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Abstract

Knowledge-Based Visual Question Answering
(KB-VQA) requires retrieving entity knowl-
edge from external sources to answer questions
that cannot be resolved from visual content
alone. However, existing RAG systems suf-
fer from the Single-Source Retrieval Bottle-
neck and Source-Specific Reranker Degrada-
tion due to their reliance on individual retrieval
sources. To address these challenges, we pro-
pose UniSONAR, a unified lightweight frame-
work that effectively processes candidates from
heterogeneous retrieval sources. By integrat-
ing dual-source coarse retrieval followed by
a novel Source-Conditioned Attentive Fusion,
UniSONAR facilitates robust cross-source gen-
eralization and enables both entity-level and
section-level retrieval. Furthermore, we in-
troduce a hybrid training strategy using con-
trastive learning and an auxiliary loss to en-
hance discriminative feature learning. Ex-
tensive experiments on E-VQA and InfoSeek
demonstrate that UniSONAR achieves state-of-
the-art performance. Code will be released.

1 Introduction

Visual Question Answering (VQA) (Antol et al.,
2015) requires models to answer natural language
questions about images. A more challenging vari-
ant, Knowledge-Based VQA (KB-VQA), further
requires external entity knowledge beyond visual
content from sources like Wikipedia. While Mul-
timodal Large Language Models (MLLMs) (Bai
et al., 2025; Liu et al., 2024; Zhu et al., 2025)
excel at general VQA, they often require exter-
nal augmentation for knowledge-intensive queries.
Consequently, Retrieval-Augmented Generation
(RAG) (Caffagni et al., 2024; Zhang et al., 2024;
Cocchi et al., 2025; Yan and Xie, 2024; Yang et al.,
2025; Yuan et al., 2025) has become the domi-
nant paradigm, retrieving query-relevant knowl-
edge to contextualize MLLM generation. RAG
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Figure 1: Limitations of existing KB-VQA systems.
Top: Single-Source Retrieval Bottleneck, where ground-
truth entities are frequently captured by only one modal-
ity, limiting downstream performance. Bottom: Source-
Specific Reranker Degradation, where rerankers trained
on single sources fail to generalize to non-native re-
trieval sources, misleading the answer generator.

frameworks typically adopt a three-stage pipeline:
coarse retrieval extracts top-k candidate entities via
vision-language encoders; fine-grained reranking
optimizes the candidate order; and answer gener-
ation derives the final response based on the top-
ranked entity’s knowledge.

As illustrated in Figure 1, current systems face
two critical limitations. First, the reliance on indi-
vidual retrieval sources, either image-to-image (121)
or image-to-text (I2T), creates a Single-Source Re-
trieval Bottleneck. The bottleneck arises because
these modalities diverge significantly: 12I focuses
on morphological similarity (e.g., color, shape),
while I2T emphasizes semantic consistency. As
a result, they yield largely non-overlapping entity



sets under limited candidate budgets. Consequently,
ground-truth entities are often retrieved by only one
modality, rendering single-source approaches in-
herently incomplete. This bottleneck significantly
hampers reranking performance, leading to hal-
lucinated or incorrect answers. Second, current
rerankers suffer from Source-Specific Reranker
Degradation due to a lack of cross-modal general-
ization. Trained exclusively on single-source candi-
dates, these models cannot effectively adapt when
applied to non-native retrieval sources. This fail-
ure leads to the misranking of ground-truth entities,
thereby propagating retrieval errors to the final an-
swer generation.

To overcome these limitations, we propose
Unified Source-Conditioned Attentive Retrieval
(UniSONAR), a lightweight multimodal RAG
framework that effectively handles candidates from
heterogeneous retrieval sources within a unified
architecture. To fully utilize the distinct character-
istics of dual source, we first perform Dual-Source
Coarse-grained Retrieval by simultaneously match-
ing the query image against entity images (I12I) and
textual summaries (I2T). Subsequently, we intro-
duce Source-Conditioned Attentive Fusion in the
Multimodal Multisource Entity Reranking stage to
enable robust cross-source generalization, culmi-
nating in the selection of the most reliable candi-
date via confidence-weighted fusion of top-ranked
entities. Finally, we conduct Fine-grained Section
Reranking within the selected entity to identify
the most relevant knowledge for answer genera-
tion. Furthermore, we employ a training strategy
that learns source-specific discriminative features
via contrastive learning on fused representations,
while preserving cross-modal matching capabilities
through an auxiliary loss for downstream section-
level retrieval. Extensive experiments demonstrate
that our method outperforms existing state-of-the-
art competitors. Our main contributions are as fol-
lows:

* We propose UniSONAR, a unified lightweight
framework that efficiently synergizes 121 and
12T sources via our Source-Conditioned Mul-
timodal Attentive Fusion module.

* We introduce a training strategy that combines
contrastive learning on fused representations
to learn source-specific features with an aux-
iliary loss that preserves cross-modal match-
ing for section-level retrieval, enabling unified
entity-to-section retrieval.

* Extensive experiments on E-VQA and InfoS-
eek demonstrate that our framework achieves
state-of-the-art performance with high effi-
ciency, establishing dual-source retrieval as
a promising paradigm for knowledge-based
VQA systems.

2 Related Work

2.1 KBVQA

KB-VQA extends traditional VQA (Antol et al.,
2015) by incorporating external knowledge to an-
swer questions requiring insights beyond the vi-
sual input. While early methods (Marino et al.,
2021; Wu et al., 2022) achieved limited success, the
field has advanced significantly through new bench-
marks (Mensink et al., 2023; Chen et al., 2023)
and LLM integration. PICa (Yang et al., 2022)
pioneered GPT-3-based few-shot learning, lead-
ing to widespread adoption of In-Context Learning
(ICL) (Hu et al., 2023; Khademi et al., 2023; Xenos
et al., 2023; Shao et al., 2023) that relies on the
parametric knowledge encoded in large language
models (Achiam et al., 2023; Touvron et al., 2023).
However, ICL methods rely entirely on parametric
knowledge stored in model weights, lacking ex-
plicit knowledge sources or retrieval mechanisms
to ground their predictions in verifiable evidence.

2.2 Multimodal RAG

Retrieval-Augmented Generation (RAG) (Lin and
Byrne, 2022) has been expanded to KB-VQA to
guide generation with external documents. Exist-
ing methods employ fine-grained encoding (Lin
et al., 2024; Deng et al., 2025), hierarchical strate-
gies (Caffagni et al., 2024; Yan and Xie, 2024), de-
noising (Jian et al., 2024; Qi et al., 2024), or reflec-
tive refinement (Zhang et al., 2024; Cocchi et al.,
2025) to improve retrieval. Others utilize knowl-
edge graphs (Yuan et al., 2025) or reinforcement
learning (Hong et al., 2025). OMGM (Yang et al.,
2025) specifically addresses granularity mismatch
between coarse entity retrieval and fine-grained sec-
tion matching. However, these approaches predom-
inantly rely on a single retrieval modality: either
image-to-image or image-to-text matching, which
limits entity coverage when ground-truth entities
are only captured by one source. In contrast, our
method unifies both I12I and I2T retrieval within a
single framework. By adaptively fusing comple-
mentary signals through source-conditioned atten-
tion, our approach exploits the synergistic poten-
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Figure 2: Overview of UniSONAR framework. Our approach operates in three stages: Stage 1: Dual-source
coarse-grained retrieval obtains top-k candidates from both 121 and 12T sources; Stage 2: Multimodal multisource
entity reranking employs source-conditioned attentive fusion to adaptively reweight multimodal features based on
retrieval source, followed by confidence-weighted aggregation to select the top-1 entity; Stage 3: Fine-grained
section reranking identifies the most relevant knowledge section for answer generation by MLLM.

tial of multi-source retrieval while maintaining a
lightweight architecture.

3 Methodology

In this section, we present UniSONAR, a unified
framework that jointly leverages image-to-image
and image-to-text retrieval. Our approach operates
in three stages: dual-source coarse retrieval obtains
complementary candidate sets from both modali-
ties, source-conditioned reranking adaptively fuses
multimodal features to identify the most relevant
entity, and section-level matching selects the opti-
mal knowledge passage for answer generation. The
complete pipeline is shown in Figure 2.

3.1 Dual-Source Coarse-Grained Retrieval

Coarse-grained entity retrieval aims to identify
top-k candidates from a multimodal knowledge
base. However, retrieval modalities exhibit distinct
characteristics: visual-visual matching prioritizes
morphological similarity such as color and shape,
which can lead to visual ambiguity, whereas visual-
text matching emphasizes semantic consistency,
often resulting in conceptual over-generalization.
Consequently, our dual-source retrieval strategy is
designed to leverage the complementary strengths

of these distinct retrieval behaviors.

Specifically, given a query image 7,, candidate
entities are retrieved by matching the query against
two complementary knowledge-base representa-
tions: entity images Z, and textual summaries S,
of entity articles. This dual-branch process per-
forms Image-to-Image (I2]) retrieval by aligning
7, with visual data, and Image-to-Text (I2T) re-
trieval by matching 7, against textual descriptions,
formalized as,

Ct = F(ou(Z,),Ks), se{l2L12T} (1)

where K represents the set of knowledge-base
embeddings encoded from raw data correspond-
ing to source s, while ¢,(-) and ¢.(-) denote
the visual and textual encoders of CLIP, respec-
tively. Specifically, we define K1 = ¢,(Z¢)
and Kpr = ¢4(Se). The function F(-) employs
Faiss (Johnson et al., 2019) to retrieve the top-
k nearest neighbors via inner-product similarity
sim¢(e) over pre-indexed embeddings. This yields
two source-specific candidate sets CIkZI and CIkZT for
subsequent reranking.



3.2 Multimodal Multisource Entity
Reranking

With the coarse-grained candidate sets Clk21 and
CIkZT obtained, the next critical step is to refine
rankings through fine-grained feature interaction.
While these sets provide high recall, they often
lack sufficient discriminability due to visual homo-
geneity in 12 retrieval and semantic ambiguity in
12T retrieval. Therefore, we introduce Multimodal
Multisource Entity Reranking, which explicitly ex-
ploits discriminative cues from the complementary
modality via Source-Conditioned Multimodal At-
tentive Fusion module.

We employ VISTA (Zhou et al., 2024) as the mul-
timodal encoder. Given an image-text pair (Z,7),
the encoder produces three modality-specific repre-
sentations:

fm = BERT (¢ (Z,T)),m € {it,t,i} (2)

where 1); extracts visual tokens via ViT (Dosovit-
skiy, 2020), v, processes textual tokens, and 1
concatenates both. These token sequences are then
encoded by BERT (Devlin et al., 2019).

For the query, we encode the image-question
pair (Zg, 74) to obtain multimodal query represen-
tation Q;;. For each candidate entity in Cf with
knowledge base image 7. and article 7. compris-
ing H sections 7" (h € [1, H]), we encode each
image-section pair to obtain section-level features
CZ, Cch, Clh for multimodal, textual and visual
modalities, respectively.

Source-Conditioned Multimodal Attentive
Fusion. To learn discriminative modality pref-
erences tailored to each retrieval source, we in-
troduce Source-Conditioned Multimodal Attentive
Fusion, which employs source-conditioned MLP;
to adaptively combine candidate features Cf, C,
C? from source s, producing section-level fused
features C":

[wit, wy, w;]=Softmax (MLPS([CZ |Ch| Cf]))
Ch:witCZ + wtClIgl + w,»CZh

3)
where || denotes concatenation and MLP; is the
source-conditioned MLP for source s. To com-
bine complementary strengths from coarse and
fine-grained retrieval, we compute entity-level sim-
ilarity sims(e) by selecting the maximum query-
section similarity across all H sections of entity e,

then fusing with the coarse retrieval score:

. T ~h cp ) C
s = g i C 1- s s
sims(e) = a hrer%%é]Qt +(1—as)simS(e)
“)

where sim¢(e) is the coarse retrieval score from
Eq. 1, and a5 € [0, 1] balances the fine-grained and
coarse signals.

Subsequently, to integrate the complementary
signals from dual-source retrieval, we adopt a
confidence-weighted fusion strategy, in which each
source is assigned an adaptive weight according
to its ranking reliability. Specifically, we quantify
source confidence by the score margin between
the top-ranked and second-ranked entities, where a
larger margin indicates higher retrieval certainty:

A, = simg(eM) — sim(e®)

I
* Api+Apr ®)
E* = argmax Bssims(e)

e€ (CI’%IUCET) s

Here, eV and ¢ denote the top-1 and top-2 en-
tities retrieved from source s, respectively, and
si}ns(e) represents the z-score normalized similar-
ity score for entity e under source s, with missing
entities contributing zero.This confidence-aware
aggregation yields Top-1 entity £*.

3.3 Fine-grained Section Reranking

Given the selected entity £*, we rerank its sections
to identify the most relevant passage for answer
generation. We combine section-level image-text-
to-text (IT2T) similarity with entity-level retrieval
scores to jointly leverage fine-grained and coarse-
grained signals:

S* = max [yQLCP + (1 — v) max sim/(E*)]

he(1,H) ©

where C} denotes the textual feature of section
h from E*, and v € [0, 1] balances section-level
specificity and entity-level confidence. The pre-
dicted Top-1 section S* is provided to an MLLM
alongside (Z,, 7,) for answer generation.

3.4 Reranker Training Objective

To train our reranker, we construct training pairs
from the top-k candidates C” retrieved in Stage
1. Positive pairs consist of the query with ground-
truth entity images and their correct sections, while
hard negatives combine the query with incorrect



entity images and random sections from those enti-
ties. We obtain NV training pairs from both 121 and
I2T sources. Pairs from each source are processed
through their respective source-conditioned MLP;
and fused into candidate features C via Eq. 3.

We optimize two complementary objectives,
where A balances their contributions. The primary
contrastive loss trains the fused representation:

exp(QfC/7)
Soiir exp(QfCH/7)

where C is the fused feature of the positive pair,
T is temperature. To prevent modality collapse and
preserve IT2T matching capabilities required for
downstream section-level reranking, we introduce
an auxiliary loss that maintains alignment across
multimodal, visual, and textual feature pairs:

Econ = -

(7

ot
Loye = — Z log ]\?Xp(ta ;1/7];)
me{itt,i} 2 k=1 eXp(QitCm/T)
(®)
The overall training objective is:
L= Leon+ )\Eau:pa 9)

4 Experiments

4.1 Datasets and Metrics

Datasets. We conduct experiments on two widely-
adopted KB-VQA datasets: E-VQA (Mensink
et al., 2023) and InfoSeek (Chen et al., 2023). E-
VQA comprises 1M triplets (Z,, 74,y), generated
by pairing each of the 221k unique QA pairs (span-
ning 16.7k entities) with up to five distinct entity
images. Following EchoSight (Yan and Xie, 2024),
we evaluate on single-hop questions, which are an-
swerable from a single Wikipedia page, yielding
4.7k evaluation samples and a knowledge base of
2M Wikipedia articles. InfoSeek contains 1.3M
triplets distributed across roughly 11k Wikipedia
entities, partitioned into 934k training, 73k valida-
tion, and 348k test samples. Since ground-truth
answers for the test split are not publicly avail-
able, we evaluate on the validation set, which con-
tains both unseen entities (Unseen-E) and novel
questions (Unseen-Q). We adopt the standard 100k
knowledge base subset from the original 6M pages,
consistent with recent work (Yang et al., 2025).
Metrics. For retrieval accuracy evaluation, we
employ Recall @k to measure whether the GT ap-
pears within the top-k candidates, enforcing strict

URL matching between the entities’ Wikipedia
URL exactly matches the GT. Moreover, we adopt
dataset-specific metrics (BEM (Zhang et al., 2019)
for E-VQA dataset and both VQA accuracy (An-
tol et al., 2015) and Relaxed accuracy (Methani
et al., 2020) for InfoSeek ) aligned with standard
practices for answer quality assessment.

4.2 TImplementation Details

Our Multimodal Multisource Reranker utilizes the
VISTA (Zhou et al., 2024) architecture, combin-
ing a ViT-based visual encoder (EVA-CLIP-02-
Base (Sun et al., 2023)) and a BERT-based text
encoder (BGE-Base-v1.5 (Xiao et al., 2024)) for
unified multimodal representation. Initialized with
VISTA Stage 1 checkpoint, we freeze the visual en-
coder while fine-tuning the text encoder and source-
conditioned fusion MLP;. This facilitates IT2ITIT
retrieval, supporting both entity and section-level
reranking in a unified framework. Furthermore,
we employ LoRA (Hu et al., 2022) to efficiently
fine-tune the Qwen3-VL (Bai et al., 2025) model
for answer generation, enabling it to leverage the
triplets from the retrieval pipeline and align with
our knowledge format. More training details are
provided in Appendix B and C.

4.3 Main Results

The results of our method compared with other
approaches are presented in Table 1 and Table 2
with additional efficiency comparison in Table 3.
Retrieval Performance. We compare our
method against several state-of-the-art baselines,
including Wiki-LLaVA (Caffagni et al., 2024),
mR?AG (Zhang et al., 2024), LLM-RA (Jian et al.,
2024), VLM-PRF (Hong et al., 2025), Reflec-
tiVA (Cocchi et al., 2025), EchoSight (Yan and
Xie, 2024), OMGM (Yang et al., 2025). As illus-
trated in Table 1, methods focusing on inference-
time optimization within the LLM generator (Wiki-
LLaVA, ReflectiVA) suffer from poor performance,
especially at low Recall@k on E-VQA. Likewise,
multi-stage retrieval approaches restricted to single
sources (EchoSight, OMGM) also achieve limited
recall. In contrast, UniSONAR addresses these
limitations, achieving state-of-the-art performance
on E-VQA and InfoSeek with absolute Recall@1
gains of +4.7% and +2.4%, respectively. The
pronounced improvement at higher k values (e.g.,
+11.2% on E-VQA R@20) highlights that our dual-
source strategy substantially enhances candidate
diversity compared to single-source baselines. This



Method E-VQA InfoSeek
R@l1 R@5 R@10 R@20 R@l1 R@5 R@10 R@20

Wiki-LLaVA 33 - 9.9 13.2 36.9 - 66.1 71.9
mR?AG - - - - 38.0 - 650 710
LLM-RA - - - - 473 538 - -
VLM-PRF - - - - 54.9 - - -
ReflectiVA 156  36.1 - 49.8 56.1 77.6 - 86.4
Reranking on Image-to-Image coarse retrieval
w/o Reranking 13.3 31.3 41.0 48.8 45.6  67.1 73.0 77.9
EchoSight 365 479 48.8 48.8 532 740 77.4 77.9
OMGM' 340 470 48.8 48.8 575 733 76.8 77.9
UniSONAR (Ours) 393 484 48.8 48.8 577 75.8 77.9 77.9
Reranking on Image-to-Text coarse retrieval
w/o Reranking 19.1 41.2 49.8 58.7 526 739 80.0 84.8
EchoSight’ 344 532 57.6 58.7 494 758 82.2 84.8
OMGM 428 55.7 58.1 58.7 64.0 80.8 83.6 84.8
UniSONAR (Ours) 43.0 559 58.1 58.7 643 81.1 83.9 84.8
Reranking on Dual-source coarse retrieval

. 475  60.7 67.0 69.9 664 823 86.4 88.5
UniSONAR (Ours) +47)  (+5.0)  (+8.9) (+11.2) +24)  (+1.5)  (+2.8) *2.1)

Table 1: Retrieval performance on E-VQA test split and InfoSeek validation split. w/o Reranking indicates coarse
retrieval results. T denotes results evaluated using official checkpoints on non-native sources. Best in bold; second
best underlined (under the same setting). Improvements over best baseline are shown in parentheses.

Model Generator E-VQA InfoSeek

Unseen-Q Unseen-E  Overall
Zero-shot MLLMs
LLaVA-1.5-7B - 14.5 8.9 8.8 8.8
InternVL3-8B - 17.7 14.1 12.5 13.3
Qwen3-VL-8B - 19.1 17.5 16.2 16.9
Retrieval-Augmented Models
RoRA-VLM LLaVA-1.5-7B 20.3 27.3 25.1 -
Wiki-LLaVA LLaVA-1.5-7B 21.8 30.1 27.8 28.9
LLM-RA BLIP2-Flan-T5XL - 26.1 20.9 23.1
EchoSight Mistral-7B | LLaMA3-8B 41.8 - - 31.3
ReflectiVA LLaVA-MORE-8B 35.5 40.4 39.8 40.1
mR2AG LLaVA-1.5-7B - 40.6 39.8 40.2
mKG-RAG LLaVA-MORE-8B 38.4 41.4 39.6 40.5
VLM-PRF InternVL3-8B 43.5 40.4 42.1 42.5
OMGM LLaVA-1.5-7B 50.2 43.5 43.5 43.5
UniSONAR (Ours) Qwen3-VL-8B 52.3 44.5 44.8 44.6

Table 2: VQA performance on E-VQA test split and InfoSeek validation split. Best in bold; second best underlined.

advantage is particularly critical for E-VQA’s 2M-
article knowledge base, where 121 and 12T provide
complementary coverage of ground-truth entities.
Moreover, our unified model outperforms special-
ized baselines on their native sources, validating
the effectiveness of the Source-Conditioned Fusion
module in learning discriminative, source-specific
representations.

VQA Performance. To evaluate end-to-
end VQA accuracy, we compare our method
against two categories of baselines: standard zero-
shot MLLMs (LLaVA-1.5-7B (Liu et al., 2024),
InternVL3-8B (Zhu et al., 2025), and Qwen3-VL-

8B (Bai et al., 2025)) and retrieval-augmented ap-
proaches (RoRA-VLM (Qi et al., 2024), Wiki-
LLaVA (Caffagni et al., 2024), LLM-RA (Jian
et al., 2024), EchoSight (Yan and Xie, 2024),
mR?AG (Zhang et al., 2024), ReflectiVA (Coc-
chi et al., 2025), mKG-RAG (Yuan et al., 2025),
VLM-PRF (Hong et al., 2025), and OMGM (Yang
et al., 2025)). As shown in Table 2, zero-shot
MLLMs yield low accuracy on both datasets, high-
lighting the necessity of external encyclopedic
knowledge for answering knowledge-intensive vi-
sual questions. Notably, our approach outperforms
the state-of-the-art baseline, achieving improve-



ments of +2.1% on E-VQA and +1.1% on InfoSeek.
This demonstrates that incorporating dual-source
retrieval with source-conditioned fusion signifi-
cantly refines knowledge selection and improves
generation quality.

weighted fusion, achieving 60.7% Recall@5 at
k=20. While larger k improves oracle performance,
it increases reranking difficulty and computational
cost with diminishing returns. We adopt k=20 to
balance accuracy and efficiency.

Model Backbone Params Ret. Type Time(s)
EchoSight BLIP-2 1.2B IT2T 0.67
OMGM BLIP-2 1.2B IT2IT 3.50
UniSONAR VISTA  198M IT2ITIT 0.62

Table 3: Efficiency comparison. Retrieval time is av-
eraged per sample over I2I and I2T sources on both
benchmarks (on a single NVIDIA A6000).

Efficiency Analysis. Table 3 highlights our
framework’s efficiency. UniSONAR achieves com-
petitive speed compared to single-source meth-
ods. The fusion modules are lightweight, adding
only 1.18M parameters (0.6% overhead to the
VISTA backbone), making this dual-source ap-
proach highly practical for large-scale KBVQA.

4.4 Ablation Study

Effect of Dual-Source Retrieval. Table 4 ana-
lyzes performance across varying candidate pool
sizes k on E-VQA. The oracle results validate the
single-source bottleneck shown in Fig. 1: at k=20,
dual-source oracle (70.1%) substantially exceeds
121 (48.8%) or 12T (58.7%) alone, confirming that
ground-truth entities are frequently captured by
only one modality. Our dual-source reranker effec-
tively exploits this complementarity via confidence-

Recall@5 on E-VQA

Method

k=10 k=20 k=50 k=100
121-Based Retrieval
w/o Reranking 31.3
Oracle 41.0 488 57.9 64.1
UniSONAR 40.9 48.4 55.0 58.1
Ret. Time(s) (0.44) (0.62) (2.13) (6.52)
I2T-Based Retrieval
w/o Reranking 41.2
Oracle 49.8 58.7 67.4 73.7
UniSONAR 49.0 55.9 61.3 64.3
Ret. Time(s) 0.47)  (0.62)  (1.97) (5.98)
Dual-Source Retrieval
Oracle 62.1 70.1 77.3 81.6
UniSONAR 58.0 60.7 64.9 66.8
Ret. Time(s) (0.92)  (1.24)  (4.10)  (12.50)

Table 4: Impact of candidate pool size k on retrieval per-
formance and efficiency. Oracle indicates the coverage
ceiling (Recall@k converted to Recall@5). w/o Rerank-
ing shows baseline Recall@5 from coarse retrieval.

121 Recall@K I2T Recall@K

Dataset
R@]1 R@5 R@10 R@1 R@5 R@I10
w/o 121 314 432 46,5 389 537 575
w/o I2T 370 478 4877 36.6 520 56.8
UniSONAR 37.5 482 488 39.7 551 579

Table 5: Impact of training data composition on cross-
source generalization (E-VQA). We set a;=1 for all
experiments to focus on reranking performance without
coarse score fusion.

Impact of Cross-Source Training Data. As
shown in Table 1, source-specific rerankers exhibit
degradation when applied to non-native sources.
EchoSight and OMGM both show performance
drops on their non-native retrieval sources. Table 5
ablates training data composition. Training exclu-
sively on one source leads to substantial degrada-
tion on the other. More importantly, joint training
on both sources outperforms single-source training
even on individual sources. This stems from com-
plementary learning: dual-source training provides
both hard negatives from the native source and
soft negatives from the complementary source, en-
abling more discriminative representations across
modalities.

Ret. Modality E-VOA InfoSeek
2 DT 121 12T
G — 351 258 382 420
ot — Cit 216 282 379 463
Gt — (ci,c0) 320 279 381 443

git — (cityciyer) 375 397 395 458

Table 6: Modality ablation for entity-level reranking
(Recall@1). We set as=1 to isolate reranking perfor-
mance. Our three-modality fusion achieves optimal
performance on both sources.

Impact of Reranking Modality. Table 6 ablates
modality configurations for entity-level rerank-
ing. Results reveal distinct preferences across
sources: for I2I retrieval, text matching sub-
stantially outperforms multimodal matching on
E-VQA, as I2I candidates are already visually
similar and require textual discrimination. Con-
versely, 12T retrieval benefits from multimodal



features since semantic alignment is captured by
coarse retrieval. Our approach leveraging all three
modalities (g;:— (cit, ¢i, ¢¢)) achieves optimal per-
formance on both sources, demonstrating the effec-
tiveness of source-conditioned fusion.

0.43

% g

121 121 (w/o Module)
2Tl ars 121 (w/ Module)

12T (/o Module)
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Figure 3: Analysis of source-conditioned fusion module.
Left: Weight distribution across top-1 entities, showing
source-specific modality preferences. Right: Ablation
study demonstrating the module’s impact on retrieval
accuracy across both sources and datasets.

Effect of Source-Conditioned Multimodal Atten-
tive Fusion. Figure 3 validates our fusion mod-
ule’s effectiveness. The learned weight distribu-
tion (left) reveals distinct modality preferences: 121
emphasizes textual and multimodal features while
down-weighting visual cues, as candidates are al-
ready visually similar; conversely, 12T relies more
on multimodal features for fine-grained discrimi-
nation. Ablation results (right) show that remov-
ing the module causes performance drops on both
sources, particularly severe on I2T (-4.7% on E-
VQA), confirming that adaptive fusion is essential
for effective reranking.

Model R@1 R@5 R@I10
121-Based Retrieval

EchoSight' 66 193 207
UniSONAR (Ours) 31.3  38.0 38.5
12T-Based Retrieval

OMGM 32.8 - -
UniSONAR (Ours) 34.1 41.2 41.7
Dual-Source Retrieval

UniSONAR (Ours) 39.2 46.8 47.3

Table 7: Section-level retrieval performance on E-VQA.
T indicates reproduced results.

Impact of Section-Level Retrieval. Unlike
OMGM, which requires a separate text-to-text
reranker for section retrieval, our framework pre-
serves cross-modal alignment through auxiliary
training (Eq. 9), enabling natural IT2T section
matching without additional modules. Table 7

shows substantial improvements over baselines on
E-VQA: our unified architecture outperforms base-
lines even on individual sources. Most importantly,
dual-source fusion achieves the best performance,
demonstrating that modality complementarity ex-
tends to fine-grained section matching.

Stage 1 Stage2 Stage3 Stage4 E-VQA InfoSeek

X X X X 19.1 16.9
v X X X 28.4 31.6
v v/ X X 43.2 343
v v 4 X 45.2 35.7
v v 4 v 52.3 44.6

Table 8: Progressive ablation on VQA accuracy. Stage
1: I2T coarse retrieval. Stage 2: Dual-source entity
reranking. Stage 3: Section-level reranking. Stage 4:
MLLM fine-tuning.

Impact of Pipeline Stages. Table 8 shows pro-
gressive improvements from each pipeline stage.
Starting from a zero-shot MLLM baseline, coarse
retrieval substantially improves accuracy by pro-
viding relevant knowledge. Entity-level rerank-
ing yields the largest gain by leveraging dual-
source fusion to accurately select ground-truth enti-
ties. Section-level reranking further refines context
quality, and MLLM fine-tuning adapts to dataset-
specific distributions. Each stage proves essential,
with the complete pipeline achieving strong perfor-
mance on both benchmarks.

5 Conclusion

In this paper, we present UniSONAR, a unified
lightweight framework specifically designed to
address two critical limitations hindering current
knowledge-based visual question answering sys-
tems: the Single-Source Retrieval Bottleneck and
Source-Specific Reranker Degradation. By inte-
grating dual-source retrieval with our novel Source-
Conditioned Attentive Fusion module, our ap-
proach effectively synergizes the complementary
strengths of heterogeneous retrieval sources. Con-
sequently, UniSONAR achieves State-of-the-Art
performance, surpassing the suboptimal baselines
by significant margins of +4.7% and +2.4% Re-
call@1 on E-VQA and InfoSeek, respectively,
while preserving superior VQA accuracy and high
efficiency. Our work establishes adaptive fusion as
a promising paradigm for advancing KB-VQA and
multimodal RAG systems.



Limitations

Our framework exhibits several limitations that
warrant future investigation. First, while multi-
modal encoding is unified across sources, source-
specific MLPs are still required to generate fusion
weights for each retrieval modality. A more intrin-
sic source perception mechanism that adaptively
adjusts fusion strategies without explicit source
indicators would reduce architectural complexity.
Second, our approach requires encoding each can-
didate three times to extract multimodal, textual,
and visual features independently, increasing infer-
ence cost proportionally. Exploring unified repre-
sentations that preserve modality-specific discrimi-
native power while reducing redundant encoding
operations could improve computational efficiency.
Third, our confidence-weighted fusion for cross-
source entity aggregation operates without explicit
supervision, relying solely on score margins. An
end-to-end trained aggregation module that learns
to dynamically weight and select entities based on
query-source alignment could better exploit multi-
source complementarity and further approach the
oracle upper bound.
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Appendix
A Prompt Templates

We design two prompt templates for answer gen-
eration: a zero-shot baseline and a retrieval-
augmented version. Both prompts are tailored to
dataset requirements, enforcing concise answers
and standardized numerical formatting to align
with evaluation protocols.

The zero-shot prompt instructs the model to an-
swer from visual content and parametric knowl-
edge, establishing a baseline. The retrieval-
augmented prompt explicitly encourages the model
to leverage its reasoning capabilities rather than
over-relying on retrieved context. This design han-
dles three scenarios: (1) correct entity with correct
section, (2) correct entity with incorrect section,
and (3) incorrect entity retrieval. By instructing the
model to combine Wikipedia context with visual
evidence and internal knowledge when appropriate,
the prompt enables robust answer generation even
when retrieval fails, preventing over-reliance on
potentially irrelevant context.

Prompt for Retrieval-Augmented Models

[ System Prompt

You are an encyclopedic visual question
answering assistant.

Answer strategy:

1. If Wikipedia context contains the
answer - answer directly

2. If context has partial info = combine
with image details and your reasoning

3. If context is unrelated -+ answer from
image and your own internal knowledge

Format:

- Keep answers under 5 words.

- For numbers, dates, or counts, use
Arabic numerals (e.g., "2-8" not
"two-eight"”). When context contains a
numerical answer (number or range),
preserve the format and units from
context.

- Do not output the explanations or
reasoning process. Perform all reasoning
internally.

User Prompt

Question: {question}
Wikipedia Context: {Wikipedia}
Answer:

Prompt for Zero-shot MLLMs

[ System Prompt

You are an encyclopedic visual question
answering assistant. Answer based solely
on the image and your internal
knowledge.

Rules:

- Do not describe image content

- Keep answers under 5 words

- For numbers, dates, or counts, use
Arabic numerals (e.g., "2-8" not
"two-eight")

- No explanations or reasoning

User Prompt

Question: {question}
Answer:

B More Training Details of Reranker

B.1 Model Architecture and Initialization.

We employ VISTA (Zhou et al., 2024) as our mul-
timodal backbone, initializing from the publicly
available VISTA Stage 1 checkpoint. During train-
ing, we freeze the visual encoder (EVA-CLIP-02-
Base(Sun et al., 2023)) and fine-tune only the text
encoder (BGE-Base-v1.5(Xiao et al., 2024)) along
with our proposed Source-Conditioned Multimodal
Attentive Fusion modules. This strategy preserves
the visual encoder’s pre-trained representations
while enabling task-specific adaptation of textual
and fusion components.

B.2 Training Data Construction.

To balance task difficulty across datasets, we con-
struct 200k training samples: 160k from E-VQA
and 40k from InfoSeek (Table 9). Since InfoSeek
lacks ground-truth section annotations, we employ
jina-reranker-v3 (Wang et al., 2025) to identify the
most relevant sections for each ground-truth entity.
We allocate 80k samples to I2] retrieval and 120k to
I2T retrieval to facilitate training for both sources.

For each sample, we construct one positive pair

Datasets Ret.Train  Gen. Train Test KB
E-VQA 160k 100k 71335 2M
InfoSeek 40k 100k 4750 100k

Table 9: Dataset statistics and knowledge base configu-
rations. Ret. Train and Gen. Train denote retrieval and
generation training samples, respectively.



and 15 hard negatives. The query consists of the
input image Z, and question 7,. Positive pairs
combine the ground-truth entity’s first image with
its correct section, while negatives are sampled
from other top-20 entities retrieved by the same
source, pairing their images with random sections.
During training, each batch contains samples from
only one retrieval source (I2I or 12T), training the
corresponding source-specific MLP; in the fusion
module.

B.3 Training Configuration.

We train with a learning rate of 2e-5, global batch
size of 64, and employ DeepSpeed ZeRO-2 (Ra-
jbhandari et al., 2020) for memory-efficient train-
ing. Training on 4 x NVIDIA A6000 GPUs takes
approximately 5 hours for 1 epoch. The training
objective is defined in Eq. 9, where A controls the
relative importance between the loss terms. We set
A = 0.1 for all experiments.

B.4 Inference Hyperparameters.

At inference time, we set ap;=0.45 and ap17=0.25
to balance coarse and fine-grained retrieval scores
for entity-level reranking (Eq. 4). For section-level
reranking, we set y=0.45 (Eq. 6). Ablation stud-
ies on these hyperparameters are provided in Sec-
tion D.2.

C More Training Details of MLLM

C.1 Training Data Construction.

We fine-tune the MLLM on 200k samples com-
prising 100k from E-VQA and 100k from InfoS-
eek(Table 9). Each sample consists of a four-tuple:
query image Z,, question 7, retrieved section .S,
and ground-truth answer y. To ensure the model
maintains reasoning capabilities when retrieval er-
rors occur, we construct three types of training
instances with different section qualities:

* Positive samples (60%): Correct entity with
correct evidence section, representing success-
ful retrieval.

* Hard negatives (20%): Correct entity with
incorrect section, simulating section-level re-
trieval errors.

* Soft negatives (20%): Incorrect entity with
random section, simulating entity-level re-
trieval failures.
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For InfoSeek samples, ground-truth sections are
obtained using jina-reranker-v3 as described in Sec-
tion B. This distribution mirrors realistic retrieval
scenarios and encourages the model to leverage
both retrieved context and internal knowledge ap-
propriately. Ablation studies validating this design
are provided in Section D.4.

C.2 Training Configuration.

We employ Qwen3-VL-8B (Bai et al., 2025) as our
multimodal backbone and apply LoRA (Hu et al.,
2022) for parameter-efficient fine-tuning with rank
64 and a=128. Training uses a learning rate of
2e-5, global batch size of 32, and cosine schedule
with 5% warmup ratio. Training for one epoch on
4x A6000 GPUs takes approximately 12 hours.

D More Ablation Experiments

D.1 Impact of Textual Granularity for Entity

Reranking.
Granularity | 121 Based | I2T Based
\R@l R@5 R@lO\R@l R@5 R@10
article 24.1 463 486 |339 535 576
summary 342 477 488 |35.1 549 578
section 375 482 488 |39.7 551 579

Table 10: Impact of textual granularity for entity repre-
sentation in reranking on E-VQA.

At entity-level reranking, we must choose an
appropriate textual representation for each candi-
date. Table 10 compares three granularity levels:
full article, article summary, and individual sec-
tions. Full article encoding severely degrades per-
formance. Aggregating multiple sections (ranging
from 1-2 to dozens per entity) into a single rep-
resentation dilutes fine-grained semantic signals
and creates inconsistent features due to substantial
length variance (hundreds to thousands of tokens).
This also incurs memory overhead, limiting batch
size. Article summaries improve both accuracy and
efficiency by providing concise entity descriptions.
However, they lack fine-grained details necessary
to align with specific question intents.Section-level
representation achieves optimal performance, bal-
ancing discriminative power and efficiency. By
matching queries against individual sections, the
model identifies which specific knowledge passage
addresses the question while maintaining reason-
able sequence lengths. This granularity also aligns
with our subsequent section-level reranking stage.
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D.2 TImpact of Hyperparameters.

Figure 4 examines «, which balances coarse re-
trieval and fine-grained reranking scores (Eq. 4).
Both I2I and I2T retrieval exhibit smooth perfor-
mance curves with optimal values around o €
[0.3,0.5], demonstrating that fusing complemen-
tary signals from large-scale coarse encoders and
lightweight rerankers consistently improves en-
tity recall. Notably, 12I retrieval achieves peak
performance at ap; = 0.45, while I2T peaks at
apt = 0.25, reflecting their distinct modality char-
acteristics. The stable performance across a wide
range validates the robustness of our fusion strategy.
We adopt these optimal values for all experiments.
For section-level fusion (Figure 5), v combines
entity-level confidence with IT2T retrieval capa-
bility. Due to the absence of ground-truth section
annotations in InfoSeek, we evaluate on E-VQA
Recall@1 and InfoSeek VQA Accuracy, adopting
~v = 0.45 to balance performance across datasets.

D.3 Impact of Multi-Source Fusion Strategies.

Our framework requires fusing retrieval signals at
multiple stages: (1) combining coarse and fine-
grained scores within each source, (2)merging 121
and I2T sources for final entity selection, and (3) in-
tegrating IT2ITIT and IT2T modalities for section-
level matching. We compare three fusion strategies
on E-VQA using Recall@]1: Reciprocal Rank Fu-
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sion (RRF) (Cormack et al., 2009), CombSUM
(Shaw and Fox, 1994), and confidence-weighted
fusion (Eq. 5).

Table 11 presents results across different fu-
sion stages. CombSUM achieves the best
per-source performance, demonstrating effective-
ness for within-source coarse-fine combination
and section-level fusion. However, confidence-
weighted fusion excels at dual-source entity se-
lection (47.7%), leveraging score margins to iden-
tify the more reliable source. Based on these find-
ings, we adopt CombSUM for coarse-fine fusion
and section-level reranking, while using confidence
weighting for final entity-level dual-source fusion
(Eq. 5).

Single-Source

Strategy Dual  Section
121 12T

RRF 324 356 40.9 38.6

CombSUM 39.6 43.6 44.8 39.2

Conf-W 364 404 47.7 39.1

Table 11: Impact of fusion strategies on E-VQA (Re-
call@1). Single-Source: entity retrieval on 121 or I2T
individually. Dual-Source: entity selection by fusing
both sources. Section: section-level retrieval. Conf-W:
Confidence-weighted fusion (Eq. 5).



D.4 Impact of Hard and Soft Negatives in
MLLM Training.

To fine-tune the MLLM for answer generation
with retrieved knowledge, we construct a training
dataset that mirrors the retrieval pipeline’s outputs.
Each sample consists of: (1) a positive pair: the
ground-truth entity’s correct section, (2) a hard neg-
ative: an incorrect section from the same ground-
truth entity, and (3) a soft negative: an incorrect
section from a wrong entity. This design enables
the model to learn fine-grained section discrimina-
tion while maintaining robustness when retrieval
eITors occur.

Training Data E-VQA InfoSeek

U-Q U-E Al
w/o Hard Negatives 48.4 35.6 355 355
w/o Soft Negatives 49.7 41.1 413 412
UniSONAR 52.3 445 448 44.6

Table 12: Impact of hard and soft negatives in MLLM
training on VQA accuracy.

Table 12 validates the necessity of both negative
types. Removing hard negatives causes substan-
tial degradation (e.g., —3.9% on E-VQA), as the
model loses the ability to distinguish between sec-
tions within the correct entity. Removing soft neg-
atives leads to moderate performance drops (e.g.,
—2.6% on E-VQA), as the model becomes less ro-
bust to entity-level retrieval errors. The full training
strategy with both negative types achieves optimal
performance, confirming that aligning training data
distribution with actual retrieval outputs is essential
for effective answer generation.

E Case Study

To provide intuitive insights into our framework’s
retrieval behavior, we visualize representative ex-
amples in Figure 6.

Success Cases (Rows 1-3). The first two rows
demonstrate how dual-source retrieval overcomes
single-source limitations on E-VQA. Despite poor
coarse retrieval ranks from both I2I and I2T
sources, our source-conditioned reranker suc-
cessfully exploits cross-modal complementarity,
achieving strong rankings on both individual
sources and ultimately selecting the correct entity
through confidence-weighted fusion.

The third row illustrates a particularly challeng-
ing InfoSeek case where visual similarity mis-
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leads both retrieval sources: when the query im-
age prominently features a police vehicle, both
121 and 12T retrieval return police-related entities.
However, the question asks about the owner of the
building behind the police car. This highlights the
critical advantage of our fine-grained multimodal
fusion. By jointly modeling query text with can-
didate images and text, the reranker successfully
identifies the ground-truth entity that single-source
methods miss entirely.

Failure Cases (Rows 4-5). The failure cases re-
veal remaining limitations. Row 4 shows a scenario
where extremely high I2I visual similarity causes
the confidence-weighted fusion to over-rely on the
121 branch, despite 12T initially retrieving the cor-
rect entity. This results in the ground-truth being
demoted, highlighting that our unsupervised cross-
source aggregation strategy may not optimally bal-
ance source confidence in all cases.

Row 5 exposes another challenge: knowledge
base entities often contain multiple images, but our
framework uses only the first image during both
training and inference. When this first image is
unrepresentative or depicts irrelevant aspects of the
entity, retrieval performance degrades. Developing
methods to effectively leverage all available entity
images is a promising avenue for future improve-
ment.



How old does this reptile become?

what country did charles robert see
the importance of this castle?

Who is the owner of this building?

What is the basin country to the
building?

Miskito people
Miskito peopleThe Miskitos arc a
native people in Central America.
Their territory extends from Cape
Camarén, Honduras, to Rio
Grande de Matagalpa. .

Image-to-Image
Rank: 16

Mukachevo

Mukachevo (Ukrainian:
Mykaeo, [mo'katfewol;
Hungarian: Munkécs; see name
section) is a city in the valley of
the Latorica river in Zakarpattia...

Image-to-Image
Rank: 11

Black and white is an American
slang term for a police car that is
painted in large pancls of black
and white, or generally any
“marked" police car...

Image-to-Image
Rank: 13

Macri Triangle
Macri Triangle is a 0.57 acres
(0.23 hectares) park located at the
intersection of Meeker Avenue,
Union Avenue, and Metropolitan
Avenue in Williamsburg. .

Image-to-Image
Rank: N/A

Lutvann

Lutvann is a lake in the
recreational area @stmarka in Oslo,
Norway. It covers an area of

0.39 kn?, at 205 m elevation.
Located just..

Image-to-Image
Rank: 16

Galipagos Marine Reserve
Marine Reserve (GMR) lies a
thousand kilometres from the
Ecuadorian mainland and covers
an area of around 133,000 km*
(51,000 sq mi) ...

Image-to-Text
Rank: 17

Martinuzzi Castle

CastleMartinuzzi Castle, also

known as Alvinc Castle, is a

in Vinu de Jos, in
ania region of

Romania. The fortress was on...

Image-to-Text
Rank: 12

Crime in Germany is handled by
the German police for
agencies. The official statistics
PKS 2018 of 2018 by the
Bundeskriminalamt for the...

Image-to-Text
Rank: 17

Petrosino Square

Licutenant Joseph Petrosino
Square is small triangular park in
lower Manhattan in New York
City, bounded by Cleveland Place
and Lafayette and...

Image-to-Text
Rank: 2

Berovo Lake

Berovo Lake is a freshwater lake
located in the Republic of North
Macedonia. The lake lies within
7 km of the North Macedonia-
Bulgaria Border, near the...

Image-to-Text
Rank: 1

ind other

Green sea turtle

The green sea turtle (Chelonia
mydas), also known as the green
trtle, black (sea) turtle or Pacific
green turtle, is a species of large
sea turtle of the family...

UniSONAR
I2I Rank: 1

Cakovec Castle

Cakovee Castle or Zrinski Castle
(Croatian: Cakovetka utvrda or
Stari grad Zrinskih or cultural
good in the Re;
Goods of Croatia under No...

UniSONAR
121 Rank: 3

Dresden Hauptbahnhof

Dresden Hauptbahnhof ("mai
station", abbreviated Dresden Hbf)
is the largest passenger station in
the Saxon capital of Dresden. In
1898, it replaced the. .

UniSONAR
121 Rank: 1

Abingdon Square Park
Abingdon Square Park is located
in the New York City borough of
Manhattan in Greenwich Village.
The park is bordered by Eighth
Avenue, Bank Street...

UniSONAR
121 Rank: N/A

Sohojlandet

Sohojlandet (English: The Lake-
highland) is the highest lying
region in Denmark and at the same
time, it has the highest density of
lakes...

UniSONAR
121 Rank: 16

Olive ridley sea turtle

The olive ridley sea turtle
(Lepidochelys olivacea), also
known commonly as the Pacific
ridley sea turtle, is a species of
trtle in the family Cheloniidac. ..

UniSONAR
I2T Rank: 2

Palanok Castle
The Palanok Castle or Mukachevo
Castle (Ukrainian: 3amok

anok”, romanized: Zamok
“Palanok”; Hungai unkics
vira or Munkdcsi

UniSONAR
I2T Rank: 1

Alexanderplatz
Alexanderplatz (German:
[alek'sande plats] (listen)) is a
large public square and transport
hub in the central Mitte district of
Berlin. The square is named...

UniSONAR
I2T Rank: 2

Verdi Square

Verdi Square is a 0.1-acre

(400 m?) park on a trapezoidal
traffic island on the Upper West
Side of Manhattan in New York
City. Named for Italian...

UniSONAR
I2T Rank: 11

Lake Le$nia
Lake Lesnia (Polish Jezioro

located on the Kwisa river,
between towns of Lesna...

UniSONAR
I2T Rank: 17

Green sea turtle

The green sea turtle (Chelonia
mydas), also known as the green
trtle, black (sea) turtle or Pacific
green turtle, is a species of large
sea turtle of the family...

UniSONAR
Rank: 1

Palanok Castle

The Palanok Castle or Mukachevo
ainian: 3amok

", romanized: Zamok
Munkics

Dresden Hauptbahnhof

Dresden Hauptbahnhof ("main
station”, abbreviated Dresden Hbf)
is the largest passenger station in
the Saxon capital of Dresden. In
1898, it replaced the...

UniSONAR
Rank: 1

Macri Triangle

Macri Triangle is a 0.57 acres
(0.23 hectares) park located at the
intersection of Meeker Avenue,
Union Avenue, and Metropolitan
Avenue in Williamsburg...

UniSONAR
Rank: 17

Lake Le$nia

Lake Lesnia (Polish Jezioro
Lesniariskie, German Marklissa-
Talsperre) is a small artif
located on the Kwisa river,
between towns of Lesna...

UniSONAR
Rank: 30

Figure 6: Qualitative retrieval examples on E-VQA and InfoSeek. Each sample shows the query (left) and retrieval
results with ground-truth ranks. Rows 1-3: Success cases where UniSONAR achieves rank 1 despite poor single-
source performance. Rows 4-5: Failure cases where dual-source fusion does not improve over coarse retrieval.
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