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Abstract. Knowledge-based Visual Question Answering (KB-VQA) re-
quires models to combine image understanding with external knowledge.
Most prior methods use a fixed retrieve-then-generate pipeline with a pre-
selected retriever and a static top-k setting, which is not adaptive during
reasoning. We propose ProMSA, a progressive multimodal search agent
for KB-VQA. Given an image-question pair, the agent iteratively chooses
image search, text search, or stop, under explicit tool-call budgets and
with deduplication to avoid redundant retrieval. For training, we first use
rejection-sampling SF'T to learn valid tool-use formats, then optimize the
agent with TNN-GSPO, a sequence-level RL objective that normalizes
updates by both generation length and tool-interaction depth. Experi-
ments on E-VQA and InfoSeek show consistent gains over strong RAG
and agent baselines, and improved retrieval and end-to-end accuracy.
The code is available at https://github.com/DingWul021/Promsa.

Keywords: Knowledge-based Visual Question Answering - Reinforce-
ment Learning - Multimodal Search Agent

1 Introduction

In recent years, multimodal large language models (MLLMs) have achieved
strong progress on general visual question answering . With large scale pre-
training on paired image and text data, followed by task specific fine tuning,
these models have achieved strong performance on visual math reasoning ,
image understanding @, and complex scene inference tasks [25]. However, their
capability remains limited for knowledge-based visual question answering (KB-
VQA) under long-tail entity distributions . KB-VQA requires the model to
recognize entities in the image and to reason with external knowledge sources
such as Wikipedia when necessary . In the long-tail setting, entities are often
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(c)Agent based Method(Ours)

In which I need to identify the lake shown in the image to @
country is (a)Answer with determine its country. The landscape features a calm
this lake Qwen3-VL-8B body of water with reflections, a hillside covered in
located? ProMSA greenery, and buildings arranged along the shore-
ro. X line. ... ... To proceed, I will use an image search tool to
This is Lake Koycegiz (also spelled Lake Koycegiz), a @ ! identify the location based on these visual elements.
famous scenic spot in Mugla Province in southwestern 1
Turkey. The view shows the lakeside towns of Ortaca or i The Bay of Kotor (Serbo-Croatian: Boka kotorska / Boka 40t
Dalyan, both of which border the lake.Key clues for ' | xoropcka, Italian: Bocche di Cattaro), also known as the Gulf of
identification:Bird species: The large waterbird ... ... | Kotor or just as the Boka (Serbian Cyrillic: Boka) ... ...
____________________________________________________________ |
Top-k (b)RAG based Method @ The provided webpage content describes The Bay of Kotor, ... ...
while the image depicts a calm freshwater lake with a large
freshwater pelican and gently rolling landscape, it is clear that this
image cannot represent the Bay of Kotor. ... ...To resolve this

accurately, I need to verify whether the image truly depicts The
Bay of Kotor or another location... ....

' — [ Rerank J» 1Answer]

The Bay of Kotor (Serbo-Croatian: Boka kotorska / boka
KkoTopcka, Italian: Bocche di Cattaro), also known as the Gulf of lake in the Kastoria regional unit of Macedonia, northwestern
Kotor or just as the Boka (Serbian Cyrillic: Boka) ... ... Greece. ... ... The maximum depth of the lake reaches about 9 ... ...

@ The search results suggest the image shows a coastal town in
Greece.. ... it is reasonable to conclude that the body of water
shown is not a lake but a coastal inlet or lagoon in Greece.
Therefore, the country is Greece."

near the town of Pogradec, looking across the lake towards
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[Thc image shows Lake Ohrid, viewed from the Albanian side @

Fig. 1: Comparison between direct answering, RAG-based retrieval, and our progres-
sive multimodal search agent for KB-VQA.

rare, making it difficult for the model to reliably decide whether the entity has
been correctly identified and whether the retrieved evidence is trustworthy.
Early approaches mostly follow a fixed retrieval augmented generation pipeline
27|. They first run a single image retrieval step to collect the top K relevant
Wikipedia pages, rerank the retrieved results, and then append the retrieved
text to the prompt for answer generation. These methods suggest a clear pat-
tern: when key facts are retrieved from external sources, models can shift from
relying on parametric knowledge to producing answers grounded in retrieved
evidence, leading to a significant improvement in accuracy. Recent work further
improves this paradigm along two directions @II The first direction focuses on
retrieval quality by increasing recall and reducing missing evidence. The second
direction focuses on knowledge usage by filtering noisy content and keeping the
input context centered on information that supports the answer. In terms of spe-
cific designs, Wiki-PRF introduces extra processing before retrieval, such as
generating a summary and cropping the image, and then performs more detailed
retrieval with both image and text retrievers. ReAG trains a critic model
to judge the relevance of candidate passages and explicitly removes irrelevant
content, preventing noisy evidence from being directly fed into the generator.
However, such fixed pipelines still have limitations for KB-VQA. (1)Tools
and retrieval policies are not adaptive. FExisting methods either manu-
ally select retrievers for each dataset or combine image and text retrieval to
increase recall. In KB-VQA, the problem state is highly diverse. Some can be
answered without retrieval, some require identifying the entity first, and others
involve known entities but missing attributes. (2) There is no mechanism to
recover from failures. When retrieved results are unreliable or evidence is
insufficient, a fixed pipeline still forces the model to enter the answer stage. The
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model cannot reflect on the evidence and correct it through query rewriting or
additional retrieval, which often leads to confident answers based on incorrect
evidence. (3) It is hard to support multi-hop evidence chains. KB-VQA
often requires filling in facts step by step. Static top K evidence injection can-
not progressively expand the evidence required for reasoning and therefore often
fails on multi-hop questions. These issues suggest that KB-VQA does not mainly
need a larger top K or a stronger reranker. Instead, it needs a closed loop sys-
tem that tightly couples retrieval and reasoning. The model should behave like a
budget aware researcher. It retrieves when uncertain, continues searching when
evidence is insufficient, and stops once the evidence is enough. Recent work [26]
has explored search-agent approaches for general multimodal retrieval. However,
most of these agents are designed mainly for multi-hop tasks, rather than for
adaptive retrieval. Moreover, they often lack an explicit correction mechanism:
once the first retrieval drifts to a wrong entity, later interactions tend to ac-
cumulate evidence around incorrect pages, leading to a bias that is difficult to
correct.

Based on these insights, we propose ProMSA, a progressive multimodal
search agent for KB—VQA(Fig. The agent enables the model to adaptively
switch between image retrieval and text retrieval and to gather evidence over
multiple rounds for reasoning. Since each tool call consumes time and compute
budget, we reformulate KB-VQA as a budgeted problem of progressive search
and reasoning. At each step, the model decides whether to perform image re-
trieval, perform text retrieval, or stop and answer based on the currently ob-
served evidence and the history of previous steps. Unlike fixed pipelines, our
agent supports multiple tool calls with explicit deduplication. When entity iden-
tification remains uncertain, the model can trigger image retrieval again while
excluding previously retrieved candidates to move toward the correct page under
appearance variations. When the entity is identified but the required knowledge
is still missing, the model can rewrite the query and invoke text retrieval to fill in
missing attributes. This design enables adaptive retrieval, allowing the model to
select the appropriate tool at different stages of the reasoning process. At train-
ing time, we first cold-start the model with a small SFT set built by rejection
sampling, so that it learns basic tool-call formats and interaction patterns. We
then apply reinforcement learning to further improve the search policy, enabling
the model to learn more effective tool usage over multiple interaction rounds.
Specifically, we propose TN-GSPO, which extends sequence-level normalization
from only generation length to also account for tool interaction depth, aligning
the update scale with the decision structure of budgeted search and leading to
more stable search strategies. Experiments on multiple benchmarks show that
ProMSA consistently outperforms strong baselines and achieves state-of-the-art
performance on KB-VQA tasks.Our contributions are summarized as follows:

— We propose ProMSA, a progressive multimodal search agent for KB-VQA
that couples retrieval and reasoning through multi-round interactions.



4 Z. Wu et al.

(1) Input & Goal

Image Question

[ o Which city or

£ region does this

(" Retrieval
Results

(2) Progressive Search Loop

Action Space

/ ® Dedup Index

( (a)Image Search

Wikipedia Page

exclude

visited pages | Pagek

{ Image

Long-tail entity "

O Need Wikipedia |
\ evidence

Goal Agua Dulce,
Output Los Angeles

Ll == -4 Parklocate in? E
i

(" (b)Text Search Wikipedia sections

Query —»| T N
op-k sectionl

exclude
visited
sections

doo] yuaby L:: r}

Tr‘uJ a: Less Token + multi tool use b

(1) Answer Correctness \:
(2) Format Correctness !
)

__(3) Tool Cost Penalty "I Traj b: multi Token + less tool use :
—(Updat 3 65PO :
] [ 22 weselg ).

Relcmve Update Scale "

UpdaTe scale aligned with
decision depth (tool horizon).

ated tokens }

Toa ol Tool_Feturn I-g
Log- prob/Loss confrlbu‘re to log-prob / gradients.

Fig. 2: Overview of our progressive multimodal search agent for KB-VQA. Given
an image-question pair, the agent iteratively performs image and text search over
Wikipedia, and is trained with tool-horizon normalized sequence-level RL (TN-GSPO).

Log prob/Loss

— We formulate KB-VQA as a budgeted progressive search-and-reasoning
problem that learns when to retrieve, which modality to use, and when to
stop.

— We introduce TN-GSPO, a tool-horizon normalized sequence-level policy
optimization method for stable learning of search policies.

— Experiments on multiple KB-VQA benchmarks show that ProMSA con-
sistently outperforms strong baselines and achieves state-of-the-art perfor-

mance.

2 Related Work

2.1 Knowledge-Based Visual Question Answering

Knowledge-based visual question answering (KB-VQA) extends conventional
VQA by requiring models to combine visual understanding with external knowl-
edge sources. A major line of work focuses on improving multimodal retrieval
and evidence construction. OMGM 28] proposes a coarse-to-fine framework that
coordinates multiple modalities and granularities through hierarchical reranking
and section-level evidence selection. Another line of work targets knowledge fil-
tering and relevance estimation after retrieval. QKVQA [30] identifies limitations
in both cross-document selection and intra-document localization, and proposes
question-aware filtering with dynamic multi-article selection. More recent work
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explores consistency between parametric knowledge and retrieved evidence. CC-
VQA [12] studies conflicts between internal model knowledge and external con-
texts and introduces conflict-aware reasoning to mitigate inconsistency.

Overall, existing KB-VQA methods have substantially improved retrieval
precision, evidence filtering, and conflict mitigation, but most still operate within
a largely static retrieval-then-generate pipeline.

2.2 Search-Based Agents

Recent advances in large reasoning models have enabled search-based agents
that can call external tools, issue search queries during reasoning, and itera-
tively incorporate retrieved evidence for multi-step inference. Compared with
conventional one-shot RAG, this line of work emphasizes adaptive tool usage,
sequential evidence acquisition, and trajectory-level optimization.

In the language domain, Search-ol |16| integrates search into the reasoning
loop and introduces a Reason-in-Documents module to refine retrieved content
before incorporating it into the reasoning process. Search-R1 [14] further formu-
lates search-augmented reasoning as a reinforcement learning problem, enabling
models to generate search queries during intermediate reasoning steps. This
paradigm has recently been extended to multimodal agentic search. MMSearch-
R1 [26] introduces an RL framework for on-demand multi-turn search with both
image and text retrieval tools. SenseNova-MARS [8] further generalizes this idea
by integrating multiple tools, including image search, text search, and visual
cropping, within a unified multimodal reasoning-and-search framework.

These search-agent systems provide a strong foundation for adaptive re-
trieval, but they are primarily developed for general web search or open-domain
reasoning. In contrast, KB-VQA requires retrieving knowledge about visual en-
tities in the image, which is often uncertain or long-tailed and cannot be reliably
solved by a single retrieval step.

3 Method

3.1 Progressive Retrieval-Reasoning Pipeline

The core challenge of KB-VQA is that the model must decide how to acquire
external knowledge during reasoning. In practice, the model faces two major
sources of uncertainty. (1) Retrieval modality uncertainty. When the entity
in the image cannot be identified, the model should perform image retrieval to
locate the corresponding Wikipedia page. When the entity is already known but
the question requires attribute completion or multi-hop reasoning, the model
should generate a high-quality text query and perform text retrieval to gather
missing evidence. (2) Retrieval depth uncertainty. Because the user image
and knowledge-base images may differ in viewpoint, background, and context,
the correct entity may appear as the top candidate, or it may require multiple
retrieval attempts with explicit de-duplication to gradually reach the right page.
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Motivated by these observations, we aim to learn an adaptive strategy that
allows the model to autonomously select the retrieval modality and depth(Fig.
Specifically, we formulate KB-VQA as a budgeted progressive retrieval-reasoning
process: under a limited number of tool calls, the model alternates between
retrieval and reasoning, accumulates information relevant to the question, and
stops to answer once the collected evidence is sufficient.

Given an input image and question z = (I, ¢), the goal is to produce the final
answer a. Unlike RAG, we allow multi-turn interactions. At step ¢, the model
selects an action u; based on the information state s;. The action space is

uy € U = {img_search, text_search, stop}. (1)

Each action produces an external observation o;41 (e.g., retrieved content), and
the internal state is updated by s;11 = Update(ss, 0441). We impose budget
constraints on tool usage. Let Bing, Biext denote the maximum number of calls
to image search and text search, respectively. Then any trajectory 7 must satisfy

{t | vy = img_search}| < Bing, [{t | uy = text_search}| < Biext- (2)

When the model outputs stop, it enters the final answering stage and generates
the answer a.

3.2 Progressive Multimodal Search-Agent

We parameterize the policy with a single multimodal large model, denoted as
mg. At each step, the policy generates a structured output conditioned on the
current state s;:

yr = (2, ug, args,) ~ wo(- | s¢). (3)
Here, z; is the model-generated reasoning, u; is an action token (img_search,
text_search, or stop), and args, specifies action arguments such as query
rewrites, top-k, and the de-duplication list. When u; = stop, the model en-
ters the final answering stage and generates an answer:

a ~ my(- | 8, ur = stop). (4)

Using a unified generative policy allows retrieval decisions and reasoning to
share the same semantic representation. This enables the agent to jointly handle
both entity alignment and knowledge completion within a single trajectory. In
contrast to fixed pipelines that decouple retrieval from reasoning, our end-to-end
policy learns action selection and stopping directly from interaction trajectories,
and allocates retrieval steps more effectively under a limited budget.

We provide two external tools for retrieval. The image retrieval tool takes
the input image and an exclusion list, while the text retrieval tool takes a query
generated by the model. Both tools return candidate content:

img_search(], exclude) — {pi}f(:‘i“g, text_search(q;, exclude) — {p;} S,
(5)
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The query g: is produced by the model through args, and is used to retrieve
additional evidence when the entity has been mostly identified.

During inference, we maintain the set of retrieved pages P;. At each tool call,
we pass it as the exclusion list and update it after receiving new candidates:

exclude; = Py, Pip1 =P U{pi}. (6)

Since img_search returns an entire Wikipedia page and text_search may
also return long text chunks, directly injecting the raw content would cause
severe context growth. We therefore compress the returned content into short,
question-relevant summaries, and use them as observations for the next decision
step. Let p denote a retrieved page and W (p) its full page content. We summarize
the retrieved content into a question-conditioned snippet:

w(p) = Summarize(q, W(p)). (7)

The summary w(p) is a short text that preserves the most relevant entity de-
scription, key attributes, and relation cues for answering the question. With
this design, the observation returned by a tool call can be written in a unified
form: 0441 = {§§i_)1 J7", where each snippet §§i_)1 is a summarized text segment
derived from either image retrieval or text retrieval. The agent appends these

snippets to the context to form the next state s;+; = Update(s, op41).

3.3 Training

Rejection-Sampling SFT. In the Search-Agent setting, the model must first
learn how to issue valid tool calls, including the required format and argument
structure. Directly applying RL from scratch is often unstable: the exploration
space is large, and early trajectories frequently receive zero reward due to mal-
formed calls or invalid executions. Therefore, we warm-start the policy with a
small cold-start dataset constructed via rejection sampling, so that the policy
becomes executable before RL.
For each sample z = (I, q), we sample N trajectories from an initial policy
Ty -
i ~m (- |x), i=1,...,N. (8)

Each trajectory contains multiple rounds of model outputs and tool interactions:

T:(y17027y27037"'7yT)7 (9)

where g, is the model-generated output at step ¢ (e.g., an action, its arguments,
or the final answer), and o411 is the tool response.

We apply rule-based filters and keep only trajectories that are suitable for
SFT, forming Dgg: (i) the tool-call format is valid (all required JSON fields
are present and the budget is not exceeded); (ii) the trajectory is executable
(the tool returns a response); (iii) the final answer is correct. We retain at most
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one valid trajectory per question for SFT training. We then perform standard
maximum-likelihood training:

Lspr(0) = —E(o 1)~y Z log mo (ys | y<t 5¢) - (10)

tETgen

Reinforcement Learning. In the KB-VQA Search-Agent setting, the trajec-
tory return is mainly determined by whether the final answer is correct, which
typically can only be verified after multiple rounds of tool interaction. Compared
with dense token-level rewards, our agent is closer to a small number of discrete
decisions that determine success or failure. We therefore adopt a GSPO-style
sequence-level policy optimization method, where the update is driven by the
return of the whole trajectory.

Given an input = = (I, q), the policy mp samples a trajectory. We partition
tokens into a set of trainable generated tokens Tge, and a set of tool-returned
tokens Tioo1. All tokens in Ty are masked out, so the trajectory log-probability
is defined only on Tgen:

log mp(7) = Z log o (ys | st), (11)
teTgen

where s; includes the history of generated tokens and tool observations, but only
generated tokens contribute to gradients.

Reward. We use a sparse sequence-level return aligned with the search budget:

#tool calls(r)
HmaX
where 7,,5 measures answer correctness, ey, measures format compliance, and

C(7) is a tool-cost term that encourages efficient retrieval under a fixed budget.
H .« 1s the maximum number of allowed tool calls.

R(7) = rans(7) + rtmt (1) = AC(7), C(7) (12)

Tool-Normalized GSPO . Standard GSPO normalizes by the generation length
to stabilize update magnitudes. However, in our setting, trajectory difficulty is
mainly driven by the external interaction depth. For trajectories with similar
tool usage, variation in text length can cause large fluctuations in |Tyen|, which
introduces a length bias (e.g., preferring shorter outputs to obtain a more sta-
ble optimization signal). To address this mismatch, we incorporate the decision
depth into the normalization of the policy ratio, leading to Tool-Normalized
GSPO (TN-GSPO). Let A; =logmg(ys | s¢) — log mres(ye | 8t), and define

L(T) = |Tgen|, H(T) =1+#tool_calls(t), D(1)= L(7) (1+0H(T)O‘). (13)

where L(7) counts only trainable generated tokens and H(7) counts only the
tool-interaction depth. We then define the sequence-level likelihood ratio as

ro(T) :exp(% Z At>. (14)

tE€Tgen
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Table 1: Performance comparison on E-VQA and InfoSeek.* indicates that the original
SerpApi retrieval service is replaced with a local retrieval system, and 1 denotes results
reproduced with a different backbone model

E-VQA InfoSeek
Method Retriever Model Single-Hop All Un-Q Un-E All
Zero-shot MLLMs
BLIP-2 [15] - Flan-T5 12.6 12.4 12.7 12.3 12.5
GPT-4V 1) - - 26.9 28.1 15.0 14.3 14.6
Qwen2.5-VL-7B |3] - - 22.1 20.6 22.8 24.1 23.7
Qwen3-VL-2B |2] - - 22.2 21.9 18.6 19.2  18.9
Qwen3-VL-8B - - 25.3 24.8 25.9 25.5  25.7
Search-Agent Models
MMSearch-R1* [26] BGE-+EVA-CLIP Qwen2.5-VL-7B 40.6 40.7  40.3 39.3  39.7
DeepEyesV2* [11] BGE+EVA-CLIP Qwen2.5-VL-7B 40.1 39.5 41.6 40.8 41.3
Retrieval-Augmented Models
EchoSight [27] EVA-CLIP-8B Mistral-7B 26.4 24.9  30.0 30.7 30.4
CC-VQA |12] EVA-CLIP-8B Qwen2.5-VL-7B 41.4 36.1  44.7 46.1  45.1
EchoSight " EVA-CLIP-8B Qwen3-VL-8B 38.1 35.2 326 32.2 324
REAL |29| EVA-CLIP-8B Qwen3-VL-8B 45.5 41.4 431 45.1  44.1
MaS-VQA [18| EVA-CLIP-8B Qwen3-VL-8B 42.2 41.3  43.7 43.9 43.8
ProMSA (Ours) BGE+EVA-CLIP Qwen2.5-VL-7B 50.0 49.7  48.8 49.6  49.2
ProMSA (Ours) BGE+EVA-CLIP Qwen3-VL-2B 42.4 41.2 441 43.0 43.6
ProMSA (Ours) BGE+EVA-CLIP Qwen3-VL-8B 52.2 52.6 53.6 53.3 53.4

and use a centered advantage A(7) = R(7) — b(x). The final objective is

Lrn.aspo(f) = —ETNﬂe[min <r9(7') A(r), Clip(Tg(T), 1—€e,1+ €+) A(T))}
(15)
For stable sequence-level optimization, we use asymmetric clipping, where ¢~ and
€T control clipping in the decreasing and increasing directions, respectively. This
normalization makes the update scale depend on both the number of trainable
tokens and the depth of tool interaction, which better matches budgeted search
and reduces bias caused by fluctuations in generation length.

4 Experiments

4.1 Dataset

Our training data is built upon the training splits of Encyclopedic-VQA [20]
(E-VQA) and InfoSeek [7].

E-VQA contains 221K question—answer pairs covering around 16.7K fine-
grained Wikipedia entities. Following the reasoning difficulty, questions are grouped
into single-hop and multi-hop types. Single-hop questions can be answered by
retrieving information from a single Wikipedia page, while multi-hop questions
require sequential retrieval and reasoning across multiple pages, testing multi-
step knowledge integration. E-VQA also provides a Wikipedia-based knowledge
base with about 2M pages, each containing a title, text sections, and related
images.
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Table 2: Performance across different training stages.

Dataset Base Stage I. Cold Start Stage II. RL
Single-Hop  33.2 38.4 52.2
E-VQA - an 32.8 38.6 52.6
Unseen-Q 36.8 42.7 53.6
InfoSeek  Unseen-E 36.1 41.6 53.3
All 36.4 42.1 53.4
Average All 35.1 40.7 53.0

Table 3: Comparison of sequence-level Table 4: Impact of equipping the agent

policy optimization methods. ~ indicates  with different tools. The maximum num-

using asymmetric clipping. ber of interaction rounds follows the orig-
inal per-tool budget.

Method | E-VQA  InfoSeek
GRPO [21] 44.2 43.7 Text Image ‘ E-VQA InfoSeek
GRP*O¢ 49.7 50.2 v % 27.6 36.8
GSPO " [32] 49.3 49.6 X v 34.7 21.4
TN-GSPO" 52.6 53.4 v v 52.6 53.4

InfoSeek consists of about 1.3M image—question—answer triplets, associated
with around 11K distinct Wikipedia pages. It is split into train/validation/test
sets with approximately 934K, 73K, and 348K samples, respectively. Notably,
both the validation and test sets include questions about unseen entities, which
poses a stronger generalization challenge under long-tailed knowledge distri-
butions. InfoSeek provides an external Wikipedia knowledge base containing
around 6M entities. Following prior work, we use a 100K-page subset as the re-
trieval corpus in our experiments to ensure fair comparison with existing meth-
ods. More details about datasets and baselines are provided in the supplementary
material.

4.2 Implementation Details

We train our agent on Qwen2.5-VL-7B [3] and Qwen3-VL-2B/8B [2] using a two-
stage pipeline: supervised fine-tuning (SFT) followed by reinforcement learning
(RL). We implement SFT with LLAMA-FACTORY [33] and RL with VERL [22].

In the SFT stage, we sample 3,000 training instances from the E-VQA and
InfoSeek training sets for cold-start training. We only fine-tune the language
model while freezing the visual encoder and the multimodal projector. We train
for 3 epochs with a learning rate of 1 x 107°. This stage mainly ensures the
policy is executable and can use the tool set in a basic and reliable way.

In the RL stage, we further improve the model’s tool usage. We sample
15,000 instances from the E-VQA and InfoSeek training sets and train for 3
epochs. We use a global batch size of 128 and a learning rate of 1 x 1075, For
stable sequence-level optimization, we use asymmetric clipping following DAPO
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Table 5: Inference time comparison with ex-
isting methods (seconds per sample). Meth-

ods marked with * use LLaMA-3.1-8B as the Table 6: Ablation on tool-call
generator, while others use Qwen-2.5-VL-7B. budget.
Method ‘ E-VQA (time) E-VQA (accuracy) Text Image ‘ E-VQA InfoSeek
Echosight | 1.2 (1.00x) 18.8 2 2 48.2 48.7
MMsearchR1 1.7 (1.42x) 40.7 3 3 52.6 53.4
Deepeyesv2 2.4 (2.00%) 39.5 4 4 52.4 54.3
ReflectiVA* [9] 1.5 (1.25x) 35.5
Ours | 1.8 (1.50x) 49.7

with the Clip-Higher strategy, setting low = 0.2 and high = 0.28. Each training
trajectory allows up to 7" = 7 interaction steps. We use a tool-cost penalty factor
A =0.5, and ¢ = 0.04 , & = 1. At each step, the agent can generate up to 4,096
tokens, and the total token budget per trajectory is capped at 16,384.

For retrieval, we use EVA-CLIP [23] and BGE [5] as the image and text
retrievers, respectively, and deploy Qwen3-VL-8B as the summarization service.
Both image search and text search can be called at most 3 times. For each
call, we retrieve Top-3 Wikipedia pages for image search or Top-3 sections for
text search. We report results following the official evaluation protocols of each
dataset. For E-VQA, we use BERT-based Matching (BEM) to measure seman-
tic agreement between the generated answer and the reference answer [27]. For
InfoSeek, the metric depends on the question type [27]; we report both stan-
dard VQA Accuracy and Relaxed Accuracy for a comprehensive evaluation. All
training is conducted on 8x A800 GPUs.

4.3 Comparison with State-Of-The-Art Methods

Table [T reports the main results on two knowledge-based VQA benchmarks, E-
VQA and InfoSeek. We compare our approach with three representative groups
of methods: (1) zero-shot MLLMs without external knowledge, (2) search-
agent methods that rely on tool interactions, and (3) retrieval-augmented
methods under a fixed RAG-style pipeline. Overall, our method achieves the
best performance across all evaluation metrics on both datasets, and the gains
are consistent across different model sizes.

Comparison with zero-shot MLLMs. Zero-shot MLLMs must answer
using only internal knowledge. However, E-VQA and InfoSeek emphasize long-
tail entities and fine-grained attributes that are less likely to be well covered
in pretraining. As a result, relying solely on parametric knowledge leads to low
accuracy.

Comparison with search-agent methods. Our approach also shows clear
advantages over existing search-agent baselines. A key limitation of prior agents
is the lack of an explicit correction mechanism: once the first retrieval drifts to
a wrong entity, later steps often accumulate evidence around the wrong page,
creating a bias that is difficult to correct.



12 Z. Wu et al.

Comparison with retrieval-augmented methods. We also observe con-
sistent improvements over retrieval-augmented methods. Existing RAG pipelines
often use a fixed retrieval modality and a single-shot retrieval step. When entity
recognition fails, the system cannot correct the retrieved evidence and is forced
to answer based on incorrect context. In addition, some questions require knowl-
edge across multiple Wikipedia pages, which is hard to cover with one retrieval.
In contrast, we formulate KB-VQA as a progressive search-and-reason process.

To further test generalization, we evaluate on OK-VQA (Tablelz[). Our method
also achieves clear improvements on OK-VQA, indicating that the learned tool-
usage policy generalizes beyond the training benchmarks.

4.4 Ablation Study and Visualization

Effect of training stages.
To quantify the contribu-
tion of each training stage,
we report results on E-
VQA and InfoSeek across
three settings (Table [2): (1)
Base: our proposed search-
agent inference framework
without any training; (2) Quenai-se
Stage I (Cold Start):
rejection-sampling SFT on
top of Base to learn ba-
sic tool-call formats and rea-
soning/output structure; (3)
Stage II (RL Training):
further reinforcement learn- 1 ) I

ing with TN-GSPO. The Cold ProwsAQur

Start stage teaches reliable Fig. 3: Tool usage and training dynamics of the pro-
interaction patterns, enabling posed search agent. Left: proportions of text vs. im-
the model to execute the age search. Right: tool calls, response length, and
search process correctly. The reward during training across RL strategies.

RL stage focuses on learning

more effective search strate-

gies over multiple interaction rounds. With an explicit tool-cost penalty, the
agent learns to balance search depth and information gain, leading to substan-
tial improvements.

Comparison of RL optimization methods. Table [3| compares different
RL optimization strategies. With sequence-level normalization and asymmetric
clipping, the policy can explore useful decisions more effectively while maintain-
ing training stability, which yields clear gains. Furthermore, TN-GSPO extends
the normalization by incorporating the tool horizon, so the update scale depends
on both generation length and tool interaction depth. This design supports more
stable learning of effective search behaviors and achieves the best performance.

Text Search TImage Search

29.7%

Enc-VQA

70.3%

Tool Calls

27.9%

Infoseek

72.1%

8 100 120

326%

67.4%

Enc-VQA

Train Reward

46.6%

53.4%

Infoseek
3
&
2
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Table 7: Accuracy comparison on the OK-VQA

[19] dataset. Table 8: Ablation on retrieval

top-k.

Method Model Accuracy

Top-k | E-VQA  InfoSeek
Wiki-PRE-7B Qwen2.5-VL-7B 77.8
MMKB-RAG [17] LLaMA-3.1-8B 65.4 k=1 45.9 41.7
CC-VQA Qwen2.5-VL-7B 78.8 k=2 48.3 47.6

k=3 52.6 53.4
Ours Qwen2.5-VL-7B 82.7 k=4 52.1 54.1
Ours Qwen3-VL-8B 85.6

Table 9: Retrieval behavior analysis across interaction rounds.

Metric Round-1 Round-2 Round-3
Retrieval Acc. 39.1 48.8 52.7
Correct Retrieval & Stop 324 45.5 50.6
Correct Retrieval & Continue 6.7 3.3 2.1
Incorrect Retrieval & Continue 46.4 7.4 3.2
Incorrect Retrieval & Stop 14.5 43.8 44.1

Impact of tool availability. To study the role of different tools, we eval-
uate three settings: text search only, image search only, and both tools
(Table . When both text and image search are available, the agent can adap-
tively choose the appropriate retrieval modality during reasoning, progressively
collecting complete evidence and significantly improving final answer accuracy.

Inference time analysis. We compare the inference time of our method
with several existing systems on E-VQA and report the average time per sam-
ple (Table . Overall, our method achieves substantially higher accuracy while
maintaining competitive inference efficiency, suggesting a good trade-off between
performance and computational cost.

Training dynamics and tool usage. Figure 3| (left) shows the tool usage
ratio on E-VQA and InfoSeek. Before RL, the model tends to rely more on text
search. After RL, the distribution shifts noticeably, indicating that reinforcement
learning helps the model learn retrieval behaviors that better match task needs.

Figure [3| (top right) reports the average number of tool calls during training
for different sequence-level optimization methods. Models trained with GRPO
reduce tool calls rapidly at an early stage, which suggests the policy may overem-
phasize tool reduction and suffer from insufficient evidence collection. In con-
trast, TN-GSPO gradually stabilizes the tool-call count within a reasonable
range, leading to more stable and effective search strategies.

Figure 3| (bottom right) shows the trends of average training reward and
response length. As training proceeds, the average reward increases steadily. In
early training, the model generates longer responses and uses more tool calls to
explore strategies. As the policy improves, it can reach sufficient evidence with
shorter reasoning paths, and the response length decreases accordingly.
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Fig. 4: Retrieval examples from the image search module.

Impact of tool-call budget and retrieval Top-k. We vary the tool-call
budget and retrieval Top-k and evaluate on E-VQA and InfoSeek (Tables |§|
and . Increasing the tool-call budget or retrieving more content improves the
chance of recalling correct evidence, reducing errors caused by failed early re-
trieval. However, further increases lead to diminishing returns and can slightly
hurt performance. A likely reason is that larger retrieved sets introduce more
noise, which makes evidence compression and reasoning harder and reduces the
benefit of additional recall.

Retrieval behavior across interaction rounds. Table [J] provides a fine-
grained analysis of retrieval and decision behaviors across interaction rounds
for our final model. We report statistics for samples where a retrieval action is
triggered; samples answered directly without retrieval are excluded. Round-1
and Round-2 denote behaviors after retrieval in the first and second interac-
tion rounds, respectively. Retrieval Accuracy measures whether the retrieved
knowledge contains at least one correct document.

Correct Retrieval & Stop is the fraction of cases where the agent stops
after retrieving correct evidence. Incorrect Retrieval & Continue is the frac-
tion of cases where the agent continues searching after failing to retrieve correct
evidence. All remaining cases (e.g., correct retrieval but continue, or incorrect
retrieval but stop) are grouped as Others.

From Round-1, the model tends to continue more often when retrieval is
incorrect, showing a strong tendency to correct early failures, while it often stops
quickly once key evidence is found. In Round-2, Correct Retrieval & Stop
further increases to 45.5%, suggesting that after correction the agent is more
likely to converge. We also observe a relatively high Others ratio in Round-2,
mainly because the agent stops more frequently in the second round, and some
of these stops happen even when retrieval is still incorrect. This behavior is
influenced by the tool-cost constraint during training. In addition, for long-tail
cases the model may not be fully confident in judging whether the retrieved
documents are correct, which can also contribute to this pattern.

Retrieval Visualization. Figure [4] shows the retrieval visualization.In the
first example, the correct entity appears only at rank-10, while in the second it
is ranked first. This highlights rank variation and motivates adaptive retrieval.
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5 Conclusion

We study KB-VQA in the long-tail setting, where models must decide both what
to answer and how to search for missing knowledge. We propose ProMSA, a
progressive multimodal search agent that alternates between image and text
retrieval and stops when enough evidence is collected. The agent performs re-
trieval under explicit budgets and avoids repeated results through deduplication.
We also introduce TN-GSPO, a sequence-level RL objective that normalizes
updates by both generation length and tool interaction depth, leading to more
stable learning. Experiments on E-VQA and InfoSeek show clear improvements
over strong RAG and search-agent baselines.
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