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Abstract
Seeking answers to questions within long scientific research articles is a crucial
area of study that aids readers in quickly addressing their inquiries. However,
existing question-answering (QA) datasets based on scientific papers are limited
in scale and focus solely on textual content. We introduce SPIQA (Scientific
Paper Image Question Answering), the first large-scale QA dataset specifically
designed to interpret complex figures and tables within the context of scientific
research articles across various domains of computer science. Leveraging the
breadth of expertise and ability of multimodal large language models (MLLMs) to
understand figures, we employ automatic and manual curation to create the dataset.
We craft an information-seeking task on interleaved images and text that involves
multiple images covering plots, charts, tables, schematic diagrams, and result
visualizations. SPIQA comprises 270K questions divided into training, validation,
and three different evaluation splits. Through extensive experiments with 12
prominent foundational models, we evaluate the ability of current multimodal
systems to comprehend the nuanced aspects of research articles. Additionally, we
propose a Chain-of-Thought (CoT) evaluation strategy with in-context retrieval
that allows fine-grained, step-by-step assessment and improves model performance.
We further explore the upper bounds of performance enhancement with additional
textual information, highlighting its promising potential for future research and the
dataset’s impact on revolutionizing how we interact with scientific literature.

1 Introduction
Surfacing pertinent information within the context of academic research articles is an essential area of
study, as it empowers students and researchers to efficiently address their queries which are naturally
triggered when reading a scientific paper. However, existing question-answering (QA) datasets
anchored on academic articles are limited in terms of scale [75, 21, 30, 14, 35]. This limitation arises
due to the complexity and cost associated with curating questions, as understanding such articles
demands domain-specific expertise, a detailed understanding of the topic, and a significant amount of
time. Additionally, prior QA datasets in this domain only analyze the abstracts, conclusion [59, 21]
and the textual paragraphs [58, 56, 69, 30, 14, 66, 35] of scientific articles, overlooking the wealth
of information presented in meticulously crafted figures and tables, and hence, fail to leverage and
analyze the rich, multidimensional data embedded in these visual elements, which are crucial for a
comprehensive understanding of the research presented.

Numerous datasets have been curated to evaluate the QA abilities of Large Language Models (LLMs)
on various documents, including factual documents [85, 62, 22, 86, 32, 12, 68, 70], book chapters
[28, 29, 51], news articles [74, 36] and more. However, understanding scientific papers poses
unique challenges as the systems must comprehend underlying theoretical implications with domain-
specific terminologies and verify claims with experimental results and visualizations. There are also
several datasets that focus on the comprehension of standalone science diagrams [27, 24, 18, 65],
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Figure 1:Illustration of the SPIQA tasks. Given a question anchored in �gures from a research
paper, we evaluate the capabilities of multimodal LLMs in comprehending and integrating information
across multiple �gures, tables and paper text.

mathematical �gures [45, 87], charts [5, 48, 49], plots [50], tables [60, 76, 9, 8, 11, 26, 52] and
retrieval [71]. However, simultaneously reasoning over all �gures and associated text in a scienti�c
article necessitates both multimodal and long-context capabilities.

In contemporary research, �gures and tables with associated captions are crucial to understand
the motivation and contributions of a work. Comprehending such multimodal content presents a
signi�cant real-world challenge. In this work, we introduce SPIQA (Scienti�c PaperImageQuestion
Answering), the �rst large-scale QA dataset speci�cally designed to interpret complex �gures and
tables in the context of scienti�c research articles across various domains of computer science. We
also develop three interleaved image-text tasks using the SPIQA dataset to assess growing long-
context capabilities of MLLMs: (1) Direct QA with �gures and tables, where the systems require
to answer questions after seeing all �gures and tables from a scienti�c paper, (2) Direct QA with
full paper, where the systems analyze the whole paper text along with �gures and tables to answer
questions and (3) CoT QA, a chain of thought (CoT) retrieval based QA where systems need to �rst
identify helpful �gures and then answer the question, allowing to evaluate the models for �ne-grained
reasoning and grounding capability. We collect the PDFs and source TeXs of 26K papers from
various domains of computer science published in top-tier academic conferences and generate 270K
question-answer-rationale triplets focusing on the papers' �gures and tables.We further �lter and
augment two existing scienti�c QA datasets, QASA [35] and QASPER [14], to identify questions
requiring reasoning over �gures, tables, and textual paragraphs. Overall, SPIQA contains one training,
one validation, and three evaluations split with varying dif�culty levels, allowing us to �ne-tune and
assess the capabilities of large multimodal systems to understand complex scienti�c research papers.
An illustration of the three proposed tasks with example prompts is presented in Figure 1.

We conduct extensive experiments on the SPIQA datasets evaluating the comprehension abilities
of several closed large multimodal models, and state-of-the-art open-source models, including
Gemini [63, 72], GPT4 [54, 1], Claude-3 [2], LLaVA 1.5 [40], InstructBLIP [13], XGen-MM [64],
InternLM-XC [15], SPHINX-v2 [17] and CogVLM [80]. We further �ne-tune InstructBLIP and
LLaVA 1.5 on the SPIQA training set and observe signi�cant improvement compared to zero-shot
evaluation, indicating potential pathways for designing specialized systems for scienti�c QA in
the future. In addition to reporting performances on traditional QA metrics, we introduce a novel
LLM-based evaluation metric, LLMLogScore (L3Score), which incorporates the con�dence of LLMs
for assessing the equivalence of answers with the ground-truths based on the log-likelihood token
probabilities. We demonstrate the effectiveness of L3Score for automated free-form QA evaluation
over existing LLM-based scores [47, 91, 34] which use sensitive rating scales.

In summary, our contributions are:(i ) We curate SPIQA, the �rst large-scale QA dataset specif-
ically designed to interpret complex �gures and tables in the context of scienti�c research papers
across various computer science domains.(ii ) We develop three well-designed tasks for direct and
retrieval-based CoT question answering to access baseline systems' step-by-step �ne-grained reason-
ing capabilities.(iii ) We propose LLMLogScore (L3Score), a novel LLM-based evaluation metric
for free-form QA. L3Score incorporates the con�dence of LLMs to evaluate the quality of candidate
answers using log-likelihood token probabilities.(iv ) We perform extensive experiments to demon-
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strate the value of SPIQA and LLMLogScore to assess multimodal and long-context capabilities of
several closed and open-sourced MLLMs.

2 Related Works

Dataset Free-form
Questions?

Question
Generation Num QA Num Abstracts /

Papers Paper Source Domain Questions based on
Full Text Figs & Tabs

BioAsq [75, 30] 3 Human experts 3.2K � PubMed Biomedical 7 7
BioRead [58] 7 Cloze-style 16.4M 3.4M papers PubMed Biomedical 3 7
BioMRC [59] 7 Cloze-style 812K 25M abstracts Pubtator Biomedical 7 7
emrQA [56] 7 Cloze-style 455K 2.4K clinical notes i2b2 datasets EMRs 3 7
MedHop [82] 7 Cloze-style 2.5K 24M abstracts Medline 2016 Molecular Biology 7 7
PubMedQA [21] 3 Human experts 1K 120K abstracts PubMed Biomedical 7 7
BioASQ-QA [31] 3 Human experts 4.7K � PubMed Biomedical 7 7
CliCR [69] 7 Cloze-style 105K 12K clinical reports BMJ Case Reports Medical 7 7
ArgSciChat [66] 3 Human Experts 41 dialogues 20 papers arXiv NLP 3 7
QASPER [14] 3 Human experts 5K 1.5K papers S2ORC NLP 7 7
QASA [35] 3 Human experts 1.8K 112 papers S2ORC AI/ML 3 7
SPIQA(Ours) 3 LLMs + Human experts 270K 25.5K papers arXiv Computer Science (all) 3 3

Table 1:Comparison of SPIQA with existing scienti�c question answering datasets.SPIQA is
a large-scale free-form QA corpus that focuses on the holistic aspects of scienti�c papers, including
�gures, tables, and full paper text. A dash (� ) indicates the number is unreported.

Question-answering on long documents is a challenging real-world task that has attracted increasing
attention in recent years, following the success of the long-context reasoning ability of LLMs
[41, 10, 72, 63, 54, 2, 37, 73, 16]. Though there exist numerous general-domain document QA
datasets [85, 62, 22, 86, 32, 12, 68, 70, 79, 61, 84, 89, 78, 74, 36], understanding scienti�c papers
requires domain-speci�c expertise and reasoning capability, and poses a more signi�cant challenge.

Datasets for QA on Scienti�c Papers.In the early days, cloze-style academic paper QA datasets
[58, 56, 83, 69, 59] were automatically constructed by extracting entities and relations and matching
them with structure knowledge resources. The questions in such datasets follow a pre-de�ned format;
hence, they are unsuitable for real-world usage where the reader asks detailed open-ended questions
[32]. To overcome these issues, PubMedQA [21], BioAsq [30] and QASPER [14] construct corpora
of 1K, 3.2K, and 5K human-written questions, respectively. However, the annotators of these datasets
only read the abstracts when writing the questions, and hence, most questions are simple and can
be answerable in yes/no format or with short extractive spans. ArgSciChat [66] proposes a dataset
of argumentive dialogues between scientists on 20 NLP papers. Closer to our work, QASA [35]
generates 1798 free-form advanced questions on AI/ML papers where the annotators read the whole
paper. However, QASA questions are answerable just from the text paragraphs, neglecting the
structured information present in terms of �gures and tables. Table 1 presents detailed comparisons.

Datasets for QA on Scienti�c Diagrams.Solving mathematical problems in a visual context has
emerged as a complex reasoning task for MLLMs. Prior attempts, such as GeoQA [7], UniGeo
[6], and Geometry3K [46], have exclusively focused on solving geometry-oriented questions. In a
different line of research, datasets like DVQA [23], LEAF-QA [5], LEAFQA++ [67], FigureQA [24],
PlotQA [50], and ChartQA [48] have been constructed to solve plot and chart-oriented questions.
Additionally, there are datasets for QA purely on tabular data, including WTQ [60], TableQA [76],
SQA [20], HiTab [11], AIT-QA [ 26], FetaQA [52], MultiTabQA [55]. More recently, MathVista
[45], MathVerse [87], and ArXivQA [38] have integrated different scienti�c diagrams to develop
benchmarks with a wider variety of tasks. However, existing datasets focus on asking questions about
standalone �gures or tables (additional comparisons are in Appendix Sec. C). SPIQA bridges this
gap by proposing a new scienti�c QA benchmark that includes questions that require simultaneous
reasoning over �gures, tables, and textual paragraphs, allowing a more integrated understanding of
scienti�c documents.

Our proposed SPIQA dataset distinguishes itself from existing scienti�c question answering (QA)
benchmarks in several signi�cant ways. Firstly, it presents a large-scale, open-ended QA dataset to
encompass diverse domains of computer science, providing a comprehensive evaluation framework for
scienti�c QA systems. Secondly, the questions and answers in SPIQA necessitate an understanding of
complex visual elements, including �gures and tables, in conjunction with textual content and domain
knowledge. This requirement simulates real-world scenarios where researchers must synthesize
information from multiple sources to answer complex questions. Thirdly, we introduce a new Chain-
of-Thought (CoT) QA paradigm in interleaved image-text comprehension, which involves a two-stage
process wherein models �rst identify relevant �gures and tables, and then generate answers based on
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this context. This step-by-step approach enables a more �ne-grained assessment of the reasoning
capabilities of baseline systems, providing valuable insights into their strengths and limitations.

3 SPIQA Dataset and Tasks

3.1 Collection Guidelines and Task Formulation

Existing scienti�c QA benchmarks [58, 69, 56, 21, 30, 14, 66, 35] primarily focus only on text
from the main body of the paper, overlooking the wealth of information presented as �gures and
tables. Further, curating QA anchored in research articles requires domain expertise and a detailed
understanding of the paper, making annotations expensive and resulting in smaller-scale data. Our
dataset, SPIQA, bridges this gap by systematically curating a large-scale QA benchmark focusing on
every aspect of scienti�c research documents - main text, �gures, tables, and their captions, and thus
pushing AI systems towards a robust understanding of research articles. Moreover, we annotate which
�gures and tables help answer a question to evaluate the grounding and CoT reasoning capabilities of
large multimodal systems.

While collecting and annotating the SPIQA benchmark, we adhere to the following collection
guidelines:(i ) We identify 19 different top-tier academic research conferences covering a wide
variety of computer science domains where the papers are licensed permissively.(ii ) We collect 27K
PDFs and corresponding TeX sources of research papers presented in those conferences between
2018-2023. Using peer-reviewed articles helps us to maintain the quality of SPIQA. The TeX sources
provide high-resolution �gures and table TeXs, which can not directly be extracted from the PDFs.
(iii ) We curate questions of varying levels of dif�culty based on the collected papers, requiring robust
long-context understanding of different kinds of �gures and tables associated with their captions and
the main body of the paper.(iv ) Lastly, we identify subsets of questions in two existing datasets,
QASA [35] and QASPER [14], which require understanding of �gures and tables with the main text,
and treat them as two additional evaluation splits of SPIQA. We formulate three novel tasks for the
comprehensive evaluation of various QA systems on SPIQA:

� Direct QA with Figures and Tables: In this task setup, we provide all �gures and tables with
their captions from a paper. The systems are then required to answer questions that necessitate
reasoning with one or more �gures and tables.

� Direct QA with Full Paper : Here, we provide the entire paper, including the main text, �gures,
and tables with captions, and ask the systems to answer questions. While the paper text helps by
providing additional information, the systems require strong long-context understanding capability
to reason over full text.

� CoT QA: To assess the step-by-step reasoning abilities of MLLMs, CoT QA requires systems �rst
to identify relevant �gures and tables and then answer the question. For simplicity, CoT QA does
not involve full paper text. Detailed prompts for each task are included in the code.

3.2 SPIQA: Data Collection, Question Generation and Filtering

Collection of Paper PDFs and TeX Sources.We begin by collecting a large corpus of scienti�c
research papers across all domains of computer science, focusing on open-source publications. We
identi�ed 19 top-tier conferences, as detailed in Figure 2, and gathered the paper PDFs published
at these venues between 2018 and 2023. We then �ltered this collection to include papers whose
TeX sources could be downloaded using the python arXiv API1. This process resulted in 25,859
peer-reviewed papers with corresponding TeX sources, which provide high-resolution �gures, table
TeXs, and the main body of the articles. We additionally use PDFFigures 2.02 to crop �gures from
the paper to account for �gures that are missed when processing the TeX sources. Overall, we
gather 152,487 �gures, 117,707 tables, and their captions from 25,859 papers with corresponding
main text. It is worth noting that due to our structured step-by-step paper collection strategy, we
will have the opportunity to expand SPIQA in the future with papers published in later years and in
other open-sourced research �elds. Table 2 shows a detailed classi�cation of the collected �gures in
granular subcategories.
Automatic Question Generation and Filtering. After gathering the main text, �gures, and tables
from research papers, the next step is to generate high-quality question-answer pairs that cover all

1python arXiv API:https://github.com/lukasschwab/arxiv.py
2PDFFigures 2.0:https://github.com/allenai/pdffigures2
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Statistics Numbers

Total papers 25,859
Published between 2018 - 2023

Total tables 117,707
Total �gures 152,487

Figure subcategories
- Schematics 45396
- Plots and charts 72327
- Visualizations 28103
- Others 6661

Total generated QAs 270194
Maximum question length 194
Maximum answer length 333
Average question length 12.98
Average answer length 14.56

Table 2: Statistics of the
collected research papers
and generated questions.

Figure 2:Source of the collected papers and distribution of �gures
and tables per paper.We collect papers from 19 top-tier conferences
in computer science published between 2018 and 2023.

aspects of the articles. Manually annotating quality questions requires domain expertise and a deep
understanding of the research papers, resulting in existing human-annotated datasets being small-scale
or solely based on abstracts [75, 21, 30, 14, 35]. To bridge this gap, we automatically generate QAs
by leveraging recent advances in powerful multi-modal large language models. We �rst conducted a
pilot study by selecting 30 papers from various domains and experimenting with multiple models.
In our approach, we presented one �gure or table to the model, along with passages referencing the
�gure. We then asked the models to generate a question, answer, and rationale that requires a holistic
understanding of the �gure or table in the context of the paper. We manually veri�ed the quality of
the generated QAs by each model using the following criterion:(i ) Answering the question would
require understanding of the �gure or table.(ii ) The generated answer is correct and to the point.
(iii ) The question is neither too trivial nor too speci�c to the �gure or table. The questions looked
promising and we proceeded to generate 270,194 QAs over 25,859 papers using Gemini 1.5 pro.

After generating QAs, we divide the dataset into three splits: 200 papers for evaluation, 200 for
validation, and the remaining 25,459 for training, ensuring each split consists of papers from all
domains. Despite the good question quality, we perform additional manual �ltering on the evaluation
set to exclude any inconsequential and incorrect QAs. In addition to the three criteria of the pilot
study, the �ltering guideline contains the following standards:(iv ) If two or more questions from a
paper are similar, keep one.(v) If the question is entirely based on the passage, discard the QA.(vi )
If the answer is not clear, e.g., the answer says `It is hard to answer the question based on the given
informatioǹ or `The answer is not evident from the given passage`, discard the QA.(vii ) If the QA
includes phrases likeB̀ased on the passage,' modify it because we show all �gures and tables to the
model at once during evaluation. Appendix Sec. G includes the QA generation prompts, �ltering
guidelines and UI. We double annotated a small set of questions and found 88% agreement between
annotators on which questions to discard. Overall, only around 11% of questions were discarded
when �ltering the evaluation set, and hence no additional �ltering was performed on the train and
validation splits. After �ltering, the �nal evaluation set contains 666 questions, and we refer to this
split as test-A.

Additional Evaluation Sets with Human Written QAs. Since the questions and answers in test-A
are automatically generated by Gemini, to develop a robust and complete QA benchmark on scienti�c
articles, we curate two additional test sets with human-written QAs by utilizing two existing datasets,
QASA [35] and QASPER [14]. However, the human annotators for these datasets mainly considered
the paper text. We aim to identify the questions in these datasets that require reasoning with �gures or
tables for comprehensive answers. For every question, both QASA and QASPER provide evidence
sentences from the paper, which are crucial for answering. We parsed these evidence sentences to
look for phrases likeÀccording to Figure x,' `As shown in Table y,' `Figure z presents,' and separate
such questions, and treat the corresponding �gure and tables as evidence. We collect the PDFs for
the papers in QASA and QASPER from arXiv, and extract the �gures using PDFFigures 2.0. We
conduct additional manual �ltering to verify that the identi�ed evidence �gures help answer the
questions. This process resulted in 228 questions from QASA and 493 questions from QASPER,
where �gures or tables are helpful for answering. We refer to these sets generated from QASA
and QASPER as test-B and test-C, respectively. We additionally took a mix of human and model
generated questions, and asked annotators to indicate whether each question was generated by a
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Method SPIQA test-A SPIQA test-B SPIQA test-C
M R-L C B-F1 L3S M R-L C B-F1 L3S M R-L C B-F1 L3S

Zero-shot Closed-Weight MLLMs

Gemini Pro Vision [72] 22.9 38.3 124.6 64.87 43.85 9.9 19.0 29.1 54.83 31.84 11.6 19.4 47.8 48.95 31.98
Gemini 1.5 Flash [63] 25.4 38.8 110.9 65.84 54.20 11.5 19.4 24.4 56.32 36.04 14.4 18.1 45.5 48.79 36.67
Gemini 1.5 Pro [63] 23.4 35.5 87.1 64.36 53.49 10.8 19.3 26.8 56.62 43.27 12.6 16.8 40.2 47.51 36.72
Claude 3 (Opus) [2] 25.0 41.5 120.2 65.84 61.26 12.7 19.2 17.0 57.03 49.54 15.5 29.7 92.6 52.35 43.88
GPT-4 Vision [1] 23.1 37.7 113.8 64.01 56.67 12.2 18.8 23.7 55.09 43.62 15.2 22.9 75.5 51.02 40.85
GPT-4o [54] 25.5 42.2 133.7 66.14 64.00 10.7 18.9 31.8 53.73 46.22 15.6 31.3 98.4 53.57 46.68

Zero-shot Open-Weight MLLMs

SPHINX-v2 [17] 2.6 3.2 13.4 6.25 3.34 0.1 0.3 0.4 2.08 1.65 1.0 3.3 11.0 8.03 3.32
InstructBLIP-7B [13] 9.5 18.9 62.6 47.70 7.50 3.5 9.5 16.3 39.62 7.07 2.8 15.5 36.6 48.45 8.79
LLaVA-1.5-7B [40] 22.6 34.7 117.8 61.61 13.86 7.7 15.5 16.8 47.21 9.63 7.0 15.1 26.7 45.55 9.53
XGen-MM [64] 17.3 30.6 127.0 58.41 13.74 4.4 8.0 11.1 35.49 8.18 4.2 17.4 46.4 45.25 10.66
InternLM-XC [15] 22.2 29.2 73.7 53.57 18.28 8.1 12.9 16.8 36.00 12.47 8.5 11.4 20.5 34.58 11.84
CogVLM [80] 20.4 27.9 59.2 51.24 16.89 7.9 16.0 26.2 43.93 9.60 9.7 13.9 24.4 42.90 12.52

Fine-tuned MLLMs

InstructBLIP-7B [13] 17.8 32.5 110.0 62.10 43.90 8.8 17.2 28.6 52.79 31.82 10.1 22.8 69.8 50.22 33.48
� InstructBLIP-7B FT - ZS 8.3" 13.6" 47.4" 14.40" 36.40" 5.3" 7.7" 12.3" 13.17" 24.75" 7.3" 7.3" 33.2" 1.77" 24.69"

LLaVA-1.5-7B [40] 23.8 36.0 121.2 63.74 45.45 11.0 18.4 29.5 53.13 33.50 10.5 24.1 69.6 50.15 32.40
� LLaVA-1.5-7B FT - ZS 1.2" 1.3" 3.4" 2.13" 31.59" 3.3" 3.1" 12.7" 5.92" 23.87" 3.5" 9.0" 42.9" 4.60" 22.87"

Table 3:Performance of zero-shot and �ne-tuned systems on direct QA with �gures and tables.
GPT-4o achieves the state-of-the-art results on test-A and test-C, while Claude-3 performs similarly
well as GPT-4o on test-B. M: METEOR, R-L: ROUGE-L, C: CIDEr, B-F1: BERTScore F1 and L3S:
L3Score.� shows improvements after �ne-tuning.

human, machine or if they're unsure and 85% of the time, annotators indicated they were unsure,
indicating the indistinguishability of LLM generated questions from human written ones.

3.3 Dataset Analysis

Splits & Statistics. The main statistics of the collected papers, generated questions, and data splits
are presented in Tables 2 and 4. SPIQA encompasses 25,859 computer science papers published
in top-tier conferences between 2018-2023, containing 152,487 �gures and 117,707 tables. Figure
2 shows the distribution of �gures and tables in every paper. We generate a total of 270,194 QAs
focusing on the �gures and tables along with the main text of the papers. The questions and answers,
on average, contain 12.98 and 14.56 words, respectively. Notably, we observe high variances in
their lengths - 20.47 for questions and 243.29 for answers - indicating a diverse range of patterns in
SPIQA. The training, validation, and test-A splits include papers from every source conference and
ensure that questions from the same paper remain in the same split. The test-B and test-C splits are
generated from QASA [35] and QASPER [14] and contain human-written QAs. Examples from the
dataset, illustrated in Figure 4, highlight two different questions centered on different types of �gures.
Appendix Sec. C provides a detailed comparison of SPIQA with existing scienti�c QA datasets.

Granularity. We divide the collected �gures in four broad categories - schematic diagrams, plots &
charts, visualizations and others. Table 4 presents number of �gures in each category across all splits.
Table 6 reports performance of baseline models on all types of �gure and tables from test-A.

Split # Papers # Ques. # Figures # TablesSche. Plots & Charts Vis. Others.

Train 25,459 262,524 44,008 70,041 27,297 6,450114,728
Val 200 2,085 360 582 173 55 915

test-A 118 666 154 301 131 95 434
test-B 65 228 147 156 133 17 341
test-C 314 493 415 404 26 66 1332

Table 4: Split Statistics of SPIQA.
Train, val, test-A contains LLM-
generated QAs; test-B and test-C have
human-written QAs. We report the num-
ber of tables and �gures in each split.

4 LLMLogScore (L3Score): An Improved Metric for Free-form QA

Evaluating free-form QA is challenging because the answers are often descriptive and lack a prede-
�ned format. Current LLMs generate varied and detailed responses that may appear different but
are still accurate, which traditional QA evaluation metrics such as BLEU [57] and ROUGE [39]
often fail to capture. Inspired by the ability of LLMs to evaluate natural language generation (NLG)
[90, 42, 25], three recent approaches, LAVE [47], LIMA [ 91], and Prometheus-Vision [34], utilize
the in-context capability of instruction-tuned LLMs to rate candidate answers on 3, 6, and 5-point
scales, respectively. However, these metrics are highly sensitive to the chosen scale range and do not
consider the LLM's con�dence in the provided ratings.
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Method
SPIQA test-A SPIQA test-B SPIQA test-C

Ret. QA Ret. QA Ret. QA
Acc. M R-L C B-F1 L3S Acc. M R-L C B-F1 L3S Acc. M R-L C B-F1 L3S

Gemini 1.5 Flash [63] � 25.4 38.8 110.9 65.84 54.20 � 11.5 19.4 24.4 56.32 36.04 � 14.4 18.1 45.5 48.79 36.67
w/ Full Paper � 27.1 41.5 125.2 69.20 58.12 � 13.7 24.1 53.4 59.95 37.42 � 14.8 18.9 52.0 49.77 37.25
w/ CoT 86.18 26.0 39.6 120.5 68.11 56.5757.45 10.9 19.5 26.5 57.75 35.7569.37 13.1 18.5 47.8 49.36 34.28

Gemini 1.5 Pro [63] � 23.4 35.5 87.1 64.36 53.49 � 10.8 19.3 26.8 56.62 43.27 � 12.6 16.8 40.2 47.51 36.72
w/ Full Paper � 27.0 40.4 116.8 69.05 61.80 � 13.5 22.3 34.8 59.18 47.51 � 13.2 17.5 54.3 49.25 39.48
w/ CoT 85.88 25.6 38.7 99.5 67.15 64.6862.28 11.2 18.6 27.0 56.46 47.3870.79 14.6 18.7 55.7 49.79 41.12

GPT-4 Vision [1] � 23.1 37.7 113.8 64.01 56.67 � 12.2 18.8 23.7 55.09 43.62 � 15.2 22.9 75.5 51.02 40.85
w/ Full Paper � 27.0 39.5 128.7 67.24 62.45 � 14.8 22.1 28.3 58.33 46.63 � 15.6 23.8 94.8 52.46 42.28
w/ CoT 83.25 25.6 38.8 94.6 66.92 63.3760.45 11.6 20.0 27.4 57.82 45.3566.73 14.5 19.4 56.5 50.43 43.83

GPT-4o [54] � 25.5 42.2 133.7 66.14 64.00 � 10.7 18.9 31.8 53.73 46.22 � 15.6 31.3 98.4 53.57 46.68
w/ Full Paper � 27.4 45.2 137.5 68.75 65.89 � 14.6 24.1 55.0 59.39 47.61 � 16.3 34.0 107.5 54.15 48.10
w/ CoT 85.58 27.2 43.6 131.0 69.34 66.09 63.63 10.8 20.0 35.8 57.75 46.5270.38 15.7 22.8 64.9 52.5248.62

Table 5: Performance on direct QA with full paper and CoT QA. Both tasks help to improve
the performance of Gemini and GPT4 models over direct QA with �gures and tables. Acc: top-1
accuracy, M: METEOR, R-L: ROUGE-L, C: CIDEr, B-F1: BERTScore F1 and L3S: L3Score.

We alleviate the necessity of a prede�ned scale range and detailed interpretation of every point in the
scale by proposing LLMLogScore (L3Score), which directly uses the log-likelihood probabilities
generated by an LLM for evaluating the answers. We use GPT-4o [54] as our LLM, show the model
the candidate and the ground-truth answers, and ask if the semantic meaning of the candidate and
the ground-truth are similar in the context of the question. The LLM is expected to answer yes
or no in a single word. The prompt used for calculating L3Score is in Appendix Sec. F. Next,
instead of considering the �nal response by the LLM, we look into the top-53 log probabilities and
corresponding tokens, and we de�ne the L3Score metric as follows:

L3Score= softmax(x)yes =
exp(lyes )

exp(lyes ) + exp(lno )
(1)

exp() is the exponential and softmax() is the softmax operation,lyes andlno are the log probability
for the tokensỳes' and `no' and x represents the vector [lyes , lno ]. Essentially L3Score renormalizes
the probabilities of tokens `yes' and `no' to sum to 1. However, due to the caveat that we use a closed
model, only the top-5 log probabilities are available to us, hence we may need to approximate the log
probability if one or both tokens are missing from the top-5. We do it as follows

1. If neitherlyes or lno is in the top-5, L3Score= 0.

2. If only one oflyes or lno is present, then we approximate thelx c for the complementary missing
token (denotedxc), by considering the minimum (min) of the token with the lowest probability
(plow ) in the top-5 vs. log of the probability mass remaining (prem ) excluding the top-5.

If the top-5 log probabilities in descending order arelx i i 2 f 0; 1; 2; 3; 4g. Let xk represent the token
(either ỳes' or `no') that is present in the top-5, with its corresponding log probability denoted aslx k .

lx c = log(min(plow ; prem ) ) where plow = exp(lx 4 ) ; prem = 1 �
4X

i =0

exp(lx i )

L3Score= softmax(x)yes =

8
<

:

exp( l x k )
exp( l x k )+exp( l x c ) if xk = yes

1 � softmax(x)no = exp( l x c )
exp( l x k )+exp( l x c ) if xk = no

(2)

Figure 4 shows QA evaluations where L3Score is more appropriate than ROUGE and BERTScore.
We provide additional examples comparing L3Score with other LLM-based metrics in Appendix H.

5 Experiments

5.1 Experimental Seutp

We evaluate six state-of-the-art closed-source and six open-source models on the test sets of SPIQA
for three different task setups: direct QA with �gures and tables, direct QA with full paper, and CoT
QA. For the long-context models like Gemini [72, 63], GPT [1, 54] and Claude 3 [2], we input all

3We choosen = 5 for top-n log probabilities as this is the highest value ofn returned by the OpenAI API.
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(a) Results ontest-A. (b) Results ontest-B. (c) Results ontest-C.

Figure 3:Ablation on the importance of captions in the QA task.All Gemini and GPT variants
suffer when captions are omitted. All numbers are for direct QA with �gures and tables.

the images together and ask the model to answer questions. Since most open-weight models can
only take one image in a single query, we ask the question and show every image one by one in a
multi-turn setup, and then the model answers. We use full-resolution images for models with high
context length and 224px images for low context length. For evaluating the free-form answers, we
report �ve different metrics for comprehensive analysis - METEOR [4], CIDEr [77], ROUGE-L
[39], BERTScore F1 [88] and the proposed L3Score. For the CoT QA task, we also report the
top-1 accuracy for retrieving the helpful images to answer the question. We further elaborate on the
importance of comprehending the captions with the �gures and tables and report granular results on
different �gure subcategories.

Fine-tuning Details. We �ne-tune two open-sourced models, InstructBLIP [13] and LLaVA 1.5
[40] on SPIQA training set with simple QA prompts, where every training sample contains one
reference image, corresponding question and answer. We initialize both models from the publicly
available checkpoints4 and train them for two epochs with LoRA [19] of rank 32. We use AdamW
[44] optimizer, a cosine scheduler [43] with a linear warmup for the �rst 3% steps, a peak learning
rate of 1e-5, and a batch size 32. Each training job takes about 4 hours on 8 A6000 GPUs. We do not
use the main text from papers during training, as InstructBLIP and LLaVA have a low context length
of 2048. We resize the images to 224px for training. The trained models are evaluated for direct QA
with �gures and tables.

5.2 Main Results

We highlight the highest scores among closed and open models in every table withred andblue,
respectively, and indicate the performance improvements by �ne-tuned models with� .

Direct QA w/ Figures and Tables. Table 3 reports the performance of all open, closed, and �ne-
tuned models for direct QA with �gures and tables. We also use the captions with the images in
this setup. Among the open-sourced systems, InternLM-XC and CogVLM perform slightly better
than others. InternLM-XC achieves 18.28 and 12.47 L3Score on test-A and test-B, which are� 5
points superior to InstructBLIP, SPHINX, LLaVA, and XGen-MM. CogVLM performs better than
InternLM-XC on test-C, yielding a L3Score of 12.52. Since these models are solely trained on
natural images, in most cases, they are unable to understand complex �gures and tables and generate
random answers. Among the closed models, GPT-4o performs consistently well on test-A and test-C,
producing state-of-the-art results on all metrics. Claude-3 also demonstrates strong performance and
achieves the highest L3Score score of 49.54 on test-B, which is 3.32 points higher than GPT-4o. We
also observe the variability of traditional QA metrics across different models. For example, on test-C,
Gemini 1.5 Pro achieves 1.0 point higher METEOR score than Gemini Pro Vision but also attains 2.6
and 7.6 points lower ROUGE and CIDEr scores. In contrast, our proposed L3Score metric considers
the semantic meaning of answers instead of mere token matching and persistently generates higher
scores for better answers.

The �ne-tuned InstructBLIP and LLaVA 1.5 obtain a massive improvement of 28 and 26 point
L3Score on average over three test sets compared to corresponding zero-shot models. These �ne-
tuned models perform almost equally well as Gemini Pro Vision, a powerful long-context closed
system. Such results signify the effectiveness of our proposed large-scale training corpus, which will
pave the way for developing dedicated QA systems for scienti�c papers in the future.

4InstructBLIP and LLaVA 1.5
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Method Tables Figures OverallSchematics Plots & charts Visualizations Other �gures
C B-F1 L3S C B-F1 L3S C B-F1 L3S C B-F1 L3S C B-F1 L3S C B-F1 L3S

Zero-shot Closed-Weight MLLMs

Gemini Pro Vision [72] 130.7 65.12 39.95 111.2 66.79 45.28 127.2 63.47 45.63 119.1 65.15 51.74 113.4 65.79 47.95 124.6 64.87 43.85
Gemini 1.5 Flash [63] 128.1 66.79 47.71 86.9 67.50 60.72 101.0 62.81 54.02 112.1 66.91 63.47 96.7 67.28 62.16 110.9 65.84 54.20
Gemini 1.5 Pro [63] 88.9 65.77 55.53 60.8 64.67 55.80 101.6 62.48 48.34 80.4 63.63 57.83 70.4 64.22 56.28 87.1 64.36 53.49
GPT-4 Vision [1] 132.6 64.64 56.68 44.3 63.99 60.14 133.3 63.19 53.74 93.0 62.52 58.55 69.2 63.92 60.93 113.8 64.01 56.67
GPT-4o [54] 130.7 65.90 65.18 114.9 68.20 71.38 153.6 65.35 56.73 96.6 64.81 56.07 117.9 67.20 67.57 133.7 66.14 64.00

Zero-shot Open-Weight MLLMs

InstructBLIP-7B [13] 30.6 43.59 3.68 50.9 54.48 8.28 92.2 47.11 8.92 131.1 55.63 14.81 76.7 53.44 10.26 62.6 47.70 7.50
LLaVA-1.5-7B [40] 104.9 58.00 8.90 86.4 67.59 18.09 159.2 61.02 15.68 123.5 65.87 18.03 95.4 66.53 18.11 117.8 61.61 13.86
XGen-MM [64] 79.0 55.74 7.42 99.5 58.99 17.35 200.6 60.06 17.36 157.7 64.61 19.91 122.3 60.37 18.70 127.0 58.41 13.74
InternLM-XC [15] 93.1 54.40 13.09 66.4 60.49 25.79 38.5 44.25 17.48 98.3 61.5 24.98 78.9 60.66 25.75 73.7 53.57 18.28
CogVLM [80] 79.5 52.10 13.89 50.9 51.80 19.47 47.3 50.25 18.22 32.3 49.84 20.89 43.4 51.03 20.30 59.2 51.24 16.89

Table 6: Performace on tables and �gure subcategories.All numbers are for direct QA with
�gures and tables on test-A. C: CIDEr, B-F1: BERTScore F1 and L3S: L3Score.

Direct QA w/ Full Paper. In this task, we provide the full text of the paper, including �gures, tables,
and captions, and ask the models to answer a question directly. While the complete text aids in
comprehending the article, it also necessitates long-context reasoning capabilities, as scienti�c papers
are typically 8-10 pages long. As shown in Table 5, powerful multimodal models such as Gemini 1.5,
GPT-4o, and GPT-4 Vision exhibit signi�cant performance improvements when using the full paper.
For example, Gemini 1.5 Pro achieves L3Score improvements of 8.31, 2.24, and 2.76 points with the
full text compared to using only �gures and tables. This demonstrates the potential of leveraging the
full text, which we make available with SPIQA, to develop more advanced models in the future.

CoT QA. Table 5 presents the performance of the Gemini and GPT models on the CoT QA task.
In this task, the system �rst retrieves reference images and then generates the answer. The CoT
prompt guides the model through step-by-step reasoning, which often results in better responses.
For instance, GPT-4 Vision shows an increase of 6.70, 1.73, and 2.98 in L3Score when using CoT
prompts compared to direct QA. Similar improvements are observed in most cases for the Gemini
models. For simplicity, we perform CoT QA using only �gures and tables.

5.3 Ablation studies and performance on sub-categories

Captions are helpful. In scienti�c papers, �gures and tables are often accompanied by detailed
and informative captions. Figure 3 shows that all Gemini and GPT variants experience signi�cant
performance drops when captions are excluded. For instance, the best-performing GPT-4o model
suffers a 2-point L3Score decrease on test-A when captions are omitted, which underscores the
importance of captions in providing context and enhancing comprehension in QA tasks.

Figure Subcategories.Table 6 shows the performance of baseline models on tables and �gures in
test-A. Baseline models perform well on schematic diagrams but struggle with plots, charts, and
visualizations. For example, GPT-4o scores 71.38 on schematics but only 56.73 and 56.07 on plots
& charts, and visualizations, respectively. Such results indicate the need for improved systems to
comprehend scienti�c diagrams requiring mathematical reasoning.

Tables harder for open models.Table 6 indicates open-source models struggle with tables, scoring
lower than their overall performance. All closed-source models perform well. Notably, GPT-4o
achieves a 65.18 L3Score on tables, outperforming GPT-4 Vision, the second best by 8.50 points.

Image resolution matters. Appendix Figure B.1 includes performance of the closed models on
images of different resolutions. Full resolution images result in consistently better performance.

5.4 Human Evaluation

We conduct a human evaluation on a 20% subset of test-A to establish a human performance baseline
for the CoT QA task in Table 7. The diversity of research domains in the SPIQA dataset poses
a challenge in obtaining a reliable human upper bound, as it requires broad expertise to answer

Method CoT QA on SPIQA test-A
Ret. Acc. M R-L C B-F1 L3S

Human Eval 94.89 28.2 44.4 130.9 69.90 68.10
Gemini 1.5 Flash [63] 87.14 26.0 39.1 123.2 67.10 58.72
Gemini 1.5 Pro [63] 86.58 26.2 39.0 103.4 66.75 65.16
GPT-4 Vision [1] 84.30 26.0 38.6 110.1 66.94 64.55
GPT-4o [54] 86.58 27.4 43.7 130.2 68.93 66.36

Table 7: Human evaluation on a 20%
subset of test-A on CoT QA.We also
report the scores of baseline models on
the same subset of test-A to contextual-
ize their performance compared to hu-
man capability.
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