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Abstract
Source attribution aims to enhance the reliability of AI-
generated answers by including references for each state-
ment, helping users validate the provided answers. However,
existing work has primarily focused on text-only scenario and
largely overlooked the role of multimodality. We introduce
MAVIS, the first benchmark designed to evaluate multimodal
source attribution systems that understand user intent behind
visual questions, retrieve multimodal evidence, and gener-
ate long-form answers with citations. Our dataset comprises
157K visual QA instances, where each answer is annotated
with fact-level citations referring to multimodal documents.
We develop fine-grained automatic metrics along three di-
mensions of informativeness, groundedness, and fluency, and
demonstrate their strong correlation with human judgments.
Our key findings are threefold: (1) LVLMs with multimodal
RAG generate more informative and fluent answers than uni-
modal RAG, but they exhibit weaker groundedness for image
documents than for text documents, a gap amplified in mul-
timodal settings. (2) Given the same multimodal documents,
there is a trade-off between informativeness and grounded-
ness across different prompting methods. (3) Our proposed
method highlights mitigating contextual bias in interpreting
image documents as a crucial direction for future research.

Code — https://github.com/seokwon99/MAVIS

1 Introduction
Since the advent of open-domain generative models, detect-
ing and mitigating potentially inaccurate or fabricated in-
formation has become a critical challenge (Ye et al. 2023;
Zhang et al. 2023). This so-called hallucination problem
arises from the models’ ability to generate highly fluent,
human-like responses, making inaccuracies difficult to de-
tect (Huang et al. 2025). This issue is particularly problem-
atic in long-form generation, where the generated content
frequently includes numerous pieces of information that are
a mixture of true and false (Min et al. 2023).
These challenges suggest a growing need that not only

generates factually accurate answers but also supports them
with verifiable evidence. One such approach includes source
attribution, in which systems enhance the verifiability of
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[2]

[3] Joule heating (also known as
resistive heating, resistance 
heating, or Ohmic heating) 
is the process by which the 
passage of an electric current 
through a conductor 
produces heat…

[1]
Retrieved:

…

A: This device is induction coil [1], and 
it is used in blacksmithing to heat metal
[2] until it becomes malleable for forging 
or further shaping [2]. It works by 
passing a current through the coil, 
creating a magnetic field that induces 
electric currents within the metal [1]. 
These currents generate heat due to the 
metal’s resistance [3]…

Multimodal
Attribution

Q: What’s this metal gear assembly for?

Figure 1: Example of the system’s response in our MAVIS
benchmark. Given a user question paired with an input im-
age, the system must generate a long-form answer supported
by sentence-level citations that reference multimodal doc-
uments. Highlighted texts can be verified using the corre-
sponding colored documents.

their long-form answers by including citations for each
statement (Bohnet et al. 2022; Gao et al. 2023). Existing
works in this area focus on the text-only setting, where sys-
tems interpret user queries expressed in natural language and
retrieve evidence solely from textual sources.
However, text-only attribution may be insufficient, as

many real-world scenarios require multimodal understand-
ing. First, images are inherently compact yet rich, making
them suitable for conveying dense and detailed informa-
tion intuitively. For instance, as shown in document [1] of
Figure 1, the image simultaneously represents multiple lay-
ers of information—such as “the structure of an induction
coil”, “the generation of a magnetic field by current flow-
ing through the coil”, and “the magnetic field inducing elec-
tric currents in metal”—in a compact and intuitive manner.
Second, user-provided images play a critical role in under-
standing user intent and enabling precise responses. It is of-
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# of Instance Document Answer
Length

Document
Modality

Fact-level
Citation

Task
FormulationDataset Q I A DT /Q DI/Q

ELI5 (2019) 272,000 0 272,000 1.0 0 130.6 Text ✁ Long-form QA

AquaMuse (2020) 5,519 0 5,519 6.0 0 105.9 Text ✁ Summarization

HowSumm (2021) 95,469 0 95,469 10.1 0 150.2 Text ✁ Summarization

WikihowQA (2023) 11,746 0 11,746 6.3 0 149.3 Text ✁ Long-form QA

LFRQA (2024) 26,907 0 26,907 3.0 0 76.3 Text ✂
Long-form QA &
Text Retrieval

LONGFACT (2024b) 2,280 0 0 0 0 - - ✁ Long-form QA

VizWiz–LF (2024) 600 600 4,200 0 0 41.2 - ✁ Long-form VQA

M2RAG (2024) 750 0 0 0† 0† - Text, Image ✁ Multimodal Generation

MRAMB-Bench (2025) 4,800 7,340 4,800 1.2 1.8 134.8 Text, Image ✁ Multimodal Generation

MAVIS (Ours) 81,173
(991)

67,140
(931)

157,586
(1,000)

5.9
(3.3)

3.1
(2.0) 76.5 Text, Image ✂

Long-form VQA &
Multimodal Attribution

Table 1: Comparison of long-form question answering (LFQA) benchmarks.Q, I , andA denote the number of unique questions,
images, and answers, respectively. DT /Q and DI/Q are the average number of text and image documents per question. The
number in parentheses in our dataset indicates the statistics of the human-annotated set. The answer length is the average word
count of answers. Fact-level citation indicates whether supporting documents are available for each verifiable fact. The dash (–)
indicates that the corresponding feature is not covered in that benchmark. † denotes the absence of an annotated document for
each question; however, an external knowledge base is utilized for retrieval.

ten difficult to grasp the intent of a question based solely on
a natural language query—for example, “what’s this metal
gear assembly for?”—without considering the accompany-
ing image.
To bridge the gap between existing attribution bench-

marks and real-world scenarios, we introduce MAVIS
(Multimodal Attribution for Visual Question Answering), a
benchmark designed to evaluate models on their ability to:
(1) comprehend questions involving visual inputs, (2) gen-
erate effective search queries to retrieve multimodal docu-
ments, and (3) provide long-form answers with appropri-
ate citations. We automatically construct a dataset of 157K
instances, each containing a visual question and a ground-
truth answer citing multimodal documents at the sentence
level, and manually annotate 1K instances for evaluation. As
shown in Table 1, our dataset uniquely includes both visual
questions and multimodal supporting documents, and pro-
vides fact-level citation.
To ensure fine-grained evaluation of long-form responses

and citation quality, we employ three metrics. (1) Informa-
tiveness measures how thoroughly the answer covers neces-
sary information without unnecessary content; (2) Ground-
edness assesses howwell the answer is supported by the cita-
tions; and (3) Fluency evaluates how fluent and coherent the
output is. Our human evaluation results show that this au-
tomatic evaluation highly correlates with human judgments,
making it a reliable evaluation method.
Through extensive experiments, we also find multiple in-

triguing observations.

1. Multimodal RAG generates more informative and fluent
answers than unimodal RAG (i.e., text-only or image-
only). However, LVLMs primarily rely on text when gen-
erating answers, making them less attentive to image-

based documents.
2. Given identical multimodal documents, there is a trade-

off between informativeness and groundedness across
different prompting methods, indicating the challenge of
improving both simultaneously.

3. LVLMs fabricate information more frequently from im-
age documents than from text documents. We introduce a
knowledge extraction step before the final answer gener-
ation, effectively addressing this issue by mitigating con-
textual bias.

2 Related Works
Source attribution. Open-domain generative systems of-
ten produce plausible yet inaccurate content, known as hal-
lucinations (Ye et al. 2023; Zhang et al. 2023). To mitigate
this, attribution techniques have been introduced, enabling
models to provide supporting evidence in the form of ci-
tations to improve verifiability (Gao et al. 2023; Li et al.
2024b; Sun et al. 2023; Slobodkin et al. 2024; Huang et al.
2024; Li and Ng 2024). However, these methods primarily
address text-based inputs, with limited attention to the mul-
timodal settings. We bridge this gap by adapting attribution
approaches to multimodal contexts and identifying key fac-
tors for enhancing performance.

Long-form question answering (LFQA). LFQA datasets
are widely used in AQA tasks, as long-form responses are
prone to including inaccurate information (Liu, Zhang, and
Liang 2023). ELI5 (Fan et al. 2019) and HowSumm (Boni
et al. 2021) are popular LFQA datasets based on Reddit
and WikiHow, respectively, and are evaluated by reference-
based metrics such as ROUGE (Lin 2004) and BLEU (Pap-
ineni et al. 2002). To better address the open-ended nature of
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Step 3. Answer Generation
Given the retrieved documents, VLMs 
generate a long-form answer with citations.

[Prompt]
[Instruction] Based on the documents, provide a..

Question: <image> What could be the potential 
consequences of such damage?
Documents: {retrieved N ⋅ K documents}

Deforestation causes biodiversity loss as habitats 
are destroyed [3, K], reducing plant and animal 
species available for food [1]. Economically, it 
brings both benefits, like jobs and income [K+1], 
and drawbacks, such as loss of tourism and rural 
livelihoods [K+2]…

[Long-form Answer with Citations]

Step 2. Multimodal Retrieval
The retriever fetches the top-K documents for 
each query, resulting in N ⋅ K documents.

[1] Additionally, the loss of forests can decrease 
biodiversity, meaning fewer plant and animal…
[2] [3]

…

[K] Deforestation leads to biodiversity collapse…

[Q: “Effects of forest destruction on biodiversity”]

[K+1] [K+2]
…

Deforestation can 
lead to the collapse 
of local economies…

Q: What could be the 
potential consequences 
of such damage?

Multimodal
Retrieval

2Sub-Query
Generation

1

LVLM

Query 1
Query 2
Query 3

Query N LVLMRetriever

Answer
Generation

3

Step 1. Sub-Query Generation 
Based on the provided question and image, 
VLMs generate N retrieval queries.

[Instruction] 1. Based on the given…

Question: <image> What could be the potential 
consequences of such damage?

[Prompt]

[
“Effects of forest destruction on biodiversity”
“Social and economic impacts of deforestation”,
“Environmental impact of clear forests”,
…
“How deforestation affects climate change”

]

[Generated Search Queries]

[Q: “Social and economic impacts of deforestation”]

Multimodal
Documents

Answer with 
Citations

Figure 2: An illustration of the task formulation in our benchmark.

LFQA, LongFact (Wei et al. 2024b) verifies atomic claims
via web search, while RAG-QA Arena (Han et al. 2024) em-
ploys pairwise preference evaluations. However, most ex-
isting datasets are still limited to text-only inputs, over-
looking the role of multimodality. VizWiz-LF (Huh et al.
2024) introduces a long-form VQA task aimed at describ-
ing image content to blind or low-vision users. However,
it does not consider grounding answers in external knowl-
edge. M2RAG (Ma et al. 2024) and MRAMB-Bench (Yu
et al. 2025) introduce multimodal retrieval-augmented gen-
eration to produce multimodal answers. However, the im-
ages included in these answers serve as part of the response
rather than as evidence supporting the statements. Our work
focuses on open-domain long-form VQA, which requires
grounding answers in retrieved multimodal documents.

3 The MAVIS Benchmark
3.1 Task formulation
In our task, given a visual question consisting of a user
question Q and an input image I, a vision-language model
(VLM) M generate a long-form answer supported by ver-
ifiable evidence. Specifically, as illustrated in Figure 2, the
task involves the following three steps:
1. Search query generation: GivenQ and I,M generates

a list of N search queries S = {s1, . . . , sN}.
2. Multimodal document retrieval: The retriever R

fetches the top-K documents Di = {di,j}Kj=1 for each
search query si. In total, N ·K documents are retrieved,
denoted as D = {D1, . . . , DN}.

3. Answer generation with citations: Given the retrieved
D, M generates a final long-form answer with citations,
each of which is enclosed in square brackets (e.g., [1]).

3.2 Dataset collection process
As discussed in §3.1, our benchmark involves two essential
components: a visual question and multimodal supporting
documents. We automatically (1) collected long-form VQA
data from user forums, and (2) retrieved supporting docu-
ments for each answer in fact-level. Subsequently, we (3)
manually annotated a test set for reliable evaluation. More
details about the dataset collection can be found in Ap-
pendix A.

Step 1. Collection of long-form VQA data

Raw data. We collect 6M posts containing both images
and comments from Reddit pushshift dumps from 2005-06
to 2023-12. We filter them by three rules: the title must be a
question starting with a question word, ending with a ques-
tion mark, and comments must be long (over 500 characters,
3+ sentences). By treating titles as questions and comments
as answers, we obtain 432,817 VQA instances.

Visual dependency. We filter out instances that can be
answered without an input image, following Chen et al.
(2024a). We instruct LLMs to answer the question with-
out the input image and evaluate their answers against
the forum answers. We utilize four LLMs—GPT-4o (Hurst
et al. 2024), LLaMA-3.3-70B (Dubey et al. 2024),
Mixtral-8x7B (Jiang et al. 2024), and Phi-4-14B (Abdin
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Type Model F1-score
Text Image

Textual
NLIDeBERTaV3-184M (2021) 41.4 -
FlanT5Verifier-11B (2024) 40.7 -
Qwen3-8B (2025) 53.7 -

Visual OFA-VE-470M (2022) - 23.1
SkyworkVLReward-8B (2025) - 50.1

Multi Qwen2VL-7B (2024) 45.0 49.6

Table 2: Model performances in verifying the groundedness
of each sentence on the retrieved documents across different
modalities. The F-1 scores are measured by a small set of
ground truths that the authors manually label whether each
document supports the corresponding fact. Due to computa-
tional constraints, we use about 11B open-source models.

et al. 2024)—and employ InternVL-2.5-38B (Chen et al.
2024b) as the evaluator. VQA instances correctly answered
by at least one LLM are removed, resulting in 157,586 VQA
instances. The prompts used for both LLMs and evaluator
models are provided in Appendix A.1.

Step 2. Collection of supporting multimodal documents
Atomic fact extraction. A long-form answer typically
contains multiple pieces of information (Min et al. 2023;
Jing et al. 2023). We extract atomic facts from the ground-
truth answer using GPT-4.1 with more details in Ap-
pendix A.2. On average, each answer contains 4.3 atomic
facts.

Collection of multimodal documents. To collect exter-
nal multimodal documents grounding atomic facts, we con-
sidered two search sources: Google Programmable Search,
which searches the entire web for relevant images, and the
Colossal Clean Crawled Corpus (C4) (Raffel et al. 2020), a
collection of hundreds of gigabytes of English text scraped
from the web. Using each atomic fact as a query, we re-
trieved the top five passages from each source.

Automatic document filtering. Each VQA instance ini-
tially contains an average of 43 multimodal documents (4.3
facts ! 2 modalities ! 5 documents), which may overwhelm
annotators during the filtering process. Hence, we automat-
ically remove irrelevant documents using entailment mod-
els (EMs). Table 2 shows that Qwen3-8B (Yang et al. 2025)
and SkyworkVLReward-8B (Wang et al. 2025) perform the
best for text and image entailment, respectively. Using these
models, we retain 930K text documents and 500K image
documents. Further details are provided in Appendix A.3.

Step 3. Human annotation
Sampling. We sample a subset from the automatically col-
lected dataset for human annotation. First, to ensure mul-
timodal knowledge is necessary for answering the visual
question, we select instances containing more than two
atomic facts supported by multimodal documents. Second,
to mitigate domain bias in the test set, we perform bal-
anced sampling across different domains, resulting in 1,000

VQA instances. Detailed information is provided in Ap-
pendix A.4.

Criteria. Annotators label the sampled instances based on
two criteria: (1) Are the atomic facts relevant to the ques-
tion? (2) Are the facts accurately supported by the docu-
ments? As a result, we find that 85.7% of atomic facts are
relevant to the question. Among the relevant atomic facts,
87.3% are supported by their corresponding documents. Fi-
nally, we annotate 1K test instances, comprising 3K rel-
evant atomic facts supported by 5.1K ground-truth multi-
modal documents. Notably, all of our experimental results
are based on this human-annotated test set. Further details
on the annotation including inter-annotator agreement are in
Appendix A.5.

3.3 Human verification process
To demonstrate the effectiveness of our data construction
process, we involve human verifiers to assess whether the
questions in our dataset (1) genuinely seek information or
advice, as opposed to merely sharing information, advertis-
ing, or making statements, and (2) whether an attached im-
age is necessary to understand or answer the user’s question,
or unnecessary or irrelevant. We compare 50 visual ques-
tions from our dataset with their corresponding raw Reddit
posts, each binary-labeled by two MTurk workers, with av-
erage inter-annotator agreement (IAA, measured by Cohen’s
Kappa) of 0.74 and 0.68, respectively.
As a result, 89% of the questions in our dataset exhibit

information-seeking intent, compared to 49% of the raw
posts. Regarding image dependency, 89% of questions in
our dataset depend on attached images, whereas 68% of raw
posts require one. This confirms that our data construction
process effectively removes irrelevant instances from the
raw sources.

4 Evaluation Metrics
We evaluate long-form answers based on three aspects: (1)
informativeness, (2) groundedness, and (3) fluency. We use
GPT-4.1 as the evaluator for groundedness and informative-
ness, and MAUVE (Pillutla et al. 2021) for fluency. Further
details are provided in Appendix B.

4.1 Informativeness
Long-form answers can be paragraph-length responses that
should be helpful and comprehensive. However, they often
contain a large amount of information, making binary judg-
ments challenging (Min et al. 2023). To address this, we de-
fine two sub-metrics for informativeness. (1) Completeness
measures how thoroughly the model’s answer A covers the
necessary information from the GT answer G, and (2) Rele-
vance assess whether A contains only information relevant
to the user question Q and the user-provided image I.
1. Completeness. For the essential information that the an-

swer A should cover, we use atomic facts {g1, . . . , gm},
extracted from G and filtered by human annotators. Given
a fact gj and the model’s answer A, the completeness
score c(gj ,A) measures how thoroughly gj is addressed
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by A as {1: fully relevant, 0.5: partially relevant, 0: not
relevant}. The final completeness score is the average of
c(gj ,A) across all gj :

Completeness(A) =
1

m

m∑

j=1

c(gj ,A).

2. Relevance. Models should not generate excessive or
irrelevant information to achieve high completeness.
Given the model’s answer A = {a1, . . . , an}, user
question Q, and input image I, the relevance score
r(ai,Q, I) indicates how appropriately each answer sen-
tence ai addressesQ and I as {1: fully relevant, 0.5: par-
tially relevant, 0: not relevant}. The final relevance score
is computed as the average relevance across all ai:

Relevance(A) =
1

n

n∑

i=1

r(ai,Q, I).

4.2 Groundedness
We evaluate citation quality in terms of answer grounded-
ness, using two sub-metrics. (1) Recall measures whether
the answer is fully supported by citations, and (2) Precision
identifies redundant or irrelevant citations. To do this, we
first pair each sentence ai in the model’s answer A with its
corresponding cited documents Ci based on citation num-
bers. Each ai is then assigned a supportedness score s(·, ·)
based on how well ai is supported by the documents as {1:
fully relevant, 0.5: partially relevant, 0: not relevant}.
1. Recall.We assess howwell each answer sentence ai → A

is supported by its cited documents Ci. The recall score
for A is the average of s(ai, Ci) across all ai:

Recall(A) =
1

n

n∑

i=1

s(ai, Ci).

2. Precision. We evaluate how relevant every cited docu-
ment is with its answer. For each answer sentence ai, let
Ci = {ci,1, . . . , ci,m} denote the set of its cited docu-
ments. The precision score for the answer A is the aver-
age, across all sentences ai, of the mean supportedness
scores between ai and each citation in Ci:

Precision(A) =
1

n

n∑

i=1



 1

|Ci|
∑

ci,j→Ci

s(ai, ci,j)



 .

4.3 Fluency
To measure how fluent and human-like the model’s answer
A is, we adopt MAUVE (Pillutla et al. 2021), as done in
(Gao et al. 2023). Fluency mainly serves as a sanity check,
ensuring MAUVE scores remain sufficiently high.

5 Experiments
5.1 Models
Large vision language models. We select four state-of-
the-art LVLMs. For proprietary models, we use (1) Claude-
3.5-Sonnet-20241022, and (2) GPT-4o-240806 (Hurst et al.

Retriever NDCG@10 Recall@100

Fine-tuned on WebQA (Chang et al. 2022)

CLIP-DPR 0.1567 0.4355
UniVL-DR 0.1136 0.3244
MARVEL-DPR 0.1292 0.4188
MARVEL-ANCE 0.1322 0.3948

Fine-tuned on ClueWeb (Overwijk et al. 2022)

MARVEL-DPR 0.1098 0.4357
MARVEL-ANCE 0.1460 0.4398

Fine-tuned on M-BEIR (Wei et al. 2024a)

MM-Embed
+ text-seeking query 0.2216 0.5909
+ image-seeking query 0.2217 0.6074
+ averaged query embedding 0.2565 0.6977

Table 3: Multimodal retrieval performance on the human an-
notated test set.

2024). For public models, we use (3) LLaVa-OneVision-
Qwen2-72b-ov-hf (Li et al. 2024a), and (4) QwenVL-72B-
Instruct (Wang et al. 2024). Implementation details are ex-
plained in Appendix C.1.

Multimodal retrievers. We build a large-scale multi-
modal database of 2.5M documents—1.4M from our data
and 1.1M (389K images, 787K texts) from the WebQA cor-
pus (Chang et al. 2022). We evaluate several multimodal
retrievers, including CLIP-DPR (Liu et al. 2022), UniVL-
DR (Liu et al. 2022), MARVEL (Zhou et al. 2023), CLIP-
SF (Wei et al. 2024a), and MM-Embed (Lin et al. 2024).
For each test instance, we generate four search queries us-
ing the aforementioned LVLMs and measure retrieval ac-
curacy against the GT supporting documents. As shown in
Table 3, the modality-aware retriever MM-Embed shows the
best performance using averaged query embeddings for both
text and image queries. Thus, we adopt MM-Embed as our
default retriever.

5.2 Baselines
Retrieval modalities. We evaluate three RAG settings
based on the modality of the knowledge base: Text-RAG,
Image-RAG, and Multi-RAG. In Text-RAG and Image-
RAG, the retriever selects documents from the correspond-
ing unimodal database. In Multi-RAG, the retriever selects
documents from a combined text-image database.

Answer generation. We explore three answer generation
methods. Instructions are detailed in Appendix C.2.

• Vanilla prompting: We prompt each model to generate
answers with inline citations. This end-to-end approach
enables the simultaneous generation of sentences and
their corresponding citations.

• Chain-of-Thought (CoT) prompting: Previous stud-
ies (Slobodkin et al. 2024; Berchansky et al. 2024) adopt
Chain-of-Thought (CoT) prompting (Wei et al. 2022) to
enhance the accuracy of attributions. We utilize a guided
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Evaluation Metrics (%) Statistics

Informativeness Groundedness Fluency Retrieved Utilized

F1-score Complete Relevant F1-score Recall Precision MAUVE Text Image Text Image

LLaVa-OneVision
+ Text-RAG 31.9 26.0 78.0 66.7 70.3 65.5 80.4 5.0 0.0 3.2 0.0
+ Image-RAG 36.2 28.2 87.0 17.0 19.9 20.3 85.6 0.0 5.0 0.0 2.8
+ Multi-RAG 33.3 27.6 81.5 62.7 66.1 61.6 88.7 3.3 1.7 2.2 0.3

Qwen2.5VL
+ Text-RAG 30.7 23.4 77.8 77.9 79.8 77.0 60.1 5.0 0.0 3.4 0.0
+ Image-RAG 30.7 24.2 75.1 49.2 50.0 54.0 81.5 0.0 5.0 0.0 3.0
+ Multi-RAG 32.3 25.4 77.3 72.0 72.5 73.9 62.8 2.8 2.2 2.0 1.1

Claude-3.5-Sonnet
+ Text-RAG 29.6 24.0 68.6 79.1 80.9 78.1 69.7 5.0 0.0 3.5 0.0
+ Image-RAG 32.3 28.5 68.9 53.1 52.2 57.7 71.5 0.0 5.0 0.0 3.2
+ Multi-RAG 35.4 29.3 75.6 74.7 75.2 76.0 72.9 2.5 2.5 2.1 1.1

GPT-4o
+ Text-RAG 37.0 30.4 82.7 73.4 76.9 71.3 69.7 5.0 0.0 3.1 0.0
+ Image-RAG 40.2 38.0 87.4 37.1 38.4 45.4 71.5 0.0 5.0 0.0 2.7
+ Multi-RAG 44.4 42.5 85.4 62.1 65.0 63.2 73.3 2.9 2.1 2.1 0.6

Table 4: Performance of LVLMs over modalities of knowledge base. Each baseline uses Vanilla prompting under the single
retrieval setting (N = 1,K = 5). Bold numbers indicate the best performance. We calculate the F1-score for groundedness
and informativeness as representative values.

Inf. Grd. Flu.

Method F1-score F1-score MAUVE

LLaVa-OneVision
+ Vanilla 33.3 62.7 88.7
+ Vanilla + KE (Ours) 35.2 63.0 79.8

Qwen2.5VL
+ Vanilla 32.3 72.0 50.8
+ Vanilla + KE (Ours) 34.9 72.0 65.9
+ CoT 38.6 68.2 72.4
+ CoT + KE (Ours) 39.0 70.4 69.1

Claude-3.5-Sonnet
+ Vanilla 35.4 74.7 72.9
+ Vanilla + KE (Ours) 37.5 75.1 96.2
+ CoT 39.6 64.6 63.2
+ CoT + KE (Ours) 40.4 65.0 94.5

GPT-4o
+ Vanilla 44.4 62.1 73.3
+ Vanilla + KE (Ours) 44.8 66.4 70.1
+ CoT 32.7 69.3 79.9
+ CoT + KE (Ours) 36.5 70.0 81.2

Table 5: Performance of LVLMs for each answer generation
method under single-query retrieval setting (N = 1, K =
5). All baselines use the Multi-RAG setting. Bold numbers
indicate the best performance.

reasoning framework consisting of: (1) finding relevant
documents from the given set, (2) extracting relevant in-
formation from each document, and (3) generating the
final answer using the relevant information.

• Knowledge Extraction (KE) step: LVLMs may refer-

ence documents but fabricate interpretations to gener-
ate wrong plausible answers. To mitigate this, we intro-
duce an additional step prior to answer generation, inde-
pendently extracting knowledge from documents with-
out using the user question Q or input image I , thereby
preventing potential bias introduced by these inputs.
Given documents D, we extract factual information D̃ =
{M(Iextract, d) | d → D} using a knowledge extraction
instruction Iextract, and then the VLMM generates a final
long-form answer with citations from D̃, while ground-
edness is evaluated with the original documents.

5.3 Results for single-query retrieval
We report automatic evaluation results in the single-query
retrieval setting (N = 1), where the Top-5 documents (K =
5) are retrieved. Table 4 compares performance across dif-
ferent retrieval modalities. Table 5 explores different answer
generation methods in the Multi-RAG setting.

Utilizing multimodal documents improves informative-
ness and fluency. In Table 4, we compare retrieval modal-
ities to identify the most effective knowledge modality for
MAVIS. All models, except LLaVa-OneVision, demonstrate
increased informativeness when using multimodal retrieval.
For instance, Multi-RAG with GPT-4o achieves a 7.4%
higher F1-score in informativeness compared to Text-RAG,
and a 4.2% higher score than Image-RAG. Additionally,
while all baselines show good fluency overall, Multi-RAG
shows comparatively better fluency than uni-RAG, except
for Qwen2.5VL.

LVLMs struggle to ground their answers in image doc-
uments. In Table 4, Image-RAG performs the lowest
groundedness, with F1-scores ranging from 17.0% to 53.1%,
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Figure 3: Performance of Multi-RAG with GPT-4o using single-query (N = 1) and multiple-query (N = n) retrieval. All
baselines use Vanilla prompting. The x-axis indicates the total number of retrieved documents.

whereas Text-RAG attains the highest groundedness with
F1-scores from 66.7% to 73.4%. This indicates that LVLMs
struggle to generate accurate citations when referencing im-
age documents compared to text documents. Multi-RAG
shows a 4.0%–11.3% decrease in groundedness relative to
Text-RAG; this reduction is further analyzed in §5.6.

Trade-off between informativeness and groundedness
across prompting methods. In Table 5, we compare
two prompting methods—Vanilla and Chain-of-Thought
(CoT)—in Multi-RAG, and observe a trade-off between in-
formativeness and groundedness. For instance, CoT prompt-
ing with Qwen2.5VL increases informativeness by 6.3%
but decreases groundedness by 3.8% compared to Vanilla
prompting. Conversely, GPT-4o with CoT prompting in-
creases groundedness by 7.2% while decreasing informa-
tiveness by 11.7% compared to Vanilla prompting. These re-
sults highlight the inherent difficulty of simultaneously im-
proving informativeness and groundedness.

Knowledge extraction can mitigate this trade-off. As
shown in Table 5, knowledge extraction improves one metric
(informativeness or groundedness) without sacrificing per-
formance on the other. For GPT-4o with Vanilla prompting,
after applying the knowledge extraction (KE) step, ground-
edness and informativeness increase by 4.3% and 0.4%,
respectively. Similarly, GPT-4o with CoT prompting ex-
hibits improvements of 4.2% in informativeness and 0.7%
in groundedness after applying KE. Further analysis of the
knowledge extraction step is provided in §5.6.

5.4 Results of retrieving more documents
In Figure 3, we present automatic evaluation results for re-
trieving more documents (↑ 5) using Vanilla prompting in
Multi-RAG. We compare two baseline strategies while re-
trieving the same number of (n · k) documents. (1) Single-
query retrieval: a single query (N = 1) retrieves K = n · k
documents, and (2) multiple-query retrieval: N = n queries
are generated, each retrieving K = k documents.

Effects of retrieving more documents. Both informative-
ness and answer lengths generally increase with the num-
ber of retrieved documents. Specifically, retrieving 25 docu-
ments yields up to a 4.2% increase in informativeness com-

Metric Sub-metric Pearson Corr.

Groundedness Recall 0.903
Precision 0.803

Informativeness Completeness 0.733
Relevance 0.855

Table 6: Pearson correlation between human and GPT-4.1
scores for each metric.

pared to retrieving 5 only. Groundedness also improves with
more documents, peaking at 15 documents with a 8.4% gain,
beyond which additional documents offer no further benefit
and slightly reduce performance. However, fluency shows a
downward trend as more documents are retrieved, suggest-
ing that integrating multiple documents may negatively im-
pact the naturalness of model responses.

Effects of multiple-query retrieval. The multiple-query
retrieval can incorporate diverse information. Thus, it
achieves greater informativeness compared to single-query
retrieval. However, multiple-query retrieval exhibits less sta-
ble fluency, indicating that increased document diversity
may negatively affect response fluency.

5.5 Results for human evaluation
We conduct a human study to validate automatic evaluation
results with GPT-4.1. We collect 100 answers each from
Qwen2.5-VL-72B and GPT-4o across three RAG frame-
works (Image-RAG, Text-RAG, Multi-RAG) using Vanilla
prompting, totaling 600 answers. Annotators rate answers on
recall s(ai, Ci), precision s(ai, Ci), completeness c(gj ,A),
and relevance r(ai,Q, I). As shown in Table 6, Pearson
correlation coefficients exceed 0.733 for all criteria, con-
firming GPT-4.1’s reliability in the automatic evaluation
of long-form answers. The annotation guidelines, inter-
annotator agreement, and detailed results are provided in
Appendix B.2.

5.6 Results for modality-specific evaluation
To investigate the capability of LVLMs to utilize documents
for each modality, we conduct a modality-specific evaluation
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Figure 4: Comparison of per-modality groundedness and
document utilization between Unimodal-RAG (Text-RAG
and Image-RAG), and Multimodal-RAG with and without
knowledge extraction (KE). Each metric is averaged over the
four LVLMs described in §5.1.

using two document-centric metrics: groundedness and the
document utilization ratio. Groundedness is measured using
precision rather than recall to assess the model’s ability to
utilize each document. The document utilization ratio per
modality is defined as the average ratio of the number of
used documents to that of retrieved documents.

How do LVLMs handle multimodal knowledge? In Fig-
ure 4, we analyze the changes of each modality’s contribu-
tion from a unimodal to a multimodal setting by comparing
Multi-RAG with Uni-RAG (Text-RAG and Image-RAG).
In Multi-RAG, text groundedness slightly decreases from
75.2% to 71.9%, whereas image groundedness substantially
drops from 46.9% to 26.8%. Additionally, text utilization
increases from 55.9% to 63.5%, while image utilization no-
tably decreases from 44.0% to 25.5%. These results indicate
that compared to Uni-RAG, Multi-RAG tends to primarily
rely more on textual documents when generating answers,
resulting in less attention to image documents compared to
Uni-RAG.

Which modality would benefit from knowledge extrac-
tion? We propose a knowledge extraction step to mitigate
the issue of LVLMs that fabricate to generate plausible an-
swers. To identify which document modality benefits the
most, we compare Multi-RAG and Multi-RAG w/ KE base-
lines. Significant improvements are observed for image doc-
uments, with groundedness rising from 26.8% to 56.0%, and
document utilization from 25.5% to 39.3%. This indicates
that LVLMs frequently fabricate information from image
documents, and knowledge extraction effectively addresses
this issue by mitigating contextual biases during interpreta-
tion.

To what extent do text documents affect attention to im-
age documents? We found that LVLMs’ reliance on text
reduces their attention to image documents. To investigate
this further, we conducted a controlled experiment, shown
in Figure 5, to examine how the number of text documents
affects attention to images. First, when a single text docu-
ment is added—compared to when no text documents are
present—image utilization drops significantly, from 58.2%
to 26.25%. This suggests that even one text document, which
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Figure 5: Effect of adding text documents on image attention
in GPT-4o. We fix the number of image documents at 5 in a
single-query setting (N = 1), and the x-axis represents the
number of additional retrieved text documents. Documents
are given in random order.

is small relative to the number of images, can cause GPT-4o
to generate more text-focused responses. Second, when the
number of text documents exceeds four, image utilization
remains roughly constant at around 15%, but image ground-
edness increases substantially, from 16.9% to 33.85%. These
results indicate that, as recent studies (Deng et al. 2025; Wu
et al. 2025) have reported, LVLMs exhibit text dominance
and underutilize image documents; however, increasing the
number of text documents beyond a certain point improves
the accuracy of image document grounding.

6 Future Directions
In our experiments, we focus on prompting LVLMs with-
out updating their model weights. By releasing sentence-
level multimodal attribution data, we leave the exploration
of optimizing source attribution in multimodal scenarios.
While our work focuses on text and image documents, mod-
els could also leverage other modalities, such as video or
audio, to ground their answers. For instance, video is partic-
ularly suitable for understanding dynamic events, motion, or
sequences. Extending the dataset to include diverse modali-
ties is an important direction for future work.

7 Conclusion
We introduce MAVIS, a benchmark for evaluating visual
question answering with multimodal attribution. It includes
157K automatically generated instances and 1K manually
annotated for evaluation. Experiments show that multimodal
RAG yields more fluent, informative answers than unimodal
RAG, but also reveals key limitations. LVLMs often over-
rely on text, leading to weaker visual grounding. We also
found a trade-off between informativeness and grounded-
ness: higher grounding reduces informativeness, and vice
versa. Our analysis highlights that stronger contextual bias
with image documents than text, suggesting that an explicit
knowledge extraction step can help mitigate this issue.
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