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Abstract—Knowledge-based Visual Question Answering (KB-
VQA) necessitates retrieving external knowledge to answer ques-
tions about images. Despite the progress of Retrieval-Augmented
Generation (RAG), existing paradigms face significant limita-
tions. In particular, visual-only retrieval often neglects valuable
semantic information in questions, whereas employing Multi-
modal Large Language Models (MLLMs) to generate seman-
tically relevant queries from images is prone to severe entity
hallucinations due to the lack of grounding. To address these
challenges, we propose a novel dual-stream retrieval framework,
where the core module of the text-to-text stream is Visual-Prior
Guided Retrieval-Augmented Captioning (ViP-RAC). Specifically,
ViP-RAC leverages retrieval results from the image stream as
visual priors to anchor MLLMs, effectively mitigating hallucina-
tions and generating factually aligned search queries. Further-
more, we employ a Weighted Reciprocal Rank Fusion (RRF)
algorithm to synergistically integrate the visual-based and text-
based retrieval streams, ensuring robust knowledge acquisition.
Extensive experiments on the Encyclopedic-VQA and InfoSeek
benchmarks demonstrate that our approach achieves new state-
of-the-art performance.

Index Terms—visual question answering, retrieval-augmented
generation, multimodal large language model

I. INTRODUCTION

Multimodal Large Language Models (MLLMs) [1]–[5] have
emerged as unified foundations for various vision-language
tasks, demonstrating remarkable capabilities in standard Visual
Question Answering (VQA) [6]–[8]. However, despite their
impressive visual reasoning skills, MLLMs continue to face
significant challenges in addressing Knowledge-based Visual
Question Answering (KB-VQA) [9]–[13]. Unlike standard
VQA, which relies primarily on visual perception to inter-
pret image content, KB-VQA necessitates accessing extensive
external encyclopedic knowledge grounded in visual cues,
extending beyond the model’s internal parametric knowledge.
To overcome the limitations of MLLMs in memorizing long-
tail or up-to-date information, Retrieval-Augmented Genera-
tion (RAG) [14] has become a widely adopted paradigm. By
retrieving relevant documents from external knowledge bases
(KB) to augment the generation process, RAG effectively
bridges the gap between visual understanding and world
knowledge.

Despite these advancements, existing methods [15]–[20]
still face challenges in achieving high retrieval recall. A pri-
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mary limitation is their predominant reliance on visual modal-
ity matching. While effective for capturing visual appearance,
this paradigm fails to utilize the rich semantic information em-
bedded in the original question. To leverage this information,
recent works like Wiki-PRF [20] attempt to fuse image and
question inputs using MLLMs to generate descriptive queries.
However, this strategy introduces a critical issue: Hallucination
in Ungrounded Query Generation. Lacking external context,
MLLMs often fabricate specific entities based on superficial
visual features. As shown in Fig. 1, when asked about a rail-
way station, a vanilla MLLM misidentifies “Montreal Central
Station” as “Union Station” due to architectural similarities.
Such hallucinations are catastrophic for RAG systems, as
they generate misleading search queries that retrieve entirely
irrelevant documents, causing errors to propagate inevitably
into the final answer.

To address these challenges, we propose a novel dual-
stream retrieval framework, where the core module of the text
retrieval stream is ViP-RAC (Visual-Prior Guided Retrieval
Augmented Captioning). The design of ViP-RAC is motivated
by our observation that while coarse-grained visual retrieval
results may not always pinpoint the exact target, they reliably
capture visually similar entities or scene contexts, thereby
serving as powerful anchors for the MLLM. Specifically,
by utilizing the textual information associated with the top-
k retrieved candidates from the image retrieval stream as
visual priors, ViP-RAC effectively calibrates the MLLM’s
generation process. This mechanism enables the production
of factually aligned captions with significantly reduced hal-
lucinations. As illustrated in Fig. 1, even if the generated
query does not immediately pinpoint the exact entity name, our
method successfully corrects the geographic scope (identifying
“Montreal” instead of “Toronto”), ultimately leading to the
successful recall of the target document.

Furthermore, our framework enhances retrieval robustness
through superior modality alignment and synergized fusion.
Distinct from prior methods like Wiki-PRF [20] that typically
perform cross-modal retrieval, our approach utilizes the gener-
ated captions to retrieve the textual content of documents. This
Text-to-Text (T2T) paradigm ensures superior semantic align-
ment by operating within a unified modality space. Finally, to
integrate the results from both streams, we employ a Weighted
Reciprocal Rank Fusion (RRF) [21] algorithm. This strategy



Fig. 1. Illustration of vanilla captioning and our ViP-RAC. By leveraging retrieved candidates from the visual stream as visual priors, ViP-RAC effectively
mitigates the hallucination issues inherent in vanilla MLLM-generated queries, ultimately leading to the successful retrieval of the correct document.

prioritizes candidates that rank highly across both modalities,
ensuring that the final candidate set remains robust against
noise from any single stream.

Our main contributions are summarized as follows:
• We propose a dual-stream retrieval framework synergized

via Weighted RRF, where textual retrieval complements
the visual stream to address semantic neglect and enhance
overall recall, ensuring single-modal noise robustness.

• We introduce ViP-RAC as the core module of the text-
to-text stream, which leverages image retrieval results
as visual priors to anchor MLLMs, thereby mitigating
hallucinations in ungrounded query generation. Notably,
our design is generator-agnostic and can be seamlessly
integrated into existing RAG systems.

• Extensive experiments on E-VQA and InfoSeek bench-
marks demonstrate the superiority of our approach, es-
tablishing new state-of-the-art performance of 40.8 and
43.4, respectively.

II. RELATED WORK

Knowledge-based VQA [22] transcends standard recogni-
tion by requiring external knowledge, evolving from com-
monsense reasoning [9], [10] to fine-grained, Wikipedia-scale
settings like Encyclopedic-VQA [12] and InfoSeek [13]. To
address the memory limitations of MLLMs in these scenarios,
RAG has become the standard paradigm, typically utilizing
contrastive image-text encoders [23], [24] to align visual inputs
with large-scale knowledge bases. Recent advancements focus
on refining this pipeline, such as employing hierarchical veri-
fication [16] or Q-Former-based reranking [17], or introducing
model-level reasoning controls via learnable tokens [18], [20].
Despite progress, methods such as Wiki-PRF [20] that utilize
generic MLLMs for query generation suffer from a critical
limitation whereby ungrounded query generation often leads
to entity hallucinations. Such hallucinations cause the retriever
to fetch entirely irrelevant documents, which inevitably intro-
duces noise into the context window and degrades the final

answer accuracy. In contrast, our approach uniquely leverages
retrieval results from the image stream as visual priors to
ground MLLMs, effectively rectifying these hallucinations
before query generation.

III. METHOD

A. Task Definition

Given a visual question consisting of an image I and a nat-
ural language question Q, the goal of KB-VQA is to generate
an accurate answer A. Unlike standard VQA tasks, KB-VQA
requires the generator model G to leverage additional snippets
C retrieved from an external knowledge base K as context. The
objective can therefore be formulated as:

A = argmax
A

G(A | I,Q, C). (1)

The external knowledge base K consists of a large-scale col-
lection of multimodal documents, denoted as K = {Di}Ni=1.
Formally, each document Di is defined as a triplet:

Di = (Ti, Si, Vi), (2)

where Ti represents the metadata (e.g., title, summary, and
section titles) of the i-th document, Si denotes the full textual
content, and Vi is the associated visual content.

The overall architecture of our proposed framework is
illustrated in Fig. 2. It consists of three core components:
Image Retriever, Text Retriever, and Answer Generator. Ini-
tially, the Image Retriever performs image-to-image retrieval
to identify candidate images, which are subsequently mapped
to their corresponding documents in the knowledge base.
Subsequently, the Text Retriever incorporates our proposed
ViP-RAC module. Instead of relying on ungrounded query
generation, ViP-RAC leverages the retrieved candidates from
the visual stream as visual priors to anchor the MLLM, effec-
tively correcting entity hallucinations and generating factually
aligned queries for precise textual retrieval. Finally, retrieval
results from both streams are synergistically integrated via a



Fig. 2. The overall view of our proposed dual-stream retrieval framework. (1) Given a visual question, the Image Retriever performs coarse-grained
Image-to-Image (I2I) retrieval to obtain top-P images, where the relevant information from the top-5 images serves as visual priors for the text-stream
MLLM. (2) In the Text Retriever stream, the ViP-RAC module utilizes the textual descriptions of these visual priors to provide a factual basis for the MLLM,
generating a factually aligned caption (query) for the Text-to-Text (T2T) retriever. (3) Candidate documents from both streams are fused via a Weighted RRF
algorithm, and the top-Ks relevant sections are fed into the Generator to derive the final answer.

weighted RRF algorithm to support the Generator in deriving
the final answer.

B. Retrieval Stage

To effectively recall relevant knowledge from the massive
external knowledge base, we employ a dual-stream retrieval
strategy that synergizes visual appearance matching with se-
mantic textual search.
Image Retrieval. Given the query image Iq , the objective
of the visual stream is to retrieve candidate documents based
on visual similarity. We adopt the visual encoder from EVA-
CLIP [24], denoted as Φvis, to extract visual vectors. The
similarity score Svis between the query image and the visual
content Vi of the i-th document in the knowledge base is
computed via cosine similarity:

Svis(Iq, Vi) =
Φvis(Iq) · Φvis(Vi)

∥Φvis(Iq)∥∥Φvis(Vi)∥
. (3)

Based on these scores, we retrieve the top-P1 most relevant
images and map them to their corresponding documents,
forming the visual candidate set Dvis. Beyond serving as
candidate answers, the associated textual information of the
top-ranked images in Dvis provides coarse-grained but vital
visual cues. We leverage the textual content of the top-k results
from this set to construct the visual priors, denoted as Pvis,
which are subsequently utilized to support the text retrieval
stream.
Text Retrieval. This stream focuses on extracting the visual
content pertinent to the question as well as the key semantic
entities inherent in the question. To bridge the gap between
visual perception and textual search, we deploy our ViP-RAC

module. Specifically, we employ a MLLM, denoted as M, to
serve as the query generator. The model takes the query image
Iq , the user question Q, and the relevant information of the
visual priors Pvis as inputs to generate a refined search query
Q̂:

Q̂ = M(Iq, Q,Pvis). (4)

By conditioning on Pvis, the MLLM is grounded in the
retrieved visual context, significantly reducing hallucinations.
Subsequently, we perform dense retrieval using the generated
query Q̂. We encode both Q̂ and the textual content Si of each
document into dense vectors using a text embedding model,
denoted as Ψtext. The textual relevance score is computed as:

Stext(Q̂, Si) =
Ψtext(Q̂) ·Ψtext(Si)

∥Ψtext(Q̂)∥∥Ψtext(Si)∥
. (5)

This process retrieves the top-P2 textually relevant documents,
denoted as Dtext, which complement the visual candidates by
addressing semantic details.

C. Generation Stage

Weighted Reciprocal Rank Fusion. Since the visual and
textual retrieval streams operate in distinct embedding spaces,
their similarity scores Svis and Stext may follow different
distributions, making direct summation suboptimal. To ro-
bustly integrate the results of our dual-stream retrieval, we
employ the weighted RRF algorithm [21]. RRF relies on
the rank information rather than absolute scores, ensuring
stability against outliers. Let rvis(d) and rtext(d) be the rank of



TABLE I
COMPARISON WITH STATE-OF-THE-ART METHODS ON E-VQA AND INFOSEEK DATASETS. BEST RESULTS ARE IN BOLD, AND SECOND BEST ARE

UNDERLINED.

Method Generator Retriever E-VQA InfoSeek

Single-hop All Unseen-Q Unseen-E All

Zero-shot MLLMs
BLIP-2 [25] – – 12.6 12.4 12.7 12.3 12.5
LLaVA-v1.5-7B [26] – – 16.3 16.9 9.6 9.4 9.5
GPT-4V [27] – – 26.9 28.1 15.0 14.3 14.6
Qwen2.5-VL-3B [2] – – 17.9 19.6 20.4 21.9 21.4
Qwen2.5-VL-7B [2] – – 21.7 20.3 22.8 24.1 23.7

Retrieval-Augmented Models
DPR†

V+T [28] Multi-passage BERT CLIP ViT-B/32 29.1 – – – 12.4
RORA-VLM† [29] Vicuna-7B CLIP+Google Search – 20.3 25.1 27.3 –
Wiki-LLaVA [16] Vicuna-7B CLIP ViT-L/14 17.7 20.3 30.1 27.8 28.9
EchoSight† [17] Mistral-7B EVA-CLIP-8B 41.8 – – – 31.3
EchoSight∗ [17] Mistral-7B EVA-CLIP-8B 41.7 38.2 25.2 26.2 25.7
ReflectiVA [18] LLaMA-3.1-8B EVA-CLIP-8B 35.5 35.5 40.4 39.8 40.1
MMKB-RAG [19] Qwen2-7B EVA-CLIP-8B 39.7 35.9 36.4 36.3 36.4

Wiki-PRF [20] Qwen-2.5VL-7B EVA-CLIP-8B 37.1 36.0 43.3 42.7 42.8
InternVL3-8B EVA-CLIP-8B 40.1 39.2 43.5 42.1 42.5

Mistral-7B | LLaMA-3.1-8B EVA-CLIP-8B+Qwen3-Emb-0.6B 43.5 39.6 41.5 41.4 41.3ViP-RAC (Ours)
Qwen-2.5VL-7B EVA-CLIP-8B+Qwen3-Emb-0.6B 44.6 40.8 43.7 43.2 43.4

∗ Represents our reproductions.
† Indicates results that are not directly comparable because different knowledge bases were utilized.

Fig. 3. Qualitative examples of our method.The examples illustrate that our method accurately identifies specific entities and retrieves factually correct
knowledge across diverse domains, including landmarks (left two) and natural species (right two).

document d in the retrieval lists Dvis and Dtext, respectively.
The fusion score SRRF(d) is calculated as:

SRRF(d) = wv ·
1

η + rvis(d)
+ wt ·

1

η + rtext(d)
, (6)

where η is a smoothing constant, and wv, wt are hyperpa-
rameters that assign specific weights to the visual and textual
streams, respectively. Based on SRRF, we re-rank the union of
retrieved documents and retain the top-K candidates, denoted
as Dmerged.
Answer Generation. Following the generation strategy in
EchoSight [17], we employ a pre-trained Q-Former to perform
section-level re-ranking on the candidates Dmerged, retaining
the top-Ks most relevant sections as the final context Cfinal.
Subsequently, the answer is generated by the generator G.
For LLM-based generators, the input consists of the question
Q and Cfinal, whereas for MLLM-based generators, the query
image I is additionally included to provide visual evidence.

IV. EXPERIMENTS

A. Experimental Setup

Datasets and Metrics. We evaluate on E-VQA [12] and
InfoSeek [13]. Following established protocols [18], [20], we
use the E-VQA test split with a 2M-document Knowledge
Base and the InfoSeek validation split with a 100k-document
subset. Retrieval is measured via Recall@K, while answer
quality is evaluated using the BEM score [30] for E-VQA
and VQA accuracy [7] for InfoSeek.
Baselines. We compare ViP-RAC against two categories of
previous methods: (1) Zero-shot MLLMs: General-purpose
models including BLIP-2 [25], LLaVA-v1.5 [26], GPT-
4V [27], and Qwen2.5-VL [2], which rely solely on inter-
nal parametric knowledge. (2) Retrieval-Augmented Models:
Specialized KB-VQA frameworks such as Wiki-LLaVA [16],
EchoSight [17], ReflectiVA [18], and Wiki-PRF [20]. These
baselines represent diverse retrieval and reranking strategies
for performance comparison.



TABLE II
RETRIEVAL PERFORMANCE COMPARISON ON E-VQA AND INFOSEEK.

Method E-VQA InfoSeek

R@1 R@5 R@20 R@1 R@5 R@20

Wiki-LLaVA 3.3 – 13.2 36.9 – 71.9
EchoSight 13.3 31.3 48.8 45.6 67.1 77.9
EchoSight* 13.4 31.8 48.9 46.5 64.3 73.4
ReflectiVA 15.6 36.1 49.8 56.1 77.6 86.4
Wiki-PRF – – – 54.9 – –

ViP-RAC (Ours) 28.1 43.0 58.2 60.2 77.4 86.7
∗ represents our reproductions.

Implementation Details. For the Image Retriever, we utilize
the EVA-CLIP-8B [24] as the visual encoder to compute
image-to-image similarity. For the Text Retriever, we employ
Qwen3-VL-8B-Instruct as the backbone for the ViP-RAC
module to generate search queries, and Qwen3-Embedding-
0.6B as the dense encoder for vectorizing both queries
and knowledge base documents. For the Answer Generator,
we evaluate several backbones, including Mistral-7B [31],
LLaMA-3.1-8B [32], and Qwen2.5-VL-7B [2].

During retrieval, each stream fetches the top 50 candidates
(P1 = P2 = 50), utilizing the top-5 visual results as priors
(k = 5). In the fusion stage, the Weighted RRF algorithm
uses a smoothing constant η = 60, with weights wv = 1.2 and
wt = 1.0 assigned to the visual and text streams, respectively.
We retain the top 20 documents (K = 20) for section-level re-
ranking. Based on dataset characteristics, the number of input
sections Ks fed to the generator is set to 1 for E-VQA and
3 for InfoSeek. All vector similarity searches are accelerated
using the FAISS [33] library.

B. Main Results

VQA Results. As shown in Table I, ViP-RAC significantly
improves upon zero-shot MLLMs, boosting Qwen2.5-VL-7B
from 20.3 to 40.8 on E-VQA, confirming the necessity of
external knowledge. Compared to existing RAG frameworks,
ViP-RAC consistently achieves superior performance. On E-
VQA, it surpasses state-of-the-art methods like EchoSight
and Wiki-PRF. Notably, even with less powerful generators
like Mistral-7B, ViP-RAC reaches 39.6, indicating that per-
formance gains stem primarily from high-quality retrieved
context rather than the inherent capacity of the generator. On
InfoSeek, ViP-RAC establishes a new benchmark with a score
of 43.4, outperforming Wiki-PRF. This result demonstrates
that guidance via visual priors can effectively mitigate the per-
formance degradation caused by hallucination in ungrounded
query generation.
Retrieval Results. Then we evaluate the effectiveness of our
retrieval module in identifying relevant knowledge. Table II
compares the retrieval recall of ViP-RAC against state-of-the-
art methods. On E-VQA, ViP-RAC substantially outperforms
ReflectiVA, achieving an R@1 of 28.1%, representing a nearly
two-fold increase over the 15.6% baseline. This confirms that

TABLE III
ABLATION STUDY ON E-VQA. VIP DENOTES THE VISUAL-PRIOR

GUIDED RAC MODULE.

Text Encoder Components E-VQA

I2I T2T ViP Single-hop All

Single Stream Retrieval
(Visual Only) ✓ 41.73 38.15
Qwen3-Emb-0.6B ✓ 31.47 29.32
Qwen3-Emb-0.6B ✓ ✓ 41.18 37.44

Dual Stream Fusion
BM25 ✓ ✓ 33.49 31.10
EVA-CLIP Text ✓ ✓ 42.17 38.42
Qwen3-Emb-0.6B ✓ ✓ 43.12 39.25

Qwen3-Emb-0.6B (Ours) ✓ ✓ ✓ 43.54 39.63

visual priors effectively anchor the MLLM, facilitating precise
query generation for target entities. Similarly, on InfoSeek, our
method consistently leads in both R@1 (60.2%) and R@20
(86.7%), illustrating that our visual-prior guided dual-stream
architecture robustly handles diverse queries and suppresses
retrieval noise.
Qualitative Results. Fig. 3 compares our method with
EchoSight and a vanilla MLLM. Guided by visual priors,
our method accurately identifies fine-grained entities where
competitors either hallucinate generic answers or provide
incorrect details. These cases confirm that our dual-stream
framework effectively anchors query generation to retrieve
precise, factually aligned knowledge for complex reasoning.

C. Ablation Study

To validate the effectiveness of the proposed components,
we conduct ablation studies on the E-VQA dataset. Table III
details the performance under different retrieval configura-
tions.
Impact of Visual-Prior Guidance. We first evaluate the
individual components in a single-stream retrieval setting. As
shown in the first section of Table III, the visual-only retrieval
already achieves a competitive score of 38.15, establishing a
strong baseline. In contrast, relying solely on the T2T retriever
yields unsatisfactory results (29.32) due to the hallucination
issues inherent in ungrounded query generation. However, in-
corporating the ViP module leads to a substantial performance
leap of over 8 points, boosting the overall score to 37.44.
This empirical evidence confirms that visual priors effectively
ground the MLLM, correcting hallucinations and ensuring
factually aligned query generation.
Effectiveness of Dual-Stream Fusion. We further analyze
the synergy between visual and textual streams. In the dual-
stream setting, naive lexical matching (BM25) introduces
noise, degrading performance compared to the visual-only
baseline. Conversely, dense retrievers (EVA-CLIP text encoder
and Qwen3-Embedding-0.6B) provide complementary seman-
tic information, improving overall accuracy. Notably, our full
framework achieves a top score of 39.63 by combining I2I
retrieval with ViP-enhanced T2T retrieval. This demonstrates



that our dual-stream architecture successfully integrates visual
appearance cues with explicit semantic constraints, yielding
robust retrieval results.

V. CONCLUSION

In this paper, we presented a novel dual-stream retrieval
framework for KB-VQA, incorporating ViP-RAC as the core
module of the text-to-text stream. By leveraging coarse-
grained retrieval results as visual priors, ViP-RAC anchors
MLLMs to generate factually aligned queries, effectively
mitigating zero-shot hallucinations. Furthermore, we employ
a Weighted RRF algorithm to synergize visual and textual
streams for robust knowledge acquisition. Extensive exper-
iments on E-VQA and InfoSeek benchmarks demonstrate
that our approach significantly outperforms existing methods,
establishing new state-of-the-art results.
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