and may result in worse overall performance. Consequently, the
current literature often favors Retrieval-Augmented Generation (RAG) over full fine-tuning.

For this project we will focus on Image RAG as current Text RAG models are already capable in
their abilities.

1. Image-RAG: We propose to train a CLIP model to retrieve images based on a question (user
query) for this we will first create a RAG dataset for contrastive training, with a question,
positive image anchor and a negative image anchor. The CLIP model parameter count, input
and output shape can be seen in Figure

While training CLIP, we created the RAG dataset triplets using the SPIQA train set. The SPIQA
train set questions are designed in such a way that the question can only be answered using the
reference_figure provided in the dataset, out of all the figures in the research paper. We initialize
the positive image anchor as the reference_figure and randomly sample the negative image anchor



Layer (type:depth-idx) Param #

FCLIPTextTransformer: 1-1 —
| LCLIPTextEmbeddings: 2-1 -

| L_Embedding: 3-1 25,296,896
| LEmbedding: 3-2 39,424

L CLIPEncoder: 2-2 —

| L ModuleList: 3-3 37,828,608
L LayerNorm: 2-3 1,024

|
I
I
I
|
—CLIPVisionTransformer: 1-2 —
| LCLIPVisionEmbeddings: 2-4 —
I
I
I
I
I
I

| LConv2d: 3-4 2,359,296

| L_Embedding: 3-5 38,400

LlayerNorm: 2-5 1,536

LCLIPEncoder: 2-6 —

| L ModuleList: 3-6 85,054,464

LLayerNorm: 2-7 1,536
Linear: 1-3 393,216
Linear: 1-4 262,144

Total params: 151,276,544
Trainable params: 151,276,544
Non-trainable params: @

Figure 1: CLIP Model Summary

from the list of all figures in the paper excluding the reference figure. We use Triplet Margin Loss to
fine-tune CLIP.

Other than CLIP, we also use pre-trained ColBERTV2 for text-based retrieval. We chose CoIBERTv2
for text-based retrieval because it uses token level embeddings rather than single embedding for the
whole sentence which leads to loss of information. On top of that, it also uses late interaction between
query and document embedding which increases the efficiency when dealing with long documents.
We integrate CoIBERTV2 through the LangChain framework.

3.2 Dataset

In this project, we are using Scientific Paper Image Question Answering (SPIQA) dataset [1] by
Google, which contains 270,194 QA samples that have 152,487 figures, 117,707 tables, captions and
text. The samples in the dataset are derived from 25,859 papers from 19 Computer Science (CS)
conferences (this also means that we are narrowing our scope to CS research papers). To generate
QAs in SPIQA, the authors used Gemini 1.5 Pro. The dataset is divided into training, validation,
and three test sets: test-A, test-B and test-C. test-B and test-C consist of human written QAs that are
derived from the QASA and QASPER datasets. The reason we chose this dataset is because it is a
relatively new data set and it has a diverse range of questions with variations in length and complexity
that require strong reasoning capability.

For evaluating Gemini 1.5 Pro and InstructBLIP, we used test-A which is the largest test set that has
666 QAs from 118 research papers. We chose test-A over test-B and test-C because the QAs from
test-A are taken from every conference making it diverse set and it also means that the multimodal
questions covers a broader range of figures, tables, making it a balanced test set for evaluating the
baseline models.



3.3 Evaluation Metric

We use top-k retrieval accuracy for evaluating our CLIP model. This metric measures the proportion
of queries for which the correct item is found within the top k retrieved results. A higher top-k
accuracy means that the CLIP is able to rank relevant results near the top of the retrieval list. We use
top-k retrieval accuracy because it tells how often the correct document appears in top k results and
we use it to determine if CLIP is able to retrieve the right document close to the top.

Number of relevant items in K

top — k Accuracy = )

Total number of items

Other than that, if we are developing a fully functional system where we fine-tune the vision language
model, we can have several evaluation metrics to obtain a detailed understanding of our document
QA system’s performance. The metrics are chosen to capture different aspects of answer quality and
they are used to run baselines on InstructBLIP and Llava. BLEU [4], METEOR [5], and ROUGE-L
[6] provide measures of surface-level overlap between candidate and reference answers, which
helps determine whether the correct words and structural patterns are present. CIDEr [7] is used
to account for the agreement across multiple references by weighting the relevance of terms with
TF-IDF, offering a view of consensus that is especially useful when diverse reference answers exist.
In addition, BERTScore [8] and L3Score [1] assess the semantic similarity between the generated
and reference answers. BERTScore uses contextual embeddings to match meaning beyond exact
word overlap whereas L3Score employs a large language model to estimate answer correctness based
on log-likelihood, directly addressing semantic equivalence. Together, these metrics offer a balanced
evaluation that covers both lexical similarity and deeper semantic accuracy.

3.4 Loss Function

We fine-tune clip using the Triplet Margin Loss, which works by making the CLIP to bring similar
images closer in an embedding space whereas pushing apart mismatching images away from each
other in the embedding space. It uses triplet of images namely anchor, positive sample and negative
sample. The loss function in equation [2] makes sure the distance between anchor and positive sample
is less than the distance between anchor and the negative sample by at least a specified margin denoted

by a.
L(a,p,n) = max (||f(a) = F(P)I* — [If(a) = f(n)]|* + , 0) )

4 Baseline Evaluation and Extensions

4.1 Baseline Experimentation Details

4.1.1 Image RAG Baseline

We chose CLIP as our baseline model for the image retrieval component of our system. We tested the
performance of the pre-trained CLIP model on the SPIQA test set. The model had to pick the image
based on the question from the all_figures column which contained all the figures in the research
paper, where the correct image would be the figure present in the reference_figure column. We
observed a 34% accuracy when retrieving 1 image, 60% on 3 images and 75% on 5 images.

4.1.2 Zero-Shot Model Baselines

We chose Gemini 1.5 Pro and InstructBLIP-7B as the baseline models for this project due to their
complementary nature. Gemini 1.5 Pro is a closed model and its one of the well known and high
performing model of Google that can perform various tasks which makes it a benchmark for evaluating
the limits fine-tuned models. On the other hand, InstructBLIP-7B is an open model allowing for
fine-tuning. However, we wont be fine-tuning InstructBLIP-7B in this work as the authors of SPIQA
have already done it.

By choosing both open and closed model, we ensure a reliable and diverse evaluation and another
reason is that both models are known for performing well in multimodal tasks which makes them
ideal candidates for establishing baseline in our experiments. For experimentation, we give both
caption and image as inut for InstructBLIP-7B model whereas for Gemini 1.5 Pro, we give only the



caption as input as we were limited by the token limit and number of requests per day of the free API
key.

4.2 Extensions

As discussed in[3.1} in this project, we have fine-tuning CLIP using the SPIQA dataset. Based on
the results of SPIQA paper where fine-tuning on open models improved the performance, we can
experiment in fine-tuning models such as Qwen-2.5-VL-7B-Instruct if we want to extend the existing
work. Other than these, we can fine-tune ColBERTV2 for improved text-based retrieval.

5 Result and Analysis

5.1 Experimentation Results

Our current work focused on Image RAG using a CLIP model, while initial fine-tuning with 10k
samples [3|degraded performance on the baseline [2]probably due to catastrophic forgetting, increasing
the sample size to 50k 4] allowed the model to learn an improved representation of the underlying
distribution leading to improved performance on the test set.

We noticed a sharp reduction in image retrieval performance as the number of images in a research
paper increased, the threshold being close to 10 images, as the number of images in a paper crossed
10 the CLIP models ability to retrieve the relevant image deteriorated.

The experiment results in Table [I|show a clear performance difference between InstructBLIP and
Gemini 1.5 Pro. Gemini 1.5 Pro obtains higher scores in BLEU metrics (BLEU@ 1 to BLEU@4),
METEOR, ROUGE-L, BERTScore F1, and L3Score. In contrast, InstructBlip achieves a slightly
higher score in the CIDEr metric. Overall, the data indicate that Gemini 1.5 Pro performs better on
most metrics compared to InstructBlip.

Table 1: Comparison of InstructBlip and Gemini 1.5 Pro Evaluation Results (in %)

Metric InstructBlip Gemini
BLEU@1 1.5 22.5
BLEU@2 1.2 15.7
BLEU@3 1.0 12.0
BLEU@4 0.9 94
METEOR 5.1 18.4
ROUGE-L 10.3 24.1
CIDEr 334 28.8
BERTScore F1  29.3 54.2
L3Score 7.05 24.69

Table 2: Top-k Retrieval Accuracy of Vanilla CLIP Model (in %)

Top-k Metric Accuracy

Top-1 34.38
Top-3 60.66
Top-5 75.83




Table 3: Top-k Retrieval Accuracy of CLIP Model after fine-tuning with 10,000 samples (in %)

Top-k Metric Accuracy

Top-1 29.43
Top-3 56.61
Top-5 71.62

Table 4: Top-k Retrieval Accuracy of CLIP Model after fine-tuning with 50,000 samples (in %)"

Top-k Metric Accuracy

Top-1 ~38
Top-3 ~75
Top-5 ~85

“The results mentioned in Tableare approximate values. The model was fine-tuned on PSC, and due to a
tornado, PSC went down. So we were unable to access the final and accurate results.

5.2 Discussion

We believe that using a larger VL model for Image-RAG would lead to significant improvements in
top 1 retrieval as these models are trained on a larger data volume and have a larger capacity to better
differentiate nuances.

While OCR could be a useful method for extracting knowledge from images of tables, it would not
be useful in extracting meaningful information from schematic and scientific diagrams.

We believe that future-work on sparse retrieval to enhance long-context abilities of smaller open-
source LLMs could be a meaningful pursuit in the future.

6 Future Directions

A remaining challenge in long-document question answering is that a model may lose track of
relevant information when the input grows beyond its native context window. To address problem,
one future exploration direction is combining dual chunk attention and sparse attention. Dual chunk
attention addresses the context length issue by breaking the input into equal-sized segments and then
running coordinated attention passes [11]. Because each pass works on limited slices or summaries
rather than the full sequence, computation and memory grow roughly in proportion to sequence
length rather than its square, letting the model handle much longer texts without extra training.

An alternative approach is sparse attention, and in particular the MInference method for the prefill
stage of generation [12]. Rather than letting each query attend to every key, by skipping most of
the dense attention matrix, MInference cuts latency by up to an order of magnitude in the prefill
phase while keeping the model’s output quality on benchmarks such as InfiniteBench and PG-19
nearly unchanged. This makes it possible to extend existing language models to much longer contexts
without changing their weights.

We have attempted to include this approach in this project; however, due to two reasons, we ultimately
chose to not include it. The primary reason is that, we realized that this long context problem is out
of the scope of discussion of this project, as the current SPIQA dataset does not show any evidence
of being suffered from context length insufficiency. The secondary reason is that, due to issues of the
AWS EC2 Ubuntu kernel, CUDA 12.1 cannot be successfully installed. Therefore, even though we
have found and incorporated a supposedly working implementation, we are unable to test and tune
the parameters, within the time constraint of this project.



7 Conclusion

In conclusion, we address the research gap in image retrieval for multimodal QA systems for research
papers, where LLMs must be provided the relevant images to reason upon based on user query.
For this we fine-tuned a CLIP model that showcased a 4% improvement on top-1 retrieval, 15%
improvement on top-3 retrieval and a 10% improvement on top-5 retrieval. We demonstrate that
improvements in image retrieval will enable the use of smaller open-source LLMs that have shorter
context lengths, and could also be valuable for larger LLMs with longer context lengths as they suffer
from lost in the middle where they hallucinate on context provided in the middle of the user prompt
reducing performance of In-context Learning techniques.
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