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Abstract
Multimodal Retrieval-Augmented Generation
(MRAG) enhances reasoning capabilities by
integrating external knowledge. However, ex-
isting benchmarks primarily focus on simple
image-text interactions, overlooking complex
visual formats like charts that are prevalent in
real-world applications. In this work, we intro-
duce a novel task, Chart-based MRAG, to ad-
dress this limitation. To generate high-quality
evaluation samples, we propose CHARGE
(CHARt-based document question-answering
GEneration), a semi-automatic framework for
generating evaluation samples through multi-
modal keypoint extraction, knowledge graph
construction, and qa pair synthesis. By com-
bining CHARGE with expert validation, we
construct Chart-MRAG Bench, a comprehen-
sive benchmark for chart-based MRAG evalua-
tion, featuring 4,738 question-answering pairs
across 8 domains from real-world documents.
Our experiments reveal three critical limitations
in current approaches: (1) unified multimodal
embedding retrieval methods struggles in chart-
based scenarios, (2) even with ground-truth re-
trieval, state-of-the-art Multimodal Large Lan-
guage Models (MLLMs) achieve only 71.15%
Correctness and 80.74% Coverage scores, and
(3) Widely-used MLLMs demonstrate consis-
tent text-over-visual modality bias. These find-
ings highlight great challenges in processing
information-dense visual formats. The dataset
and code are available at Chart-MRAG.

1 Introduction

Multimodal retrieval-augmented generation
(MRAG) (Zhao et al., 2023) enhances multimodal
reasoning by retrieving relevant external knowl-
edge, and leveraging multimodal large language
models (MLLMs) for informed response genera-
tion (OpenAI, 2023; Zhang et al., 2024a). This
approach substantially mitigates hallucinations and
improves factual grounding (Gao et al., 2023).

*Corresponding authors.

Figure 1: Comparison of two common MRAG scenarios,
image-based and text-image, and the proposed text-chart
task. In the text-chart MRAG scenario, models need to
capture intricate chart details and retrieve both chart and
text information to generate correct answers.

Effectively evaluating MRAG systems requires
high-quality benchmarks that assess both retrieval
and generation. Existing benchmarks such as
MRAG-Bench (Hu et al., 2024) and Dyn-VQA
(Li et al., 2024b) have made strides in assess-
ing MRAG capabilities through manually curated
question-answering (QA) pairs. However, as illus-
trated in Fig.1(a) and (b), these benchmarks primar-
ily focus on scenarios involving images or simple
combinations of images and text. Such settings
fail to capture the complex interactions between
visual details and corresponding text, particularly
when dealing dense and structured information like
charts, which are widely used in real-world appli-
cations (Masry et al., 2022). This leaves a critical
gap in MRAG evaluation (detailed discussion refer
to Appendix 6).

To bridge this gap, we propose a new task:
Chart-based MRAG. For a given text query, this
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task involves three RAG sub-tasks: (1) Text-Chart
MRAG, as illustrated in Fig. 1(c), both textual and
chart data must be jointly retrieved to generate cor-
rect answers. In addition, to allow for the sepa-
rate evaluation of each modality’s contributions, it
also provides (2) Text-only RAG, where answers
can only be found in textual information; and (3)
Chart-only MRAG, where answers depend exclu-
sively on chart data. To comprehensively evalu-
ate these tasks, a major challenge is how to semi-
automatically generate high-quality QA pairs that
accurately capture text-chart interactions.

To overcome this challenge, we propose CHARt-
based document question-answering GEneration
(CHARGE), a framework for automatically gen-
erating QA pairs from real-world chart-document
data. CHARGE follows a three-stage pipeline: it
begins with multi-modal keypoint extraction from
both text and charts, then constructs a keypoints
knowledge graph, and finally generates question-
answer pairs to model complex multimodal inter-
actions. Moreover, to further challenge the chart-
based MRAG task, MLLMs are employed to gener-
ate QA pairs that require multi-hop reasoning based
on intra-document or inter-document retrieval.

Building on CHARGE, we introduce Chart-
MRAG Bench, a high-quality, human-checked
benchmark tailored for Chart-based MRAG. With
CHARGE, 5,866 qualified QA pairs were initially
generated, after that, 4,738 (nearly 80%) were
meticulously selected through expert evaluation
based on clarity, accuracy, multimodal coherence,
and ethical considerations. As shown in Table 1,
Chart-MRAG Bench comprises 267 documents
spanning 8 domains, 8 types of questions, 1,283
paragraphs, and 627 charts, capturing complex
cross-modal interactions in realistic scenarios.

We conducted a systematic evaluation of main-
stream retrieval methods and MLLMs on Chart-
MRAG Bench. In our evaluation, keypoint-based
Correctness and Coverage metrics were introduced
to rigorously assess accuracy and comprehensive-
ness. The results reveal that unified multimodal em-
bedding retrieval methods, which rely on a single
vector store, perform poorly in high-density chart
scenarios. Furthermore, even with ground-truth
retrieval, the best-performing Claude-4.5-Sonnet
(Team et al., 2024) only achieved 71.15 Correctness
and 80.74 Coverage metrics, highlighting persis-
tent challenges in text-chart multimodal reasoning.
In summary, the contributions of this paper are:

1) We present Chart-based MRAG, the first ex-

Table 1: Comparison between existing MRAG bench-
marks and the proposed Chart-MRAG Bench.

Benchmark MRAG
Type

QA
Pairs

Includes
Chart

Expert
Annot.

M2RAG (Ma et al., 2024c) Image 0.8k ✗ ✗

MultiTableQA (Zou et al., 2025) Table 2.6k ✗ ✗

Dyn-VQA (Li et al., 2024b) Image 1.5k ✗ ✓

MMSearch (Jiang et al., 2025) Image 0.3k ✗ ✓

ViDoSeek (Wang et al., 2025) Image 1.1k ✓ ✓

MRAG-Bench (Hu et al., 2024) Image 1.4k ✗ ✓

SSMQG (Wu et al., 2024) Image 1.0k ✗ ✗

Chart-MRAG (Ours) Chart 4.7k ✓ ✓

tension of MRAG to chart scenarios that introduces
a new dimension for evaluating cross-modal rea-
soning in information-dense visual contexts.

2) We propose CHARGE, an automated frame-
work for generating QA pairs in real-world scenar-
ios through a structured pipeline.

3) We establish Chart-MRAG Bench based on
CHARGE. It is a human-verified benchmark for
chart-based MRAG, covering 8 scenarios, 8 ques-
tion types, and 4,738 QA pairs, with a subset de-
signed for multi-hop reasoning.

4) We introduce two robust evaluation metrics
to assess MRAG quality. Extensive experiments
highlight the limitations of existing retrieval and
generation methods in chart-centric tasks.

2 Related Work

Multimodal RAG Methods. Recent advances in
Retrieval-Augmented Generation (RAG) (Izacard
et al., 2022; Zhang et al., 2024b; Jia et al., 2025;
Zhu et al., 2025; Wei et al., 2025a, 2026, 2025b)
have successfully extended to multimodal domains
(Chen et al., 2022; Zhao et al., 2023, 2024; Li et al.,
2026b,a; Zhang et al., 2026), enabling cross-modal
tasks through MLLMs (Yao et al., 2024; Team,
2024). While researchers have proposed various ap-
proaches (Ma et al., 2024a; Faysse et al., 2024; Yu
et al., 2024; Zou et al., 2025; Wang et al., 2025) for
cross-modal retrieval, current evaluation method-
ologies predominantly rely on Visual Question An-
swering (VQA) datasets (Marino et al., 2019; Tal-
mor et al., 2021; Schwenk et al., 2022; Masry et al.,
2022). These evaluations fall short in addressing
retrieval-specific challenges.
Multimodal RAG Benchmarks. The effective-
ness of MRAG systems necessitates comprehen-
sive evaluation benchmarks. While several bench-
marks (Hu et al., 2024; Li et al., 2024b; Zhou et al.,
2024) explore vision-based retrieval for question



Figure 2: The proposed CHARGE framework for creating QA pairs from document-chart data, consisting of three
steps: (1) Extracting multimodal keypoints from both textual and visual content, (2)Constructing a knowledge graph
from the extracted keypoints, and (3) Generating diverse QA pairs by performing random selection on the graph.

answering through manual annotation, they neglect
the critical dimension of cross-modal collaborative
generation. Some studies (Dong et al., 2025; Ma
et al., 2024b; Ding et al., 2024) consider hybrid
modality retrieval, yet they primarily rely on man-
ual question-answering. Furthermore, although
some studies (Es et al., 2023; Mathew et al., 2021;
Li et al., 2024a; Wu et al., 2024) have investigated
automated processes for generating cross-modal
QA pairs, their scope focus on simplistic natural
images with singular subjects, the chart-based sce-
narios largely unexplored. To bridge this gap, this
paper introduce Chart-MRAG Bench. Table 1 il-
lustrates the differences between existing MRAG
benchmarks and Chart-MRAG Bench.

3 CHARGE Framework

We present CHARGE, a framework for generating
multimodal multi-hop QA pairs from chart-based
documents. CHARGE operates in three stages: (1)
extracting multimodal keypoints from both textual
and visual content, (2) constructing a knowledge
graph from the extracted keypoints, and (3) gen-
erating diverse QA pairs by performing random
selects on the graph to enable multi-hop reasoning.

3.1 Multimodal Keypoint Extraction

CHARGE initially processes textual content and
charts into keypoints. These keypoints consist of
information units that capture factual statements,
logical inferences, or conclusive summaries (e.g.,
"33% of U.S. adults say they use TikTok").

The processing module combines OCR and
MLLM to capture both textual information and

chart content. For textual information, we utilize
GPT-4o to extract keypoints T = {T1, ..., Tm}
from paragraphs, as shown in Fig 34. For chart
content, we employ a two-step approach: first ex-
tracting numerical values using ChartOCR (Luo
et al., 2021), then applying GPT-4o to structure the
extracted values into keypoints C = {C1, ..., Cn},
ensuring both contextual comprehension and nu-
merical precision, as detailed in Fig 35. The com-
plete workflow is presented in Appendix .12.

3.2 Knowledge Graph Construction
Following keypoint extraction, CHARGE con-
structs a knowledge graph to deeply model informa-
tion relationships across documents and modalities.
Specifically, we transform individual keypoints into
structured representations by extracting entities, re-
lationships, and attributes from each keypoint.

During graph construction, we verify keypoints
whose semantic similarity exceeds a threshold τ .
Concretely, if two keypoints have a semantic sim-
ilarity above τ , GPT-4o is invoked to determine
whether they are semantically redundant. If both
keypoints convey identical information, they are
discarded and excluded from the candidate set for
QA generation (as illustrated by the gray nodes
in Fig.2). This verification mechanism ensures
the uniqueness of keypoint sources in the graph,
thereby maintaining answer consistency in subse-
quent retrieval-augmented generation.

After building the keypoint knowledge graph,
we further partition the keypoints into communities
to organize information by topic. Identifying se-
mantically related keypoint communities enhances
the topical relevance and logical coherence of the



Figure 3: An inter-document multi-hop QA example
from Chart-MRAG Bench, generated by CHARGE.

generated high-quality question-answer pairs.

3.3 Question-Answer Pair Generation

CHARGE employs a random select approach
on the knowledge graph for generating question-
answer pairs. The process begins by randomly se-
lecting a community to determine the topical theme,
followed by a four-step generation procedure:
Starting Point Selection: A node KStart (e.g.,
"TikTok") is randomly chosen from the selected
community as the starting point.
Related Node Retrieval: The top-n nodes seman-
tically related to KStart are retrieved to form a
candidate pool {K1,K2,K3, ...,Kn}, maintaining
thematic and entity consistency to ensure informa-
tional coherence in QA generation.
Node Pair Matching: The candidate nodes are
processed by an LLM, which analyzes their re-
lationships and selects the most appropriate pair
{Ki,Kj} for joint QA generation.
High-quality QA Generation: A specialized
LLM agent generates precise question-answer pairs
QAij that strictly based on {Ki,Kj}.

To ensure QAij exclusively depends on both
{Ki,Kj}, we implement a rigorous verification
protocol using an LLM-as-a-Judge. The QA pair
is retained only if it satisfies the following criteria:
correct when provided with both {Ki,Kj}, but in-
correct under direct answering or when given only
Ki or Kj individually. The complete procedure for
QA generation is outlined in Algorithm 1.

We categorize the generated QA pairs by Doc-
ument Source and Modality. For Document

Source, categories include Intra-Document (key-
points {Ki,Kj} from the same document) and
Inter-Document (keypoints from different docu-
ments). For Modality, categories include Text-only
(keypoints {Ti, Tj} from text), Chart-only (key-
points {Ci, Cj} from charts), and Text-Chart (key-
points {Ci, Tj} from mixed modalities).

For example, as illustrated in Fig 3, CHARGE
generates an Inter-Document Text-Chart QAij :
"What percentage of all U.S. adults use TikTok
for product reviews or recommendations?", which
requires integrating Ci (from chart): "33% of U.S.
adults say they use TikTok" with Tj (from text):
"62% of U.S. adults who use TikTok say a reason
they use the site is to look at product reviews or
recommendations".

Furthermore, to cover varying difficulty levels,
CHARGE also supports single-keypoint QA gen-
eration, denoted as QAi derived from Text-only
keypoint Ti or Chart-only keypoint Ci. These QA
pairs are constructed based on individual keypoints
and undergo the same LLM-as-a-Judge verifica-
tion process. We categorize these as Single-Point
Text-only and Single-Point Chart-only QA pairs.

Algorithm 1: QA Generation via CHARGE

Input :Knowledge graph G = (V,E);
Community set C = {C1, C2, ..., Cm}

Output :Question-Answer pair (q, a)
// Step 1: Random Starting Point Selection

1 C ← Randomly select one community from C
2 Kstart ← Randomly select one keypoint from C
// Step 2: Related Node Retrieval

3 S ← Retrieve(Kstart, V, n)
4 Kcandidates ← {K1,K2, ...,Kn} from S
// Step 3: Node Pair Matching

5 {Ki,Kj} ← LLMpair(Kcandidates)
// Step 4: High-quality QA Generation

6 (q, a)← LLMqa(Ki,Kj)
7 return (q, a)

4 Chart-MRAG Bench

By utilizing the CHARGE framework, we gener-
ated an initial pool of question-answer pairs. These
pairs underwent rigorous expert evaluation to en-
sure high quality, culminating in the Chart-MRAG
Bench. This process was guided by 4 principles:
Authenticity and Diversity. The benchmark is
based on real-world data collected from the of-
ficial website1, a trusted source of high-quality
social research. We collected data from Septem-
ber 2023 to September 2024, encompassing 267

1www.pewresearch.org



Statistics Reasoning Step Number

- Single-Point Text-only 1-hop 499 (10.53%)
- Single-Point Chart-only 1-hop 763 (16.10%)
- Intra-Document Text-only 2-hop 666 (14.06%)
- Intra-Document Chart-only 2-hop 587 (12.39%)
- Intra-Document Text-Chart 2-hop 746 (15.74%)
- Inter-Document Text-only 2-hop 547 (11.54%)
- Inter-Document Chart-only 2-hop 472 (9.96%)
- Inter-Document Text-Chart 2-hop 458 (9.67%)

Table 2: Chart-MRAG question types, spanning com-
plexities and multi-modalities, are designed by selecting
keypoints from diverse sources and modalities.

documents containing 1,283 text passages and 627
charts. As illustrated in Table 2 and Fig 4, Chart-
MRAG Bench encompasses 8 distinct domains,
integrating over 10 chart types and 8 QA types.
Annotation Reliability. We engaged 12 expert an-
notators with Master’s degrees. All annotators were
proficient in English, with an average TOEFL score
of 92 or equivalent language proficiency. The an-
notation process took 34 working days to complete.
Our annotation protocol involved three indepen-
dent reviewers evaluating each sample, achieving
a Fleiss’s kappa (Fleiss and Cohen, 1973) of 0.82,
indicating substantial inter-annotator agreement.
Rigorous Quality Control. Through meticulous
manual review, we refined the dataset from 9,600
initial candidates to 5,866 validated pairs by sys-
tematically eliminating 2,631 samples with OCR
errors and 1,103 redundant samples. A consensus-
based sampling strategy required validation from at
least two reviewers, resulting in 4,738 high-quality
samples (nearly 80% of the validated pairs).
High Information Complexity. Statistical anal-
ysis reveals the benchmark’s sophistication: ap-
proximately 70% of charts contain more than 8
critical information points (mean: 13.87), and over
73% of text passages include more than 6 keypoints
(mean: 8.31). This information-rich environment
rigorously evaluates models’ capacity to process
intricate and dense data representations.

For illustrative examples of Chart-MRAG Bench
question-answer pairs across different domains and
reasoning types, please refer to Appendix 6.

5 Experiments

5.1 Baselines and Evaluation Metrics
We conduct comprehensive evaluations using 3
distinct retrieval methods and 8 diverse MLLMs.
Including Multimodal Retrievers: CLIP (Rad-
ford et al., 2021), JINA (Koukounas et al., 2024),

Figure 4: Distribution of Chart-MRAG Bench across
8 domains by controlling the community topics in the
knowledge graph, representing key areas of real-world.

SigLIP (Zhai et al., 2023), BGE-M3-base/large
(Chen et al., 2024) and E5-base/large (Wang et al.,
2022). And Backbone MLLMs: GPT-4o (ver-
sion 2024-11-20) (Radford et al., 2021), GPT-
5 (version 2025-08-07)(OpenAI, 2025), Gemini-
2.5-Pro (version preview-06-05)(Comanici et al.,
2025), Claude-4.5-Sonnet (version 2025-05-14)
(Anthropic, 2024), SAIL-VL-2B (Team, 2024),
Qwen2-VL-7B-instruct (Wang et al., 2024),
MiniCPM-V-2.6 (8B) (Yao et al., 2024), and Llama-
3.2-90B-Vision (Dubey et al., 2024).

Following (Wu et al., 2024), we evaluate multi-
modal retrieval models using Recall@5 (R@5) and
Recall@10 (R@10). Please refer to Appendix .9
and Appendix .10 for details of the retrieval setup
and metrics. Moreover, since chart-based MRAG is
a newly proposed task, existing evaluation metrics
are inadequate. Therefore, we introduce Correct-
ness and Coverage metrics to assess the quality of
responses. The rationale behind these new met-
rics and their fairness evaluation are thoroughly
discussed in Appendix .11 and Appendix .12.
Correctness. It measures the exact match be-
tween response and ground truth keypoints. Given
a question-answer pair {Q,A,Kgt} with ground
truth keypoints Kgt = {kgt1 , ..., kgtn }, we extract
keypoints Kr = {kr1, ..., krm} from the model’s
response using an LLM. The score is defined as:

Correctness(Kr,Kgt) = 1[Kr ≡ Kgt], (1)

where Kr ≡ Kgt implies complete keypoint
matching and equal cardinality. This binary metric
requires perfect accuracy, with zero tolerance for
missing information or errors.
Coverage. It quantifies the proportion of correctly
captured ground truth keypoints:

Coverage(Kr,Kgt) =
|Km|
|Kgt|

, (2)



Model
Overall Single-Point Intra-Document Inter-Document

R@5 R@10
Text-only Chart-only Text-only Chart-only Text-Chart Text-only Chart-only Text-Chart

R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10

Method 1: Unified Multimodal Embedding and Single Vector Store

SigLIP 11.69 15.95 50.00 57.07 0.00 0.00 19.63 30.74 0.00 0.00 0.00 0.00 16.20 27.31 0.00 0.00 0.00 0.00
CLIP 13.26 19.07 56.06 65.15 0.00 0.00 24.44 42.22 0.00 0.00 0.00 0.00 16.20 28.70 0.00 0.00 0.00 0.00
JINA 23.14 29.02 77.78 85.35 0.00 0.00 47.04 63.70 0.00 0.00 0.00 0.00 41.20 56.94 0.00 0.00 0.00 0.00

Method 2: Multimodal Embeddings and Combined Vector Stores (Caption generated by GPT-4-Vision)

BGE-M3-base 22.89 31.21 39.90 47.47 52.24 62.09 9.63 18.52 17.01 31.29 9.09 15.51 9.72 15.28 13.43 19.40 4.46 11.61
BM25 27.02 36.46 51.01 54.55 52.24 63.88 16.67 26.67 12.93 25.17 7.49 19.79 23.15 31.94 10.45 16.42 12.50 21.43
BGE-M3-large 27.64 39.52 64.65 70.71 43.58 59.70 29.26 42.96 10.20 17.69 8.02 18.72 18.98 32.41 5.97 14.93 8.93 22.32
E5-base 35.27 47.59 67.17 73.74 66.27 80.90 21.48 34.81 23.13 47.62 15.51 25.13 20.37 27.78 20.90 35.07 14.29 23.21
E5-large 41.53 59.54 72.73 79.80 64.78 79.40 38.89 60.74 23.13 48.30 18.18 41.71 35.65 53.24 20.90 41.04 22.32 40.18

Method 3: Multimodal Embeddings and Separate Vector Stores

JINA + BM25 23.83 33.90 48.48 53.03 45.67 59.10 11.85 20.37 14.97 28.57 9.63 18.72 15.74 26.39 7.46 19.40 14.29 21.43
CLIP + BGE-M3-base 25.64 36.09 34.34 41.92 66.57 77.61 5.93 12.96 24.49 51.70 10.70 19.25 6.48 12.04 14.93 35.07 11.61 12.50
CLIP + BGE-M3-large 33.40 46.97 57.58 68.18 66.57 77.61 20.74 34.07 24.49 51.70 19.79 32.09 13.89 24.07 14.93 35.07 16.07 25.89
SigLIP + E5-base 37.96 52.47 64.65 69.70 84.18 93.73 15.56 29.63 39.46 74.15 17.11 28.34 13.89 24.54 14.18 44.78 14.29 28.57
SigLIP + E5-large 42.53 61.10 68.69 75.76 84.18 93.73 25.19 47.41 39.46 74.15 24.06 41.71 21.76 43.06 14.18 44.78 22.32 40.18

Table 3: Performance Comparison of Different Multimodal Retrieval Models (%) on Chart-MRAG benchmark,
evaluating three strategies: Unified Multimodal Embedding with Single Vector Store, Multimodal Embeddings with
Combined Vector Stores, and Multimodal Embeddings with Separate Vector Stores (best scores highlighted in blue).

where Km represents matched GT keypoints. This
metric in [0,1] enables granular evaluation.

To compute the Correctness and Coverage scores
in a robust and automated manner, we employ
a jury of multiple advanced LLMs (GPT-4.1,
Qwen2.5-Max, Grok-3, and Claude-4.5-Sonnet),
where each model independently scores every re-
sponse and the final score is derived by averaging
their individual ratings to enhance metric stability.

Table 3 reveals significant challenges in mul-
timodal retrieval. While existing retrievers ex-
hibit strong single-modal performance (JINA-CLIP
achieves 77.78% Recall@5 in text-only questions
and SigLIP + E5 reaches 84.18% Recall@5 in
chart-only tasks), Inter-Document Text-Chart ques-
tions yielded only 22.32% retrieval accuracy. The
key findings demonstrate that storing and retrieving
charts and text separately in the database substan-
tially improves performance, achieving recall rates
of 42.53% and 61.10% at k=5 and k=10.

Unified multimodal embeddings fail in
knowledge-intensive scenarios. While Method 1
outperforms all other approaches in pure text-only
QA, it achieves zero recall (0.00%) in chart-only
QA and Text-Chart QA tasks. This phenomenon
reveals a critical limitation: current unified mul-
timodal embedding models excel at representing
knowledge-sparse content (e.g., identifying a dog
in an image) but struggle with knowledge-intensive
scenarios (e.g., retrieving specific numerical values
from charts in a multimodal repository).

5.2 Retrieval Performance Comparison
Chart captioning enables simple yet effective
multimodal retrieval. Methods 2 and 3 achieve
comparable performance (Recall@5: 41.53% vs
42.53%), with differences primarily in chart re-

Figure 5: Trade-off analysis between retrieval coverage
and answer accuracy across different k settings, illustrat-
ing how larger retrieval windows increase recall while
compromising answer correctness.



Model
Overall Single-Point Intra-Document Inter-Document

Corr. Cov.
Text-only Chart-only Text-only Chart-only Text-Chart Text-only Chart-only Text-Chart

Corr. Corr. Corr. Cov. Corr. Cov. Corr. Cov. Corr. Cov. Corr. Cov. Corr. Cov.

Open-Source MLLMs

SAIL-VL-2B 0.38 1.58 1.52 0.30 0.74 2.59 0.00 0.00 0.00 1.60 0.00 3.47 0.00 0.37 0.00 1.79
+ RAG (k=5) 3.88 8.51 19.19 4.18 1.48 14.44 0.00 2.04 0.00 1.34 2.78 13.89 0.00 0.75 0.00 1.79
+ RAG (k=10) 3.19 7.71 14.65 4.48 2.22 13.89 0.00 1.36 0.00 2.14 0.46 11.11 0.00 0.75 0.00 3.12
+ RAG (GT) 19.82 29.44 63.64 9.85 31.30 57.22 2.72 6.80 0.53 5.61 29.86 54.17 0.00 3.36 3.57 12.05

qwen2-VL-7B-instruct 1.16 4.45 4.55 2.09 0.56 7.22 0.00 1.19 0.00 3.48 0.46 7.41 0.00 1.49 0.00 5.36
+ RAG (k=5) 13.51 23.55 50.51 4.78 22.41 46.73 1.36 3.40 1.07 8.82 15.51 41.67 1.49 2.99 0.00 9.82
+ RAG (k=10) 14.45 23.57 51.01 3.28 26.11 49.81 0.68 2.38 1.60 7.75 20.14 43.75 0.75 1.49 0.00 8.48
+ RAG (GT) 33.15 42.46 78.28 11.04 64.26 81.30 2.04 9.52 5.88 20.86 62.73 80.56 2.99 6.72 9.82 27.23

MiniCPM-V-2.6-8B 0.88 4.05 2.02 2.69 0.37 6.67 0.00 1.70 0.00 3.74 0.00 6.71 0.00 2.24 0.00 4.46
+ RAG (k=5) 17.32 31.32 47.98 25.67 14.81 42.59 3.40 13.61 4.01 20.59 15.97 43.52 1.49 11.07 6.25 22.77
+ RAG (k=10) 17.60 31.51 48.48 19.70 21.11 50.43 2.72 12.24 4.81 19.79 19.68 46.30 1.49 11.07 4.46 23.21
+ RAG (GT) 46.94 59.41 79.29 48.66 65.37 80.99 12.93 29.93 22.46 46.79 69.68 83.10 14.18 32.34 20.98 47.32

Llama-3.2-90B-Vision 1.22 4.36 5.56 2.09 0.37 8.15 0.00 1.36 0.00 1.87 0.23 5.79 0.00 3.36 0.00 4.46
+ RAG (k=5) 20.42 34.68 50.51 30.15 21.85 49.20 5.44 16.21 4.81 20.05 17.82 45.83 1.49 12.69 8.04 28.57
+ RAG (k=10) 23.11 37.31 53.54 31.94 26.67 53.15 4.76 16.67 5.88 24.33 23.38 49.54 4.48 15.67 8.93 30.36
+ RAG (GT) 50.16 64.03 79.80 58.81 63.33 81.36 21.09 40.95 21.66 48.13 59.49 78.24 32.09 46.27 29.46 57.59

Proprietary MLLMs

GPT-4o 2.05 7.37 8.59 5.97 0.37 13.64 0.00 2.38 0.00 5.08 0.46 12.27 0.75 2.61 0.00 8.48
+ RAG (k=5) 22.88 33.43 47.98 45.97 24.44 43.89 11.90 20.75 8.29 22.99 19.44 37.96 6.72 13.06 13.39 30.36
+ RAG (k=10) 26.11 37.93 47.98 47.76 28.52 51.85 13.27 23.47 10.96 26.74 25.93 43.98 14.93 23.88 15.62 34.38
+ RAG (GT) 60.50 68.86 90.20 63.88 94.07 97.22 24.83 38.10 32.19 55.19 92.96 95.46 36.57 51.12 51.52 60.95

Gemini-2.5-Pro 1.75 7.52 7.23 4.81 0.51 12.11 0.00 5.61 0.00 2.78 1.26 17.75 0.00 4.09 0.00 7.18
+ RAG (k=5) 23.21 32.47 47.61 46.79 23.57 44.70 14.25 25.21 7.10 23.68 23.51 39.32 7.84 15.62 10.01 28.12
+ RAG (k=10) 27.67 40.37 50.98 49.93 33.12 53.91 13.54 25.07 12.56 27.91 25.98 51.03 14.66 25.23 15.48 36.01
+ RAG (GT) 63.61 72.34 95.52 69.14 92.03 94.28 29.01 44.08 39.51 61.22 93.51 99.05 42.13 55.62 48.43 60.23

GPT-5 2.30 8.30 7.90 4.01 2.16 17.13 0.00 2.99 0.00 5.32 2.02 15.71 2.01 6.06 0.89 8.21
+ RAG (k=5) 25.79 42.93 53.32 47.03 26.33 55.06 14.91 33.67 10.01 34.91 23.72 47.91 11.32 29.31 16.67 40.24
+ RAG (k=10) 32.69 51.75 58.32 57.42 41.22 64.31 18.01 40.09 11.21 41.02 26.83 55.37 18.81 41.86 26.34 55.23
+ RAG (GT) 68.81 78.48 97.91 69.55 97.74 99.07 38.79 59.43 42.34 71.62 96.30 99.34 55.52 67.34 56.32 64.44

Claude-4.5-Sonnet 4.17 10.34 7.88 6.77 2.13 16.05 0.00 7.18 5.33 11.37 5.66 15.33 2.58 7.33 2.05 10.21
+ RAG (k=5) 26.25 50.25 47.24 56.79 24.67 57.02 16.55 38.27 7.35 40.05 19.67 51.82 12.42 35.61 19.67 46.43
+ RAG (k=10) 30.70 51.73 46.96 62.15 30.55 62.78 21.87 47.01 8.67 42.05 27.68 56.04 22.50 46.03 20.06 46.07
+ RAG (GT) 71.15 80.74 97.97 72.75 96.81 99.19 42.75 62.88 48.32 76.68 96.98 99.88 58.15 69.91 58.16 66.34

Table 4: Performance Comparison of Different MLLMs (%) on Chart-MRAG benchmark. The optimal retrieval
configuration (SigLIP + E5-large) is employed across all experiments to ensure controlled comparison (best scores
for open-source and proprietary models highlighted in blue and red, respectively).

trieval due to the inherent limitations of text-based
chart representations. However, considering the
maintenance overhead of separate modal stores,
caption-based retrieval provides a practical ap-
proach that preserves effectiveness while signif-

Figure 6: Impact of retrieval size k across different
parameter scales, demonstrating that larger models con-
sistently benefit from increased retrieval context while
smaller models show performance degradation.

icantly reducing system complexity.

5.3 Generative Performance Comparison
Table 4 presents the comprehensive experimen-
tal results of mainstream MLLMs, with retrieval
method 3 consistently applied across all evalua-
tions to ensure controlled comparison. The results
reveal that state-of-the-art MLLMs achieve only
modest performance metrics (Correctness = 4.17
and Coverage = 10.34) without multimodal RAG
knowledge, highlighting Chart-MRAG Bench’s ex-
ceptional challenging nature that surpasses existing
benchmarks in knowledge leakage control.
Claude-4.5-Sonnet demonstrates superior over-
all performance. The experimental results validate
our keypoint-based evaluation methodology. With
ground truth retrieval, Claude-4.5-Sonnet achieves
Correctness of 71.15% and Coverage of 80.74%,
outperforming mainstream MLLMs across various
retrieval scenarios. It only falls behind GPT-5 in



Intra-Document Text-only QA.
Model performance generally scales with pa-
rameter count. Among open-source MLLMs,
Llama-3.2-90B-Vision consistently outperforms
models with smaller parameters across various re-
trieval settings. Similarly, in proprietary MLLMs,
GPT-5, with its presumably larger model size,
demonstrates marginally better than GPT-4o.
Architectural optimizations can mitigate
MLLMs’ parameter constraints. By incorpo-
rating SigLip-400M and optimizing multi-image
understanding, MiniCPM-V-2.6-8B achieves a
Correctness of 46.94 and Coverage that surpasses
its base model qwen2-VL-7B-instruct by 13.79
and 16.95 respectively. Most notably, despite using
only 7B parameters, it approaches the performance
of Llama-3.2-90B-Vision, with gaps of 3.22 in
Correctness and 4.62 in Coverage, demonstrating
that thoughtful architecture design can largely
compensate for parameter constraints. Detailed
case studies are provided in Appendix 6.

5.4 Further Analysis
In this study, we examine the influence of retrieval
rate (k) and modality bias of MLLMs in multi-
modal question answering. Our analysis shows:
Model performance in multimodal retrieval sig-
nificantly correlates with parameter scale. Em-
pirical analysis reveals a strong correlation between
model scale and multimodal retrieval performance.
We evaluated eight models of varying parameter
sizes under different retrieval settings (k = 2, 5,
10, 15, 20), where retrieved items were balanced
between images and text (split equally for even k,
with text receiving one additional item for odd k).
For each model, we selected 40 question-answer
pairs per category, totaling 320 pairs for compre-
hensive evaluation, as shown in Fig 5. The results
demonstrate that larger models consistently achieve
superior performance across all retrieval settings.
In contrast, smaller models show no significant im-
provement (even exhibit declining) in performance
as the number of retrieved items increases.
Larger retrieval windows lead to a non-trivial
trade-off between retrieval coverage and answer
quality. To systematically investigate the impact
of Top_k on response generation, we conducted
extended experiments as visualized in Fig 6. With
k=5, the system achieves a R@5 = 42.53 and 56.17
correctness. When increasing k=10, although the
61.10 Recall, the answer get 49.13 correctness. No-
tably, while this adjustment results in an increase

Figure 7: Analysis of modality preference in MLLMs
when presented with redundant information across text
and charts, revealing systematic modality bias.

in absolute correct answers from 1,132 to 1,423,
the improvement sacrifices precision.
MLLMs demonstrate consistent text-over-visual
modality bias. To systematically investigate
modality bias in MLLMs, we manually curated 100
specialized question-answer pairs where answers
could be derived from both textual and visual infor-
mation simultaneously, but with varying levels of
granularity (e.g., "one third" in text versus "35.2%"
in charts). All model responses were then carefully
evaluated by human experts to ensure accurate as-
sessment of modality preferences. As shown in
Fig. 7, our human-verified analysis reveals a con-
sistent preference across models for text-only re-
sponses, even when charts contain more precise in-
formation. Notably, larger MLLMs demonstrate su-
perior ability in detecting information redundancy
and actively acknowledge this in their responses.
For instance, GPT-4o proactively identified infor-
mation redundancy in 23% of its responses. In
contrast, smaller models show limited sensitivity to
such information redundancy. Detailed examples
can be found in Appendix .12.

6 Conclusion

This paper introduces Chart-based MRAG, a novel
task to bridge the evaluation gap for chart formats
in MRAG systems. To support this, we propose
CHARGE, an automated framework for generat-
ing Cross-modal evaluation samples with keypoint-
based metrics. Combining CHARGE with expert
validation, we construct Chart-MRAG Bench, com-
prising 4,738 high-quality QA pairs across 8 do-
mains. Experiments expose key limitations in cur-
rent MRAG approaches; specialized architectures



are needed for high-density visual interactions.

Limitations

While our work presents promising results, we ac-
knowledge several limitations that warrant consid-
eration in future research.

First, although we ensured the accuracy of chart
information in Chart-MRAG Bench through man-
ual verification, the CHARGE framework would
benefit from more advanced OCR techniques to fur-
ther enhance the accuracy of question generation,
especially in handling complex chart layouts and
diverse visual elements.

Second, due to computational constraints, our
evaluation was confined to a select set of MRAG
methods and MLLMs. A more comprehensive
evaluation across diverse model architectures and
frameworks would likely yield additional insights
into the generalizability of our findings and poten-
tially reveal new directions for improvement.

Ethical Considerations

This research was conducted under the approval
of our institution’s ethics review board. All proce-
dures were designed to ensure participant welfare
and data privacy throughout the study.

Participant Recruitment and Compensation.
We recruited expert annotators through Amazon, a
professional data annotation platform. Annotators
were compensated at a rate of $28.5 per hour. This
rate was determined by:

• Conducting pilot studies with 5 annotators to
establish an average task completion time of 45
minutes

• Accounting for additional training time (30 min-
utes) and regular breaks

• Considering local living wage standards across
different regions

• Adding a 20% premium for specialized expertise
required

For a typical 8-hour workday including training, we
ensure fair payment while maintaining data quality.
Regular feedback from annotators confirmed the
compensation was considered fair for the required
expertise and effort.

Informed Consent and Instructions. All anno-
tators received comprehensive instructions detail-
ing the task requirements, data usage policies, and

potential content exposure. The instruction pack-
age included:

• Task objectives and annotation guidelines
• Examples of expected annotations
• Data privacy and usage policies
• Right to withdraw from participation

Annotators provided explicit consent for their con-
tributions to be used in academic research and pub-
lic datasets.

Annotator Demographics. Our annotation team
consisted of 12 professional annotators with back-
grounds in data science and visualization. The an-
notators represented diverse geographical locations
(3 North America, 3 Europe, 6 Asia) and possessed
relevant domain expertise. All demographic infor-
mation was self-reported during the recruitment
process.

Data Collection and Privacy. The datasets used
in this study, including those for generating multi-
modal question-answer pairs, were collected and
processed in compliance with GDPR and relevant
data privacy regulations. We ensured that:

• No personally identifiable information was col-
lected

• All chart data was anonymized before annotation
• Participants were informed about data usage and

sharing plans

Bias Mitigation. We implemented several mea-
sures to minimize potential biases in our dataset
and evaluation metrics:

• Diverse annotator selection to ensure varied per-
spectives

• Regular quality checks for systematic biases in
annotations

• Balanced representation of different chart types
and domains

The resulting benchmark will be made publicly
available for academic research purposes, accom-
panied by detailed documentation of the collection
process and annotator guidelines. All materials will
be released through established academic reposito-
ries to ensure transparency and reproducibility.
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Comparison of MRAG Tasks

While existing multimodal large language mod-
els have made significant progress on image-based
MRAG tasks and text-image MRAG tasks, they
still exhibit substantial limitations when handling
chart-based tasks. To systematically analyze the
capabilities of MLLMs in handling chart-text inter-
actions, we conducted comprehensive evaluations
across 8 distinct interaction patterns. Our experi-
ments with Claude-4.5-Sonnet-20241022 reveal a
clear performance hierarchy across different task
categories, as shown in Table 5.

To further contextualize the unique challenges of
chart-text interactions, we conducted comparative
analyses with text-image tasks. Table 6 presents the
retrieval performance across different modalities,
while Table 7 shows the MLLM performance when
provided with ground truth retrieved context.

The results demonstrate a significant perfor-
mance gap between text-chart and text-image tasks.
Notably, both retrieval systems and MLLMs show
substantially lower performance on text-chart in-
teractions compared to traditional text-image tasks,
highlighting the unique challenges posed by chart
understanding and reasoning. This performance
disparity is particularly evident in the retrieval
phase, where CLIP’s effectiveness drops by ap-
proximately 47 percentage points when handling
charts instead of natural images.

Chart-MRAG Bench Cases

To illustrate the diverse chart categories in Chart-
MRAG Bench, we present representative examples
as shown in Figure 8.

We categorize the question-answering pairs in
Chart-MRAG into eight distinct categories, as sum-
marized in Table 8, encompassing various combi-
nations of single-point, intra-document, and inter-
document scenarios across text-only, chart-only,
and text-chart contexts. These categories are il-
lustrated through representative examples: Single-
Point Text-Only QA (Fig. 26), Single-Point Chart-
Only QA (Fig. 27), Intra-Document Text-Only
QA (Fig. 28), Intra-Document Chart-Only QA
(Fig. 29), Intra-Document Text-Chart QA (Fig. 30),
Inter-Document Text-Only QA (Fig. 31), Inter-
Document Chart-Only QA (Fig. 32), and Inter-
Document Text-Chart QA (Fig. 33).

Chart-MRAG Bench Case Study

.1 Case Study: Single-Point Text-only
Question

Parameter size strongly correlates with retrieval
accuracy, with smaller models exhibiting criti-
cal failures despite having ground truth context.
We selected a representative Single-Point Text-only
example, as shown in Figure 17, which details the
question-answer pair, ground truth retrieval pas-
sage, and responses from eight different MLLMs
when provided with the ground truth context. In
this task, proprietary large models (Claude-4.5-
Sonnet, Gemini-2.5-Pro, GPT-5, GPT-4o) demon-
strated perfect or near-perfect accuracy, capturing
all key relationships in the ground truth. Medium-
sized models (Llama-3.2-90B-Vision, MiniCPM-
V-2.6) maintained factual correctness with mi-
nor stylistic variations. However, Qwen2-VL-7B-
instruct completely missed the mark, producing
irrelevant information about news consumption
rather than surname preferences, despite having
access to the correct context. SAIL-VL-2B main-
tained accuracy but padded its response with unnec-
essary prefatory statements. This case reveals that
even with ground truth retrieval handed to them on
a silver platter, smaller models (<10B parameters)
still struggle with correctly identifying and extract-
ing relevant information, highlighting the persis-
tent challenge of developing parameter-efficient
MLLMs for effective MRAG systems.

.2 Case Study: Single-Point Chart-only
Question

Chart interpretation reveals significant accu-
racy challenges across all model scales, with
most models failing to extract the correct per-
centage despite ground truth availability. We
examined a Single-Point Chart-only example (Fig-
ure 18) investigating Republicans’ perceptions of
economic fairness. Here, model performance
showed alarming inconsistency. Only Claude-4.5-
Sonnet correctly identified that 32% of Republi-
cans believe the economic system is generally fair.
Gemini-2.5-Pro provided the correct percentage
but delivered a minimal, contextually incomplete
response. Surprisingly, both GPT-5 and Qwen2-
VL-7B-instruct claimed inability to answer despite
having the ground truth chart available. Even more
concerning, other models confidently provided in-
correct figures: GPT-4o (39%), Llama-3.2-90B-
Vision (36%), MiniCPM-V-2.6 (47%), and SAIL-



Task Type Sub-task Correctness (%) Coverage (%)

Text-only tasks
Single-Point Text-only 83.33 83.33
Intra-Document Text-only 69.81 85.19
Inter-Document Text-only 68.98 85.88

Chart-only tasks
Single-Point Chart-only 70.75 70.75
Intra-Document Chart-only 32.65 60.32
Inter-Document Chart-only 48.51 67.91

Text-Chart tasks
Intra-Document Text-Chart 20.32 56.68
Inter-Document Text-Chart 35.71 63.84

Table 5: Performance breakdown across different MRAG task categories

Figure 8: Representative visualization categories from Chart-MRAG Bench, showcasing temporal trend analysis
(line charts), geospatial data visualization (choropleth maps), categorical comparisons (bar charts), compositional
analysis (stacked bars), and integrated text-chart representations. The diversity of these examples demonstrates
the comprehensive scope of Chart-MRAG Bench in representing complex statistical information across multiple
domains and visualization paradigms.



Figure 9: A sample case of single-point text-only question answering.



Figure 10: A sample case of single-point chart-only question answering.



Figure 11: A sample case of intra-document text-only question answering.



Figure 12: A sample case of intra-document chart-only question answering.



Figure 13: A sample case of intra-document text-chart question answering.



Figure 14: A sample case of inter-document text-only question answering.



Figure 15: A sample case of inter-document chart-only question answering.



Figure 16: A sample case of inter-document text-chart question answering.



Retriever
Text-Chart Text-Image(Wu et al., 2024)

R@5 R@10 R@5 R@10

CLIP 13.26 19.07 61.1 67.1
BM25 27.02 36.46 53.2 56.6

Table 6: Retrieval performance comparison between text-chart and text-image tasks

Model Text-Chart Text-Image(Mathew et al., 2021)

Claude-4.5-Sonnet 71.15 83.36
GPT-4o 60.50 88.40
Qwen2-VL-7B 33.15 62.60

Table 7: MLLMs performance comparison between text-chart and text-image tasks

VL-2B (50%). This case demonstrates that chart-
only information extraction remains exceptionally
challenging even for advanced MLLMs, with most
models either refusing to answer or extracting in-
correct values. Unlike text-only scenarios where pa-
rameter size strongly predicted performance, chart
interpretation capabilities show inconsistent corre-
lation with model scale, suggesting fundamental
limitations in current visual processing architec-
tures rather than mere parameter efficiency issues.

.3 Case Study: Intra-Document Text-only
Question

Multi-hop reasoning from text demonstrates
high performance ceiling across model scales,
though smaller models still exhibit informa-
tion integration failures. This Intra-Document
Text-only example (Figure 19) required models
to integrate information from two separate para-
graphs about federal judge appointments. Most
models performed impressively well on this task.
Claude-4.5-Sonnet, Gemini-2.5-Pro, GPT-5, GPT-
4o, Llama-3.2-90B-Vision, and MiniCPM-V-2.6
all correctly identified that 47% of appellate judges
were appointed by Democratic presidents and
31% by Obama specifically. This high success
rate suggests that text-only multi-hop reasoning
has reached a significant level of maturity across
various model scales. However, Qwen2-VL-7B-
instruct demonstrated a partial failure, correctly
identifying the 47% Democratic appointment figure
but claiming the Obama-specific percentage was
not provided, despite it being clearly stated in the
second retrieved paragraph. SAIL-VL-2B provided
the correct figures but padded its response with un-

necessary framing statements. This case reveals
that while text-only reasoning capabilities are gen-
erally strong across models, information integra-
tion across multiple paragraphs remains challeng-
ing for smaller parameter models, which may strug-
gle to maintain coherent attention across longer
contexts even when the relevant information is ex-
plicitly provided.

.4 Case Study: Intra-Document Chart-only
Question

Chart-only multi-hop reasoning reveals severe
inconsistency across models, with most models
misrepresenting at least one key statistic de-
spite access to ground truth charts. This ex-
ample (Figure 20) required integrating informa-
tion from two separate charts about Indonesian
religious attitudes. Claude-4.5-Sonnet performed
exemplarily, accurately reporting all relevant statis-
tics: 41% seeing no impact from diversity, 54%
viewing Muslim extremists as threats, and 35%
concerned about growing Christian numbers. GPT-
5 and GPT-4o also provided complete and accurate
responses. However, other models showed signif-
icant failures: Gemini-2.5-Pro omitted statistics
about Christian numbers, Llama-3.2-90B-Vision
incorrectly claimed "nearly all adults" see diver-
sity positively rather than 41% seeing no impact,
MiniCPM-V-2.6 reported entirely incorrect figures
(61% instead of 41%, and 41% instead of 35%),
Qwen2-VL-7B-instruct claimed it couldn’t find in-
formation about the "no impact" percentage despite
it being clearly present, and SAIL-VL-2B com-
pletely refused to answer. This case highlights that
chart-only multi-hop reasoning remains exception-



Source-Constrained and Modality-Constrained Question-Answer Categories

Single-Point Text-Only Questions that require reasoning about an individual textual keypoint (kt
i ∈ KT ), focusing

on discrete factual validation within a single text segment.

Single-Point Chart-Only Questions centered on an individual chart-only keypoint (kc
i ∈ KC ), examining specific

data points or visual elements within a single chart.

Intra-Document Text-Only Questions that necessitate integrative reasoning across multiple textual keypoints (kt
i , k

t
j ∈

KT ) within the same document (di ∈ D).

Intra-Document Chart-Only Questions requiring comparative analysis of multiple chart-only keypoints (kc
i , k

c
j ∈ KC )

from a single document (di ∈ D).

Intra-Document Text-Chart Questions involving cross-modal reasoning between textual and chart-only keypoints
(kt

i ∈ KT , kc
j ∈ KC ) within the same document (di ∈ D).

Inter-Document Text-Only Questions demanding associative reasoning between textual keypoints (kt
i , k

t
j ∈ KT )

from distinct documents (di, dj ∈ D, i ̸= j).

Inter-Document Chart-Only Questions requiring comparative analysis of chart-only keypoints (kc
i , k

c
j ∈ KC ) across

different documents (di, dj ∈ D, i ̸= j).

Inter-Document Text-Chart Questions involving cross-modal and cross-document reasoning, integrating textual and
chart keypoints (kt

i ∈ KT , kc
j ∈ KC ) from different documents (di, dj ∈ D, i ̸= j).

Table 8: Taxonomy of question-answer pairs in Chart-MRAG, categorized by source constraints (Single-Point/Intra-
Document/Inter-Document) and modality constraints (Text-only/Chart-only/Text-Chart).

ally challenging even with ground truth available.
The inconsistent performance across models sug-
gests fundamental limitations in current visual pro-
cessing architectures rather than simple parameter
scaling issues, with even relatively large models
struggling to extract and integrate multiple statis-
tics accurately from chart-only content.

.5 Case Study: Intra-Document Text-Chart
Question

Cross-modal integration reveals critical fail-
ures across most models, with even large pro-
prietary models struggling to correctly synthe-
size information from text and charts. This
Intra-Document Text-Chart example (Figure 21)
required models to integrate percentage informa-
tion from both a chart about tipping habits and
text about vacation time usage. Only Claude-4.5-
Sonnet correctly reported that 2% of adults tip more
than 20%, while 46% don’t use all their allowed
time off. Gemini-2.5-Pro also provided correct
figures and made an appropriate comparison. How-
ever, all other models showed significant failures:
GPT-5 and Qwen2-VL-7B-instruct claimed inabil-
ity to answer despite having the necessary informa-
tion, GPT-4o incorrectly reported 22% for tipping
(which actually represents those who tip exactly
20%, not more), Llama-3.2-90B-Vision made the
same error and claimed the vacation information
wasn’t provided, MiniCPM-V-2.6 also reported the

incorrect 22% figure while correctly identifying
the 46% vacation statistic, and SAIL-VL-2B sim-
ply produced an incorrect "5%" answer with no
context. This case reveals that cross-modal integra-
tion between text and charts represents an excep-
tional challenge for current MLLMs. The failure of
even powerful models like GPT-4o on this task sug-
gests that cross-modal reasoning remains a frontier
challenge, with current architectures struggling to
correctly interpret relationships between numeric
information across different modalities, even when
the required information is explicitly provided in
the ground truth context.

.6 Case Study: Inter-Document Text-only
Question

Inter-document text reasoning reveals consid-
erable inconsistency across proprietary models,
with Claude-4.5-Sonnet unexpectedly producing
a complete information mismatch. This exam-
ple (Figure 22) required synthesizing information
from two separate documents about Americans’
views on political rhetoric. Surprisingly, Claude-
4.5-Sonnet completely failed this task, providing in-
formation about climate scientists’ influence rather
than political rhetoric—a complete topic mismatch
that suggests serious retrieval or context integra-
tion failures. In contrast, Gemini-2.5-Pro, GPT-5,
GPT-4o, Llama-3.2-90B-Vision, MiniCPM-V-2.6,
Qwen2-VL-7B-instruct, and SAIL-VL-2B all suc-



cessfully extracted and integrated the key infor-
mation that Americans hold similar views about
heated political language and prioritize shared po-
litical views when evaluating candidates. This un-
usual pattern—where a typically high-performing
model fails completely while smaller models suc-
ceed—suggests that inter-document reasoning in-
troduces unique challenges that don’t simply corre-
late with parameter count. The failure may indicate
that Claude’s processing of multiple documents
creates vulnerabilities to context confusion that
smaller, more specialized models avoid through
simpler document handling. This case demon-
strates that even state-of-the-art proprietary mod-
els can experience catastrophic failures in multi-
document contexts, highlighting the need for robust
evaluation across diverse cross-document reason-
ing scenarios.

.7 Case Study: Inter-Document Chart-only
Question

Chart reasoning across documents reveals cru-
cial challenges even for high-performing mod-
els, with data interpretation capabilities varying
widely and unpredictably. This example (Figure
23) required extracting and relating percentage in-
formation from two different charts about climate
change opinions. Several models performed well:
Claude-4.5-Sonnet, GPT-5, GPT-4o, and Llama-
3.2-90B-Vision all correctly reported that 31% of
U.S. adults believe climate scientists have poor
understanding, with 23% saying the government
is doing an adequate job. However, Gemini-2.5-
Pro correctly identified the 31% figure but mistak-
enly suggested the second percentage referred to all
adults rather than specifically those who doubted
scientists. MiniCPM-V-2.6 reported entirely in-
correct figures (37% and 56%), Qwen2-VL-7B-
instruct claimed inability to answer despite having
the necessary information, and SAIL-VL-2B pro-
duced completely fabricated statistics (49% and
11%). This pattern reveals that interpreting multi-
ple charts across different documents represents a
significant challenge for current MLLMs. Unlike
text-only reasoning, chart interpretation abilities
don’t correlate straightforwardly with model size,
as even some larger models struggle while others
succeed. The unpredictable performance suggests
that current visual processing architectures lack
robust mechanisms for reliable chart data extrac-
tion and cross-reference, highlighting an important
frontier for improvement in multimodal reasoning

systems.

.8 Case Study: Inter-Document Text-Chart
Question

Cross-modal reasoning across documents re-
veals significant variability in performance, with
integration abilities not strictly correlating with
model size. This example (Figure 24) required
extracting information from both a chart about
Taoist connections in Taiwan and text about emo-
tional connections to China. Several models per-
formed well: Claude-4.5-Sonnet, GPT-5, GPT-
4o, and SAIL-VL-2B all correctly identified that
48% of Taiwanese adults felt connected to Taoism,
while 46% of those aged 35 and over felt emo-
tional connections to China. However, other mod-
els demonstrated various failures: Gemini-2.5-Pro
reported an incorrect "22%" for Taoist connection
while correctly identifying the 46% China connec-
tion, Llama-3.2-90B-Vision incorrectly claimed the
image didn’t contain Taoist connection informa-
tion, MiniCPM-V-2.6 reported an incorrect figure
(35% instead of 48%), and Qwen2-VL-7B-instruct
claimed inability to answer the first part while mis-
interpreting the second part (attributing the 48% fig-
ure to Chinese connections rather than Taoist ones).
This case demonstrates that cross-modal reasoning
across different documents represents a particular
challenge that doesn’t strictly correlate with model
size or general capability. The inconsistent perfor-
mance suggests that current multimodal architec-
tures lack robust mechanisms for reliably integrat-
ing information across both modality boundaries
(text vs. chart) and document boundaries. Notably,
even smaller models like SAIL-VL-2B occasion-
ally succeed at these complex tasks, indicating that
architectural design choices may be as important as
parameter count for these challenging cross-modal,
cross-document reasoning scenarios.

Setup and Metrics

.9 Retrieval Setup

For retrieval system, we designed three distinct
configurations to evaluate different approaches to
multimodal information retrieval:
Unified Multimodal Embedding and Single
Vector Store. We directly embedded charts
and text into a unified embedding space using
vision-language models CLIP, JINA-CLIP, and
SigLIP. This approach maps all content to same-
dimensional vectors in a single vector store, en-



Figure 17: A sample case of Single-Point Text-only question answering.



Figure 18: A sample case of Single-Point Chart-only question answering.



Figure 19: A sample case of Intra-Document Text-only question answering.



Figure 20: A sample case of Intra-Document Chart-only question answering.



Figure 21: A sample case of Intra-Document Text-Chart question answering.



Figure 22: A sample case of Inter-Document Text-only question answering.



Figure 23: A sample case of Inter-Document Chart-only question answering.



Figure 24: A sample case of Inter-Document Text-Chart question answering.



abling cross-modal matching between queries and
documents regardless of their original modality.
Multimodal Embeddings and Combined Vector
Stores. In this approach, charts are first converted
to text summaries using GPT-4o. Both these sum-
maries and PDF-extracted text are then embedded
using sparse BM25 and dense embedding models
BGE-M3-base/large, E5-base/large into their re-
spective vector stores. Similarity search in these
embedding spaces retrieves relevant documents
across both modalities.
Multimodal Embeddings and Separate Vector
Stores. This approach maintains distinct embed-
ding spaces for different modalities, leveraging spe-
cialized models for optimal representation. Charts
are encoded using vision-language models (CLIP,
JINA-CLIP, SigLIP), while textual content is pro-
cessed through both sparse retrieval (BM25) and
dense embedding models (BGE-M3-base/large, E5-
base/large). The retrieval process operates in par-
allel across separate vector stores, with the final
results aggregated using a weighted combination
scheme.

.10 Retrieval Metrics

We segment text into semantic chunks with an av-
erage length of 24.97 words, while treating each
chart as an individual retrieval unit. We employ Re-
call@5 and Recall@10 as primary retrieval metrics.
To ensure balanced representation, we implement a
text-to-chart ratio of 3:2 in the final retrieval results.

Given that Chart-MRAG bench primarily con-
sists of multi-hop questions requiring both textual
and visual information, the comprehensive retrieval
of all relevant sources is crucial for accurate an-
swers. We employ Recall@5 and Recall@10 to
evaluate the effectiveness and efficiency of the re-
trieval stage.

Multimodal Recall. We introduce a Multimodal
RAG Retrieval Recall metric to evaluate the effec-
tiveness of cross-modal retrieval process. For tex-
tual content, we perform sentence-level retrieval,
while for charts, we treat each visualization as an
individual reference unit. The Recall is formally
defined as

Recall =
1

n

n∑
i=1

1(M(Gi,R)), (3)

where n is the total number of ground truth ref-
erences (including both text chunks and charts),
Gi denotes the i-th ground truth reference, R =

{R1, R2, . . . , Rk} represents the set of retrieved
references, M(Gi,R) is a boolean function that
returns true if (1) for textual references, all con-
stituent sentences in Gi are found in at least one
reference in R, or (2) for chart references, the ex-
act chart is present in R, and 1(·) is the indicator
function.

This metric assesses the cross-modal align-
ment between retrieved and ground truth refer-
ences, where successful retrieval is determined by
modality-specific criteria: sentence-level matching
for text and exact matching for charts.

.11 Generative Setup
Backbone MLLMs: The backbone of our genera-
tive setup comprises several advanced MLLMs,
including GPT-4o (version 2024-11-20) (Rad-
ford et al., 2021), GPT-5 (Radford et al., 2021),
Gemini-2.5-Pro (Team et al., 2024), Claude-4.5-
Sonnet (version 2025-09-29) (Awadalla et al.,
2023), SAIL-VL-2B (Team, 2024), Qwen2-VL-
7B-instruct (Wang et al., 2024), MiniCPM-V-2.6
(8B) (Yao et al., 2024), and Llama-3.2-90B-Vision
(Dubey et al., 2024).

To ensure the integrity of our experiments, all
closed-source models are accessed via their respec-
tive official APIs, utilizing default parameters con-
sistent with the chat mode settings. In contrast, all
open-source models are deployed on an 8*A100
GPUs configuration, with precision, temperature,
and other parameters strictly adhering to the specifi-
cations outlined in the official documentation. This
methodological framework guarantees that our ex-
perimental conditions are equitable, thereby facil-
itating a valid comparison across different model
architectures.

.12 Generative Metrics
Motivation for New Evaluation Metrics. Tradi-
tional question-answering (QA) tasks commonly
employ generation evaluation metrics such as
ROUGE-L and BLEU-4, which have proven effec-
tive in assessing response quality through sentence
similarity. However, these metrics exhibit signifi-
cant limitations when applied to the Chart-MRAG
benchmark, where responses primarily focus on nu-
merical accuracy and definitive conclusions rather
than linguistic similarity. To illustrate this limi-
tation, we present a representative example from
Chart-MRAG benchmark 27.

As shown in Table 9, while both Claude-4.5-
Sonnet and GPT-5 correctly identified the 19%



Model Response ROUGE-L BLEU-4

Ground Truth 19% of Democrats or those who lean
Democratic believe climate scientists
have the appropriate influence.

– –

Claude-4.5-Sonnet 19% believe scientists have "about the
right amount of influence" in debates.

0.54 0.21

GPT-5 19% think scientists have the appropri-
ate amount of influence in policy de-
bates.

0.74 0.42

MiniCPM-V-2.6-8B 75% think scientists have the appropri-
ate amount of influence.

0.74 0.42

SAIL-VL-2B Cannot answer based on the given con-
tent.

0.06 0.00

Table 9: Comparison of model responses on a representative Chart-MRAG example.

figure, MiniCPM-V-2.6-8B provided an incorrect
value of 75%. Surprisingly, despite this critical
numerical error, MiniCPM-V-2.6-8B achieved the
same BLEU-4 score (0.42) as the correct response
from GPT-5. This discrepancy clearly demon-
strates that traditional metrics fail to capture the
essential aspects of chart-only question answering:

• Numerical Precision: Traditional metrics may
assign high scores to responses with incorrect nu-
merical values if the surrounding text is similar.

• Factual Accuracy: Sentence similarity metrics
cannot effectively distinguish between correct
and incorrect factual conclusions drawn from
charts.

• Response Completeness: Simple rejection re-
sponses (as shown by SAIL-VL-2B) receive low
scores under traditional metrics, but fail to reflect
whether such responses are appropriate given the
chart context.

These observations motivate our introduction of
new evaluation metrics specifically designed for
chart-only question answering, focusing on re-
sponse Correctness and Coverage. Our proposed
metrics directly address these limitations by em-
phasizing numerical accuracy and completeness of
information extraction from charts.
Generative Metrics Setup. Having highlighted
the shortcomings of traditional similarity-based
scores for chart-centric QA, we now formalize
an evaluation framework that directly targets the
two key properties we care about: numerical accu-

racy and answer completeness. To this end, we in-
troduce two complementary metrics—Correctness
and Coverage—that together provide both a strict
assessment of exact keypoint matching and a
graded measure of how much of the ground-truth
information is recovered. In the subsections be-
low, we first define our Correctness metric and
then present the continuous Coverage metric, il-
lustrating how each contributes to a more faithful
evaluation on the Chart-MRAG benchmark.
Correctness. It measures the exact match be-
tween response and ground truth keypoints. Given
a question-answer pair {Q,A,Kgt} with ground
truth keypoints Kgt = {kgt1 , ..., kgtn }, we extract
keypoints Kr = {kr1, ..., krm} from the model’s
response using an LLM. The score is defined as:

Correctness(Kr,Kgt) = 1[Kr ≡ Kgt], (4)

where Kr ≡ Kgt implies complete keypoint
matching and equal cardinality. This binary metric
requires perfect accuracy, with zero tolerance for
missing information or errors.
Coverage. It quantifies the proportion of correctly
captured ground truth keypoints:

Coverage(Kr,Kgt) =
|Km|
|Kgt|

, (5)

where Km represents matched ground truth key-
points. This continuous metric in [0,1] enables
granular evaluation.



Text-Over-Visual Modality Bias Case

Fig 25 presents a comprehensive analysis of Text-
Over-Visual Modality Bias, revealing a systematic
preference for text-only processing across different
model scales. Our experiments, rigorously verified
by human experts, demonstrate that multimodal
language models consistently favor text-only re-
sponses, even in scenarios where visual elements
(particularly charts) contain more precise and rele-
vant information. This bias raises important ques-
tions about the effective integration of multiple
modalities in current AI systems.

Notably, our investigation reveals a clear cor-
relation between model scale and the ability to
handle multimodal information effectively. Larger
MLLMs, particularly GPT-4o, demonstrate sophis-
ticated capabilities in detecting and managing infor-
mation redundancy across modalities, proactively
acknowledging such overlaps in 23% of their re-
sponses. This behavior suggests a more nuanced
understanding of the complementary nature of dif-
ferent information sources.

In contrast, smaller models exhibit significant
limitations in processing multimodal inputs. For in-
stance, SAIL-VL-2B (2B parameters) shows a stark
inability to integrate information across modali-
ties, highlighting the critical role of model scale in
achieving effective multimodal reasoning.

Model Prompts

CHARGE framework encompasses multiple stages,
each guided by specific prompts designed to facili-
tate different aspects of the process. We detail these
prompts according to their respective stages:

In the Extract Keypoints stage, we employ two
specialized prompts: one for document keypoint
extraction (Fig. 34) and another for chart keypoint
extraction (Fig. 35). These prompts are designed
to identify and extract crucial information points
from both textual and visual components.

The Cross-modal Verification stage utilizes two
key prompts: a keypoint classification prompt
(Fig. 36) and a cross-modal information verifica-
tion protocol (Fig. 37). These prompts work in
tandem to ensure the consistency and accuracy of
information across different modalities.

For Question-Answer Pair Generation, we im-
plement two distinct protocols: a single-point gen-
eration protocol (Fig. 38) for straightforward ques-
tions, and a multi-hop generation protocol (Fig. 39)
for complex questions requiring multiple reasoning

steps.
The Response stage features two prompts: one

designed for generating responses without retrieved
information (Fig. 40), and another for responses
incorporating retrieved information (Fig. 41). This
dual approach enables flexible response generation
based on available context.

Finally, the Evaluation stage employs two met-
ric calculation prompts: one for assessing correct-
ness (Fig. 42) and another for measuring coverage
(Fig. 43). These prompts ensure comprehensive
evaluation of the generated responses.



Figure 25: A Sample Case of Text-Over-Visual Modality Bias



Figure 26: A sample case of single-point text-only question answering.



Figure 27: A sample case of single-point chart-only question answering.



Figure 28: A sample case of intra-document text-only question answering.



Figure 29: A sample case of intra-document chart-only question answering.



Figure 30: A sample case of intra-document text-chart question answering.



Figure 31: A sample case of inter-document text-only question answering.



Figure 32: A sample case of inter-document chart-only question answering.



Figure 33: A sample case of inter-document text-chart question answering.



Figure 34: Document keypoints extraction prompt details.



Figure 35: Chart keypoints extraction prompt details.



Figure 36: Keypoint classification task prompt details.



Figure 37: Cross-modal information verification protocol prompt details.



Figure 38: Single-point question-answer generation protocol prompt details.



Figure 39: Multi-hop question-answer generation protocol prompt details.



Figure 40: Response without retrieved information prompt details.

Figure 41: Response with retrieved information prompt details.



Figure 42: Correctness metric calculation prompt details.



Figure 43: Coverage metric calculation prompt details.
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