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Abstract

Knowledge-based visual question answering
(KB-VQA) requires vision-language models to
understand images and use external knowledge,
especially for rare entities and long-tail facts.
Most existing retrieval-augmented generation
(RAG) methods adopt a fixed pipeline that se-
quentially retrieves information, filters it, and
then produces an answer. Such a design makes
it difficult to adapt to diverse question types.
Moreover, it separates retrieval from reasoning,
making it hard for the model to decide when
to search, how to refine queries, or when to
stop. As a result, the retrieved evidence is often
poorly aligned with the question. To address
these limitations, we reformulate KB-VQA as
a search-agent problem and model the solving
process as a multi-step decision-making pro-
cedure. At each step, the agent selects one of
four actions-Answer, Image Retrieval, Text Re-
trieval, and Caption-based on its current infor-
mation state. We further design an automated
pipeline to collect multi-step trajectories that
record the agent’s reasoning process, tool us-
age, and intermediate decisions. These trajecto-
ries are then used as supervision for fine-tuning.
Experiments on InfoSeek and E-VQA demon-
strate that our method achieves state-of-the-art
performance, consistently outperforming prior
baselines and confirming the effectiveness of
our framework.

1 Introduction

In recent years, Vision—Language Models (VLMs)
have achieved remarkable progress on multimodal
tasks such as Visual Question Answering (VQA),
demonstrating strong capabilities in cross-modal
understanding and generation in recent bench-
marks(Tanaka et al., 2025; Xiao et al., 2024). How-
ever, when questions involve fine-grained entities
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or long-tail encyclopedic knowledge, relying solely
on the knowledge internalized in model parame-
ters is often insufficient to support accurate rea-
soning, leading to an overall degradation in perfor-
mance(Long et al., 2025; Liu et al., 2026). This
has led to the emergence of research in knowledge-
based visual question answering (KB-VQA), which
requires not only understanding visual content but
also dynamically acquiring relevant information
from external knowledge sources.

Retrieval-Augmented Generation (RAG) has be-
come a dominant paradigm in KB-VQA. These
methods retrieve candidate knowledge from large
external corpora, such as Wikipedia, and inject the
retrieved content into the model context to expand
its knowledge coverage(Choi et al., 2025). Recent
studies have explored various directions, includ-
ing multimodal query construction, cross-modal re-
trieval, and post-retrieval filtering, which together
have led to noticeable improvements in KB-VQA
performance(Hong et al., 2025; Deng et al., 2025).

Despite these advances, most existing ap-
proaches still follow a modular and static pipeline
design. This design implicitly assumes that all
questions should follow the same retrieval and rea-
soning process. However, KB-VQA questions dif-
fer significantly in their dependence on external
knowledge. While some questions can be answered
directly without external retrieval, others require
reflective retrieval to gather sufficient evidence. As
a result, a single retrieval step with paragraph-level
reranking is often insufficient. By treating retrieval
and reasoning as a fixed pipeline, existing methods
struggle to explicitly track and exploit the current
information state during inference, making it diffi-
cult to decide when to stop retrieval or how to adapt
queries based on accumulated evidence, which of-
ten results in poor semantic alignment between
retrieved content and the question.

Based on these observations, we argue that re-
trieval and reasoning in KB-VQA should be viewed
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(c) Our Search Agent
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Figure 1: Comparison of three paradigms for KB-VQA: MLLMs without retrieval, MLLMs with RAG, and
our search agent. (a) MLLMs without Retrieval lack access to external knowledge and often fail on long-tail
queries. (b) MLLMs with RAG introduce external context but may suffer from noisy or mismatched retrieval due
to fixed pipelines. (c) Our Search Agent formulates KB-VQA as a multi-step decision process, enabling adaptive

tool usage and structured evidence accumulation.

as a dynamic decision-making process rather than a
fixed pipeline. We therefore reformulate KB-VQA
under a search agent paradigm, where the model
no longer passively consumes predefined retrieval
results. Instead, it acts as an agent that decides
whether the current state is sufficient, which ex-
ternal tool can provide the missing support, and
when to terminate the search, conditioned on the
accumulated multimodal evidence. Specifically,
we formalize the entire problem-solving process
as a multi-step decision sequence with a structured
multimodal action space: Answer for generating
the final answer; Image Retrieval for perform-
ing image-based similarity search and returning
top-ranked matched images together with their as-
sociated documents as candidate evidence; Text
Retrieval for retrieving relevant textual passages
given a textual query; and Caption for converting
visual content into task-oriented descriptive text to
facilitate evidence retrieval and answer generation.
During inference, the agent continuously analyzes
the current multimodal information state and se-
lects the next action at each step until evidence is
gathered to support a final answer. To equip the
model with both multimodal understanding and ef-
fective tool-selection abilities, we further design
an automated multi-stage framework for construct-
ing reasoning—retrieval trajectories. Based on this
framework, we generate standardized trajectory

data covering diverse KB-VQA scenarios, includ-
ing different action types, retrieval depths, and evi-
dence accumulation patterns. Each trajectory anno-
tates the complete decision path from the initial in-
put to the final answer. Using these trajectories, we
perform supervised fine-tuning (SFT) to teach the
model to select appropriate actions under different
information states. Experiments on two long-tail
KB-VQA benchmarks, InfoSeek(Chen et al., 2023)
and E-VQA(Mensink et al., 2023), demonstrate
that our method outperforms existing approaches
in both accuracy and reasoning stability. Our main
contributions can be summarized as follows:

* We study KB-VQA from an agent perspec-
tive, identify the limitations of modular RAG
pipelines in dynamic planning and state aware-
ness, and propose a decision-based search-
agent framework that decides when to answer,
when and how to retrieve, and when to stop.

* We construct multi-step decision trajectory
data on InfoSeek and E-VQA, covering di-
verse evidence acquisition patterns and train
the model through supervised fine-tuning to
jointly learn reasoning and tool usage.

Our approach achieves significant improve-
ments over prior methods on two mainstream
KB-VQA benchmarks, InfoSeek and E-VQA,
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Figure 2: Overview of the proposed DBAgent framework and trajectory-based training pipeline. Top:
Inference-time decision-making, where the agent dynamically selects among multiple actions (e.g., image retrieval,
text retrieval, captioning, and answering) based on the current information state. Below: Construction of multi-step
reasoning trajectories, data curation rules, and linearization into structured token sequences for SFT.

demonstrating the effectiveness of dynamic
planning-based retrieval agents.

2 Related Work

2.1 Supervised Fine-Tuning

Supervised fine-tuning (SFT) remains a central
paradigm for adapting large language models to
instruction following, structured output generation,
and complex multi-step reasoning. Recent studies
show that supervising models with explicit reason-
ing trajectories or intermediate decision states sig-
nificantly improves reasoning stability and error
localization, particularly in long-horizon tasks(Du
et al., 2024; Sullivan et al., 2025; Yu et al., 2025,
2026; Xu et al., 2026).

Beyond static reasoning traces, recent work
has explored trajectory-style supervision for learn-
ing tool use and environment interaction. Agent-
oriented SFT frameworks show that models can
acquire structured reasoning—action patterns when
trained on annotated interaction trajectories, en-
abling effective tool invocation, planning, and feed-
back integration(Chen et al., 2025; Liu et al., 2025;
Wu et al., 2026b,a). These results indicate that mod-
ern SFT, when combined with trajectory-level su-
pervision, provides a strong foundation for learning
structured reasoning and tool-augmented problem
solving.

2.2 Search Agents

Recent work has enabled search-based agents that
call external tools, issue search queries during rea-
soning, and iteratively incorporate retrieved evi-
dence for multi-step inference(He et al., 2025; Li
et al., 2025; Wu et al., 2025, 2026¢; Chen et al.,
2026). Compared with conventional one-shot RAG,
this line of work emphasizes adaptive tool use, se-
quential evidence acquisition, and trajectory-level
decision making.

Most existing search-agent frameworks focus
on open-world information seeking, where the
main challenge is to formulate effective queries
and gather useful evidence from noisy environ-
ments(Luo et al., 2025; Li et al., 2024; Zheng et al.,
2025). Recent multimodal agent and planning work
further studies multi-step tool use, but is generally
evaluated in open-world or general-purpose set-
tings where the target entities are often common or
explicitly specified(Wang et al., 2024).

In contrast, KB-VQA often starts from fine-
grained or long-tail visual entities that are not ex-
plicitly named in the question. DBAgent therefore
focuses on KB-VQA-specific decisions over the
current multimodal state: whether to answer di-
rectly, use image retrieval for entity grounding, use
text retrieval for factual lookup, or stop searching.
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2.3 KB-VQA Retrieval-Augmented Methods

KB-VQA targets questions whose answers depend
on long-tail, fine-grained encyclopedic knowledge
that is not directly observable in the image. Recent
studies therefore treat KB-VQA as a multimodal
RAG problem(Zhang et al., 2025; Su et al., 2024):
the system retrieves candidate evidence (typically
from large-scale resources such as Wikipedia ar-
ticles and associated images) and conditions the
VLM on the retrieved content to improve cover-
age on underrepresented queries. Several works
improve KB-VQA by enhancing multimodal re-
trieval or post-retrieval filtering. Nevertheless, they
still rely on a static workflow, where retrieval is
fixed and independent of the model’s reasoning
process(Yan and Xie, 2024; Cocchi et al., 2024).
Retrieval is usually performed in a predefined man-
ner, followed by filtering and answer generation.
This design assumes all questions follow the same
reasoning process, which is often not true. This
motivates us to move beyond fixed pipelines and
propose an agent-based formulation of KB-VQA.

3 Methods

We propose a search-agent framework for
knowledge-intensive KB-VQA. The core idea is to
reformulate KB-VQA from a fixed retrieve—then-
generate pipeline into a multi-step decision-making
process. Instead of following a predefined work-
flow, the model dynamically assesses whether the
current information state is sufficient for answering,
determines which tool to invoke, formulates appro-
priate queries, and decides when to stop search-
ing. As a result, the search depth adapts to the
complexity of questions, avoiding unnecessary tool
calls and premature termination. We first formal-
ize the problem in Section 3.1, then describe the
inference-time execution process and action seman-
tics in Section 3.2, and finally present the trajectory
construction procedure and supervised fine-tuning
objective in Section 3.3.

3.1 Problem Formulation

Given an input image I and a natural language
question g, the goal of KB-VQA is to produce the
answer y. Instead of modeling this process as a
single-step mapping, we formulate it as a sequen-
tial decision-making problem. The model inter-
acts with an external knowledge environment over
multiple steps, gradually collecting evidence and
refining its understanding. At step ¢, the model

maintains a state s¢, which represents all the infor-
mation it has observed so far:

Sté(I7Q7a17617"'7at—176t—1)7 (1)

where a; denotes the action and e; denotes the ev-
idence returned by tool calls in the previous step.
Based on the current state s;, the model selects
an action a; from a predefined action space A. If
the selected action involves an external tool, the
environment returns new evidence e, which is ap-
pended to the state:

St+1 = (St,at, €t)- (2)

This process continues until the model outputs an
answer or reaches a maximum step budget B. The
resulting sequence forms a complete search trajec-
tory:

T:(IJQ)al)el)a2)627'"7aT)7 (3)

3.2 Dynamic Search-Agent Framework

Overall Framework. As shown in Figure 2, our
inference follows an iterative reason—act—observe—
update loop. The detailed inference procedure is
summarized in Algorithm 1 in Appendix E. The
reasoning process is explicitly generated between
the <think> and </think> tags. Our framework al-
lows the model to dynamically decide: (1) whether
the current state is sufficient for answering, (2)
what type of information to acquire and which tool
to use, and (3) when to stop and generate the fi-
nal answer. This adaptive mechanism enables the
model to adjust its search depth based on question
difficulty, producing reasoning trajectories with
matched complexity.

Action Selection. Based on its reasoning, the
model selects one action from a predefined action
space. Importantly, this action space is designed
to reflect the intrinsic challenges of KB-VQA. For
example, in many cases, the question does not ex-
plicitly mention the target entity, and the model
must first infer the entity from the image before it
can issue a reliable textual query. As a result, the
actions are not independent, but form a collabora-
tive toolset.
Formally, the action space is defined as:

A= {aans, CLtext’ 6Limg’ 6Lcap} ) (4)

Each action corresponds to a specific form of inter-
action with the external knowledge environment:
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* Answer (a*"): If the search agent determines
that the accumulated evidence is sufficient, it
outputs the final answer enclosed within the
<answer> and </answer> tags.

Text Search (a'**'): The search agent gener-
ates a natural-language query, enclosed within
the <text_search> and </text_search> tags, to
retrieve relevant textual passages from the
knowledge base.

Image Search (a'™2): The search agent
queries the visual retrieval module using
the <image_search> and </image_search> tags,
which returns visually similar images together
with their associated textual descriptions.

Caption (a“?P): When the current multimodal
representation is insufficient to form a reliable
retrieval query—for example, when the target
entity cannot be confidently identified—the
model may generate a task-oriented caption
enclosed within the <caption> and </caption>
tags. This caption abstracts the visual content
into a textual form and serves as an interme-
diate semantic representation for subsequent
query rewriting and retrieval.

State Update. When a tool action is selected,
the retrieved results are wrapped into structured
evidence and enclosed within the <evidence> and
</evidence> tags. This evidence is then appended to
the state to form s;1. The caption action does not
introduce new external evidence, but it is appended
to the internal context as a generated intermediate
representation. This design keeps the semantics of
state transitions clear: only interactions with the
environment update the external evidence buffer,
while captioning refines the internal textual state.

3.3 Trajectory Construction and Training

Although modern multimodal models are strong
at multi-step reasoning, instruction following, and
cross-modal generation, these abilities are usually
learned as isolated skills rather than as a unified
decision policy. In KB-VQA, the model must not
only answer questions, but also repeatedly assess
its information state and decide whether to retrieve,
how to retrieve, and when to stop. We observe that
without explicit training on this decision process,
models struggle to coordinate these abilities into
stable and controllable behaviors.

3.3.1 Failure-Aware Trajectory Branching

We design a failure-aware branching mechanism
based on common failure patterns in KB-VQA. For
each original image—question—answer sample, we
first test whether the model can answer correctly
without using any external tools. Such samples are
treated as directly answerable and used to construct
zero-retrieval trajectories. Gold answers and entity
annotations are used only offline to judge training
trajectories and route failed attempts, and are never
available during inference.

If the model fails, indicating that the current in-
formation state is insufficient, we further categorize
the failure into two types: (1) the entity is recog-
nized but the required factual or reasoning support
is missing, and (2) the entity cannot be reliably
identified. In the first case, the model has a plau-
sible visual grounding but lacks sufficient support
to answer the question, so text retrieval is used to
access relevant external information. In the sec-
ond case, the model lacks a clear semantic anchor,
so visual retrieval and a <caption> step are used to
support subsequent query reformulation.

3.3.2 Difficulty Modeling

Questions in KB-VQA differ significantly in search
depth, tool coordination, and reasoning structure.
This forms a distribution with varying levels of
decision complexity across different problems. To
capture this structure, we partition the dataset into
multiple difficulty subsets:

K
D= U D (5)
k=1

We characterize the difficulty of KB-VQA prob-
lems along three key dimensions: (1) search depth,
(2) tool usage structure, and (3) intermediate rea-
soning patterns. Based on these factors, we group
trajectories into easy, medium, and hard subsets.
From each subset, we sample a fixed number of
trajectories for training.

3.3.3 Training Template and SFT Objective

To ensure the model learns decision behaviors
rather than memorizing retrieved content, we use a
unified instruction template to regulate reasoning,
action selection, and output formats in a structured
and consistent manner. At each step, the model
must choose exactly one action and explicitly state
its reasoning between the <think> and </think> tags.

If the current information is sufficient, the
model outputs the final answer within <answer>
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and </answer>. Otherwise, it selects <text_search>,
<image_search> or <caption>. The <caption> action
serves as an intermediate representation for subse-
quent query rewriting and retrieval.

During training, each trajectory is linearized into
a token sequence:

(u7a17017"'7an)7 (6)

where u is the initial instruction, a; is the action
token, and o; is the environment observation en-
closed within the <evidence> and </evidence> tags
for each step. We mask all observation tokens and
apply supervision only to decision-related tokens.
The loss is defined as:

L==> logpy(t; | t<;) - I(t; € V), (1)

J

where ) denotes the set of decision tokens.

This shifts supervision from final-answer predic-
tion to learning the sequence of decisions that lead
to the answer. Although trained via SFT, DBAgent
learns a decision policy rather than following a
fixed pipeline, allowing it to adapt its retrieval strat-
egy to unseen decision states during inference.

4 Experiment

4.1 Experimental Setup

Datasets. We evaluate our method on two
knowledge-intensive visual question answering
benchmarks: InfoSeek (Chen et al., 2023) and
Encyclopedic-VQA (E-VQA) (Mensink et al.,
2023). Both datasets require models to answer
image-based questions by leveraging external ency-
clopedic knowledge. InfoSeek consists of approxi-
mately 1.3M image—question—answer triplets asso-
ciated with around 11K Wikipedia pages. Follow-
ing prior work, the validation set is categorized into
two subsets, namely Unseen-Entity and Unseen-
Question, which evaluate the model’s generaliza-
tion ability to novel entities and novel question
formulations in practice. Encyclopedic-VQA (E-
VQA) contains over 221K question—answer pairs,
each linked to up to five images and covering ap-
proximately 16.7K fine-grained entities correspond-
ing to Wikipedia pages. Following standard prac-
tice, we report results on the official test set.

Baselines. We compare DBAgent with diverse
baselines covering different modeling paradigms in
our experiments. These include multimodal large
language models that directly answer questions,

retrieval-augmented generation models, and mod-
els that incorporate explicit reasoning mechanisms.

Evaluation Metrics. We evaluate both answer
quality and retrieval quality, following the official
protocols of each dataset. For InfoSeek, we use Ex-
act Match (EM) as the primary metric. A prediction
is considered correct if it exactly matches any of the
ground-truth answers. For E-VQA, we adopt the
BERT-based Matching (BEM) score(Bulian et al.,
2022), which measures the semantic similarity be-
tween predicted answers and ground-truth answers.
To assess retrieval performance, we report a hit-
based retrieval accuracy, which measures whether
the ground-truth Wikipedia article is successfully
covered by the retrieved results at any turn. This
metric reflects how effectively the retrieval module
provides relevant external evidence for downstream
reasoning and answer generation.

4.2 Implementation Details

Knowledge Base and Retrieval Tools. We con-
struct an external knowledge base from Wikipedia
and support both image-level and text-level re-
trieval.  For image retrieval, we follow an
EchoSight-style indexing strategy by encoding all
Wikipedia images into a dense vector space and
maintaining a mapping from each image to its
source article(Yan and Xie, 2024). Given a query
image, the system retrieves the most similar results
and returns the associated Wikipedia article as can-
didate evidence. In all experiments, we use the
top-k results with k& = 1. For text retrieval, we
segment each Wikipedia article into multiple tex-
tual sections and encode all sections using BGE
embeddings. Retrieval is performed at the section
level, and the top-k most relevant sections are re-
turned as textual evidence, with &k = 3. We use
Qwen2.5-VL-7B-Instruct as the backbone model
for both training and inference in all experiments.

Training Setup. We fine-tune Qwen2.5-VL-7B
using supervised fine-tuning on our trajectory-
based training datasets. The trajectories are
grouped into three difficulty levels, namely easy,
medium, and hard, according to question complex-
ity and required retrieval depth, and are sampled
with a balanced ratio of 1:1:1. They are constructed
from the InfoSeek and E-VQA, yielding approxi-
mately 160K samples from each dataset. To pre-
vent the model from memorizing retrieved content,
we apply a loss-masking strategy that excludes tool-
returned evidence tokens from supervision. Addi-
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Method LLM Retriever E-voa InfoSeek
Single-Hop All Unseen-Q Unseen-E All
Zero-shot MLLMs
BLIP-2 Flan-T5x 1, - 12.6 12.4 12.7 12.3 12.5
InstructBLIP Flan-TSx 1, - 11.9 12.0 8.9 7.4 8.1
LLaVA-v1.5 Vicuna-7B - 16.3 16.9 9.6 9.4 9.5
GPT-4V GPT-4V - 26.9 28.1 15.0 14.3 14.6
Qwen2.5-VL-7B (Base) = Qwen2.5-VL-7B (Base) - 21.7 20.3 22.8 24.1 23.7
Classical Retrieval-Augmented Models
DPR Multi-passage BERT CLIP ViT-B/32 29.1 - - - 12.4
RORA-VLM LLaVA-v1.5-7B CLIP ViT-L/14 - 20.3 25.1 27.3 -
EchoSight Mistral-7B/LLaMA-3-8B  EVA-CLIP-8B 19.4 - - - 27.7
Wiki-LLaVA LLaVA-v1.5-7B CLIP ViT-L/14 + Contriever 17.7 20.3 30.1 27.8 28.9
Retrieval-Augmented Models with Reasoning / RL
ReflectiVA LLaMA-3.1-8B EVA-CLIP-8B 28.0 29.2 40.4 39.8 40.1
ReflectiVA Qwen2.5-VL-7B EVA-CLIP-8B 36.8 36.8 43.5 443 43.9
VLM-PRF Qwen2.5-VL-7B EVA-CLIP-8B 37.1 36.0 433 42.7 42.8
VLM-PRF InternVL3-8B EVA-CLIP-8B 40.1 39.2 43.5 42.1 42.5
Ours: Agent-based Search
DBAgent (w/o SFT) Qwen2.5-VL-7B EVA-CLIP-8B + BGE-M3 23.6 23.9 24.9 242 24.4
DBAgent (SFT: InfoSeek) Qwen2.5-VL-7B EVA-CLIP-8B + BGE-M3 45.1 443 46.5 51.0 49.9
DBAgent (SFT: E-VQA) Qwen2.5-VL-7B EVA-CLIP-8B + BGE-M3 46.5 45.8 43.1 50.2 48.4
DBAgent (SFT: Mixed) Qwen2.5-VL-7B EVA-CLIP-8B + BGE-M3 46.0 452 43.6 504 48.7

Table 1: Main results on E-VQA and InfoSeek. We report VQA accuracy (%) under different LLMs and retrievers.

Our agent-based methods are highlighted in light blue.

Trajectory Type Sample Proportion ~ Retrieval Recall ~ Answer Accuracy
A 5.4 - 69.7
I—A 25.7 65.9 56.0
T—A 36.1 81.6 49.5
[-T—A 15.7 552 435
T—-T—A 17.1 70.3 41.1

Table 2: Trajectory-level analysis on the test set.

tional hyperparameter choices and implementation
details are provided in the supplementary material.
All data construction procedures are conducted ex-
clusively on the standard training split and do not
involve any information from the evaluation sets.

4.3 Main Results and Analyses

Overall Results on Encyclopedic-VQA and In-
foSeek We evaluate our method on two represen-
tative KB-VQA benchmarks in the experiments.
The results are shown in Table 1. We train our mod-
els DBAgent under three data settings: InfoSeek,
E-VQA, and a mixture of the two. Across the eval-
uated settings, DBAgent consistently outperforms
prior baselines, while different SFT data settings
show different strengths. Specifically, DBAgent
with E-VQA SFT reaches 45.8% on E-VQA (All),
outperforming the strongest baseline by about 6
points. On InfoSeek (All), DBAgent with InfoSeek
SFT achieves 49.9%, which is also substantially
higher than existing methods. The mixed model

Model Generator E-voa InfoSeck
Single-Hop Un-Q Un-E All
Qwen2.5-VL-3B Qwen2.5-3B 72.1 47.0 430 449
Qwen2.5-VL-7B Qwen2.5-7B 78.3 41.6 413 414
ReflectiVA Qwen2.5-VL-3B 72.9 534 539 537
Wiki-LLaVA LLaVA-v1.5-7B 385 527 503 515
ReflectiVA LLaVA-MORE-8B 75.2 578 574 576
ReflectiVA Qwen2.5-VL-7B 71.3 56.0 56.0 56.0
ReAG Qwen2.5-VL-7B 81.5 60.7 589 59.7
DBAgent (SFT: InfoSeek) Qwen2.5-VL-7B 80.2 60.0 614 61.1
DBAgent (SFT: E-VQA)  Qwen2.5-VL-7B 79.4 59.6  60.0 59.9
DBAgent (SFT: Mixed) Qwen2.5-VL-7B 80.9 602 627 62.1

Table 3: VQA accuracy scores on Encyclopedic-VQA
and InfoSeek with oracle Wikipedia pages.

provides a strong cross-dataset trade-off, achieving
45.2% on E-VQA (All) and 48.7% on InfoSeek
(All). Moreover, DBAgent maintains clear advan-
tages on the Unseen-Q and Unseen-E splits of In-
foSeek. These results indicate that the DBAgent
not only improves overall answer accuracy, but
also generalizes better to unseen question forms
and previously unseen entities.

Trajectory Distribution and Difficulty Stratifi-
cation We analyze the distribution of different
reasoning trajectories, as shown in Table 2. Here, I,
T, and A denote image retrieval, text retrieval, and
answer generation, respectively. As the trajectory
becomes longer, both retrieval recall and answer
accuracy tend to decrease. This is because longer
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Method E-VQA (All) InfoSeek (All)
No Retrieval 20.3 23.7
Forced Image Retrieval 22.5 27.7
Caption-based RAG 24.7 30.5
DBAgent (SFT: Mixed) 452 48.7

Table 4: Ablation study on different retrieval and de-
cision strategies. We report the overall accuracy on
E-VQA and InfoSeek.

trajectories usually correspond to more difficult
questions: although additional retrieval steps are
expected to provide more evidence, these samples
often involve harder entity grounding, noisier re-
trieval, or more complex reasoning. These results
indicate that a fixed-depth retrieval strategy is not
suitable for KB-VQA. Instead, adaptively adjusting
the search depth better matches the task structure.

Oracle Analysis with Ground-Truth Wikipedia
Pages Under the oracle setting, where the
ground-truth Wikipedia pages are directly pro-
vided, DBAgent still maintains a clear advantage
as shown in Table 3. This suggests that our gains
are not solely due to improved retrieval, but also
come from more effective evidence selection and
evidence-grounded reasoning.

4.4 Ablation Studies and Behavioral Analysis

Ablation on Retrieval and Decision Strategies
As shown in Table 4, simply adding retrieval does
not always lead to better performance. In particu-
lar, two fixed retrieval variants show only marginal
gains: (i) performing image retrieval for every sam-
ple and using the Top-1 matched document, and
(ii) first generating a caption and then conducting
text retrieval with Top-3 passages. These results
suggest that DBAgent’s advantage lies in deciding
when and how to retrieve evidence.

Impact of Knowledge Base Size We further an-
alyze the impact of the knowledge base size. As
shown in Figure 3, when the size increases from
10k to 100k, the performance of all methods drops.
In contrast, DBAgent shows a much smoother
degradation, dropping from 63.3% to 48.7%. This
indicates that our method is more robust in high-
noise scenarios, further supporting that decision-
based search is more suitable for KB-VQA.

Impact of Different Top-% Settings As shown
in Table 5, Top-k selection involves a trade-off
between performance and cost. A smaller Top-

70 Robustness to Knowledge Base Scale on InfoSeek

=& Vanilla-MRAG
Wiki-PRF-7B
601 - : =@ DBAgent (SFT: Mixed)

63.3

Accuracy (%)
w
o

N
o

w
o

20

10k 50k 100k
Knowledge Base Scale

Figure 3: Ablation studies on the scale of knowledge
base on InfoSeek.

Text k Image & Text k Image &
1 2 3 1 2 3
1 404 402 398 1 444 439 426
3 452 451 437 3 48.7 482 46.6
5 452 449 406 5 49.1 475 463
(a) E-VQA (b) InfoSeek

Table 5: Impact of retrieval top-k for text and image
retrieval. We report overall accuracy (%) on E-VQA
and InfoSeek.

k may limit retrieval recall, while a larger Top-k
increases context length and inference cost. Since
increasing the number of retrieved text passages
from 3 to 5 brings only marginal gains, we choose
text Top-k = 3 and image Top-k = 1 as the final
setting for a better balance between accuracy and
efficiency. Overall, DBAgent remains stable across
different Top-k£ combinations.

5 Conclusion

We present DBAgent, a decision-based search
agent framework for knowledge-based visual ques-
tion answering (KB-VQA). Instead of following a
fixed retrieval-then-generation pipeline, DBAgent
formulates KB-VQA as a multi-step decision-
making process, where the model dynamically se-
lects among different actions based on its current
information state. To enable effective learning of
such behaviors, we further propose an automated
trajectory construction framework and build a large-
scale, high-quality training dataset that explicitly
records reasoning steps, tool usage, and intermedi-
ate decisions. This dataset provides structured su-
pervision for training decision-aware agents. Exten-
sive experiments on InfoSeek and E-VQA demon-
strate that DBAgent consistently outperforms exist-
ing retrieval-augmented baselines, confirming the
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effectiveness and feasibility of our framework.

6 Limitations

Trajectory Supervision DBAgent is trained
with automatically constructed reasoning—retrieval
trajectories, which enables scalable supervision
without manual trajectory annotation. While
our trajectory-quality analysis suggests that the
constructed trajectories provide useful evidence-
grounded supervision, future work could further
incorporate human verification or finer-grained tra-
jectory quality control.

Inference Cost DBAgent performs iterative rea-
soning and retrieval during inference, which intro-
duces additional cost compared with single-pass
methods. Our efficiency analysis shows that the
overhead is moderate under the predefined tool bud-
get, and future work may further improve efficiency
through adaptive stopping or more selective tool
use.
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A Additional Experimental Analyses

This section provides additional analyses to better
understand the behavior of DBAgent. We include
analyses on retrieval-answer correlation, backbone
generalization, inference cost, trajectory quality,
tool-use behavior, direct-answer control, and diffi-
culty sampling.

A.1 Generalization across Backbones

The main experiments use Qwen2.5-VL-7B as
the backbone. To examine whether the pro-
posed decision-based training generalizes be-
yond this model, we further evaluate DBAgent
with Qwen2.5-VL-3B-Instruct and InternVL3-8B-
Instruct. Qwen2.5-VL-3B tests a smaller model
from the same family, while InternVL3-8B tests a
different VLM family with a comparable scale.

As shown in Table 6, trajectory SFT consistently
improves over the corresponding w/o-SFT variant
for both Qwen2.5-VL-3B and InternVL3-8B. This
suggests that DBAgent is not tied to a single back-
bone. Instead, the trajectory-based decision train-
ing transfers to a smaller model in the same family
and to a different VLM family, supporting the gen-
erality of the proposed framework.

A.2 Inference Cost

Because DBAgent performs iterative decision mak-
ing and tool use, it introduces additional inference
cost compared with single-pass models. We there-
fore report a relative efficiency comparison in Ta-
ble 7. The relative time is normalized by the infer-
ence time of Qwen2.5-VL-7B Base.

DBAgent has higher inference cost due to multi-
step decisions and retrieval calls. However, the
overhead remains moderate under the predefined
tool budget, and the model obtains the best average
accuracy among the compared methods. This result
characterizes the trade-off between adaptive search
and inference efficiency.

A.3 Trajectory Quality

To examine whether trajectory SFT improves
evidence-grounded behavior rather than only
output-format compliance, we evaluate the sup-
portiveness of generated trajectories using GPT-40
as an automatic judge. For correctly answered sam-
ples, the judge is given the question, generated
trajectory, retrieved evidence, and final answer, and
then determines whether the trajectory evidence
supports the answer.

Table 8 shows that SFT substantially increases
the answer support rate on both datasets. This in-
dicates that trajectory supervision helps the model
generate evidence-grounded decision paths, not
merely well-formatted action tags. The improve-
ment in support rate also aligns with the gain in
answer accuracy, suggesting that better trajectories
contribute to more reliable final predictions.

A.4 Relationship Between Retrieval and
Answer Correctness

To better understand the behavior of DBAgent, we
analyze the relationship between retrieval correct-
ness and final answer correctness. As shown in
Table 9, correct retrieval is strongly associated
with correct answering: 70.4% of retrieval-correct
samples are answered correctly, whereas 88.6%
of retrieval-incorrect samples lead to wrong an-
swers. Meanwhile, the two off-diagonal cases show
that retrieval and answering are not perfectly cou-
pled. Some samples can still be answered when
retrieval is incorrect, while some retrieval-correct
samples fail due to reasoning or evidence-use er-
rors. These results indicate that correct retrieval is
important but not sufficient, further motivating a
decision-based agent that can adaptively retrieve,
refine queries, and decide when to stop.

A.5 Tool-Use Behavior

We further compare the tool-use behavior before
and after trajectory SFT. This analysis helps de-
termine whether the model actually changes its
decision policy after training.

As shown in Table 10, the w/o-SFT model fre-
quently falls back to direct answering, while the
SFT model uses image search, text search, and
multi-step retrieval more often. This supports our
claim that trajectory SFT changes the model’s deci-
sion behavior and teaches a state-conditioned deci-
sion policy instead of simply adding an agent-style
interface.
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InfoSeek Unseen-Q InfoSeek Unseen-E  InfoSeek All

Method Backbone E-VQA Single-Hop E-VQA All
DBAgent w/o SFT Qwen2.5-VL-3B 20.4
DBAgent SFT Mixed Qwen2.5-VL-3B 413
DBAgent w/o SFT InternVL3-8B 25.8
DBAgent SFT Mixed InternVL3-8B 45.6
DBAgent SFT Mixed Qwen2.5-VL-7B 46.0

19.6 20.5 21.8 21.2
39.8 39.5 44.7 422
25.1 25.0 25.7 254
443 43.1 49.2 46.5
45.2 43.6 50.4 48.7

Table 6: Generalization of DBAgent across different backbone models.

Answer Correct Answer Wrong

Method Relative Time ~ Avg. Accuracy
Qwen2.5-VL-7B Base 1.0x 22.0
Wiki-LLaVA 1.4x 24.6
VLM-PRF (Qwen2.5-VL-7B) 1.6% 39.4
ReflectiVA (Qwen2.5-VL-7B) 1.9% 404
DBAgent SFT Mixed 2.1x 47.0

Table 7: Relative inference cost and average accuracy
across E-VQA and InfoSeek.

Dataset ~ Model Answer Acc.  Support Rate
E-VQA  DBAgent w/o SFT 239 42.7
E-VQA  DBAgent SFT Mixed 45.2 84.8
InfoSeek DBAgent w/o SFT 24.4 43.4
InfoSeek DBAgent SFT Mixed 48.7 85.6

Table 8: GPT-40 judge evaluation of answer-supporting
trajectories.

A.6 Direct-Answer Control

The retrieval-answer analysis in Table 9 shows a
strong correlation between retrieval correctness and
answer correctness. To check whether this rela-
tionship is mainly driven by questions answerable
from parametric knowledge, we remove retrieved
evidence from samples where both retrieval and
final answer are correct, and then ask the same
Qwen2.5-VL-7B backbone to answer using only
the image and question.

Table 11 shows that accuracy drops substan-
tially after removing retrieval evidence. Therefore,
the correct-retrieval and correct-answer cases are
not mainly solved by parametric knowledge; they
rely on useful external evidence. This further sup-
ports the interpretation that retrieval correctness is
a meaningful factor in final answer quality.

A.7 Difficulty Sampling Ratio

Finally, we evaluate the effect of different
easy:medium:hard sampling ratios used for trajec-
tory construction. The goal of balanced sampling
is to expose the model to diverse decision states
and avoid bias toward direct answering, single-step
retrieval, or over-retrieval.

The results in Table 12 show that the balanced

70.4
11.4

29.6
88.6

Retrieval Correct
Retrieval Incorrect

Table 9: Relationship between retrieval correctness and
answer correctness. We report the proportion (%) of
samples in each case.

1:1:1 ratio performs best on both benchmarks. This
suggests that balanced trajectory construction helps
avoid both direct-answer collapse and unneces-
sary over-retrieval, leading to more robust decision
learning.

B Datasets

We evaluate our method on two widely used
knowledge-based visual question answering bench-
marks, InfoSeek and E-VQA. Both datasets are de-
signed to test whether a model can go beyond the
visible content of an image and incorporate external
knowledge. However, they differ significantly in
their construction principles, knowledge types, and
reasoning requirements. This diversity allows us
to comprehensively examine the decision-making
and search behaviors of our agent.

InfoSeek. InfoSeek is a large-scale benchmark
specifically designed for knowledge-intensive vi-
sual question answering. Each example consists
of an image, a natural language question, and a
set of acceptable answers. Unlike traditional VQA
datasets that focus on object recognition or sim-
ple visual attributes, InfoSeek emphasizes long-tail
entities and factual knowledge that is rarely memo-
rized by vision-language models.

A key characteristic of InfoSeek is that most
questions cannot be answered solely based on the
image. Instead, the image serves as a visual anchor
that points to a specific entity, such as a landmark,
an animal species, a historical artifact, or a cultural
object. The question then asks for factual attributes
of that entity, such as its origin, function, scientific
classification, or historical background. Answer-
ing such questions typically requires consulting an
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Model Direct Answer Ratio

Image Search Used Text Search Used Multi-step Retrieval

Avg. Retrieval Calls

DBAgent w/o SFT 64.8 23.5
DBAgent SFT Mixed 54 41.4

14.9 49 0.40
68.9 32.8 1.27

Table 10: Tool-use behavior before and after trajectory SFT. Ratios are reported in percent except for average
retrieval calls. The usage ratios are not mutually exclusive because a trajectory may use both image and text search.

Dataset Direct Answer w/o Retrieval
E-VQA 32.8
InfoSeek 35.1

Table 11: Direct-answer control on samples with correct
retrieval and correct final answers.

Sampling Ratio E-VQA All InfoSeek All
2:1:1 43.7 46.2
1:2:1 441 46.8
1:1:2 44.5 47.1
1:1:1 45.2 48.7

Table 12: Ablation on the easy:medium:hard difficulty
sampling ratio.

external knowledge source.

InfoSeek also exhibits strong diversity in ques-
tion types. Some questions can be resolved with a
single retrieval step, while others require multiple
rounds of refinement because the initial query is
too ambiguous or incomplete. This makes InfoS-
eek particularly suitable for evaluating whether a
model can decide when to retrieve, how to formu-
late queries, and how to revise them based on newly
obtained evidence.

E-VQA. E-VQA is another benchmark designed
for entity-centric visual question answering. Each
question is explicitly tied to a visual entity in the
image, and the answer usually involves factual or
encyclopedic knowledge about that entity. Com-
pared to InfoSeek, E-VQA focuses more on fine-
grained attributes, such as taxonomic categories,
functional properties, or specific biographical facts.

A notable feature of E-VQA is that many ques-
tions assume the model can correctly identify the
entity from the image. However, recognizing the
entity alone is often insufficient to answer the ques-
tion. The model must also retrieve or recall the
corresponding factual information. This makes E-
VQA a good testbed for separating two distinct
challenges: visual grounding and knowledge acqui-
sition.

In addition, E-VQA includes a wide range of do-

mains, such as animals, plants, monuments, tools,
and artworks. This diversity further increases the
difficulty of relying on parametric knowledge alone,
especially for long-tail concepts.

Comparison and Motivation. Although both
datasets require external knowledge, they differ
in how that knowledge is triggered. In InfoSeek,
the model often needs to discover what the image
refers to before it can even formulate a meaningful
query. In E-VQA, the model can often identify the
entity but still lacks the specific attribute required
by the question.

These differences make the two datasets comple-
mentary. InfoSeek stresses the need for adaptive
entity discovery and query formulation, while E-
VQA emphasizes fine-grained factual lookup after
visual grounding. Together, they form a challeng-
ing testbed for dynamic, multi-step reasoning.

Importantly, neither dataset can be reliably
solved with a fixed retrieval-then-answering
pipeline. Some questions require no retrieval at
all, some require a single retrieval step, and others
require multiple refinements. This variability mo-
tivates our formulation of KB-VQA as a decision-
making process rather than a static pipeline. Our
search-agent framework is designed to explicitly
model this variability, enabling the agent to decide
when to retrieve, which modality to use, and how
to refine its queries.

C Baselines

We compare our method with a broad set of base-
lines that represent different paradigms for multi-
modal reasoning and retrieval in KB-VQA. These
baselines can be roughly grouped into three cate-
gories: zero-shot multimodal large language mod-
els, classical retrieval-augmented models with fixed
pipelines, and retrieval-augmented models with
explicit reasoning or reflection mechanisms. To-
gether, they cover the most common design choices
adopted in existing systems.
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C.1 Zero-shot Multimodal Large Language
Models.

We include several strong pretrained multimodal
models that directly generate answers from images
and questions without explicit access to external
knowledge sources, including BLIP-2, Instruct-
BLIP, LLaVA, and GPT-4V.

BLIP-2 and InstructBLIP. These models con-
nect a frozen large language model with a visual en-
coder via a lightweight query transformer. This de-
sign enables flexible multimodal generation while
preserving the generalization ability of large lan-
guage models. However, factual knowledge is
implicitly stored in the model parameters, which
makes these models sensitive to the coverage of the
pretraining data. As a result, they often struggle
with long-tail entities and rare facts.

LLaVA-v1.5.(Liu et al., 2023) LLaVA follows a
similar philosophy but is trained with large-scale
multimodal instruction tuning. This improves its
robustness and instruction-following ability, espe-
cially for conversational and compositional queries.
Nevertheless, it still relies on parametric memory
for factual information and does not explicitly in-
teract with external knowledge bases.

GPT-4V. GPT-4V is a strong proprietary vision-
language model with broad general knowledge and
strong reasoning ability. It serves as an important
reference point for zero-shot performance. Despite
its strength, its access to knowledge remains im-
plicit, and it does not expose explicit retrieval or
evidence-grounding behaviors.

Qwen2.5-VL.(Bai et al., 2025) Qwen2.5-VL is
a recent open-source multimodal large language
model that supports strong visual understanding
and instruction following. It integrates a vision
encoder with a large language model and is trained
with large-scale multimodal instruction data. This
design enables the model to handle a wide range of
multimodal tasks, including visual question answer-
ing and image-grounded reasoning. However, simi-
lar to other zero-shot multimodal models, factual
knowledge is mainly stored in model parameters.
Without explicit retrieval mechanisms, the model
may still struggle with questions that require exter-
nal knowledge or long-tail factual information.

C.2 C(lassical Retrieval-Augmented Models.

DPR.(Lerner et al., 2024) DPR is a dense pas-
sage retrieval framework originally developed for
open-domain question answering. It uses a dual-
encoder architecture to embed queries and pas-
sages into a shared vector space. In our setting,
DPR serves as a representative text retriever that
retrieves relevant passages based on a fixed query
formulation.

RORA-VLM.(Qi et al., 2024) RORA-VLM in-
tegrates retrieval into the multimodal pipeline by
combining a vision-language model with a CLIP-
based image retriever. Retrieved visual content is
used to augment the generation process, allowing
the model to access additional visual context be-
yond the input image.

EchoSight.(Yan and Xie, 2024) EchoSight is a
multimodal retrieval-augmented framework that re-
trieves visually or semantically related images and
associated textual descriptions using CLIP-style en-
coders. The retrieved information is concatenated
with the original input and passed to a language
model for answer generation.

Wiki-LLaVA.(Caffagni et al.,, 2024) Wiki-
LLaVA augments a vision-language model with
external Wikipedia knowledge. It retrieves relevant
articles or passages using a CLIP-based retriever
and fuses the retrieved content into the language
model input.

C.3 Retrieval-Augmented Models with
Reasoning.

ReflectiVA.(Cocchi et al., 2024) ReflectiVA in-
troduces a reflection-based reasoning strategy that
encourages the model to generate intermediate rea-
soning traces and revise its answer if inconsisten-
cies are detected. This design improves robustness
and reduces certain types of hallucinations.

VL-MPREF.(Hong et al., 2025) VL-MPREF incor-
porates a multi-perspective reasoning framework
that aggregates retrieved evidence from different
views. It emphasizes structured reasoning over
multiple knowledge snippets and integrates the rea-
soning process into the language model through
prompt-based decomposition.

Unified Discussion. Although the above meth-
ods differ in architecture and training strategies,
they share a common assumption: the structure
of the reasoning and retrieval process is largely
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predefined. Retrieval is either always performed
or implicitly triggered by prompt templates. The
model is not explicitly trained to decide whether
retrieval is necessary, which modality to use, or
when to stop.

Moreover, query formulation is often treated as
a static transformation rather than a learnable de-
cision. When retrieval fails or returns insufficient
information, most systems either hallucinate or pas-
sively consume the returned evidence. In practice,
KB-VQA exhibits diverse difficulty levels. Some
questions can be answered directly from the image,
while others require one or multiple rounds of re-
finement. A fixed pipeline cannot naturally express
this diversity.

D Retriever

EVA-CLIP.(Sun et al., 2023) EVA-CLIP is a
large-scale vision-language representation model
built upon the CLIP framework. It improves visual
representation quality by scaling both the vision
encoder and the pretraining data. The model is
trained with extensive image-text pairs and adopts
stronger visual backbones, which leads to improved
cross-modal alignment between images and text.
In our framework, EVA-CLIP is used as the image
retriever to retrieve visually or semantically related
images from the external knowledge base. The
retrieved images provide additional visual context
that can support subsequent reasoning and answer
generation.

BGE-M3.(Chen et al., 2024) BGE-M3 is a mul-
tilingual dense retrieval model designed for general-
purpose information retrieval. It produces high-
quality text embeddings that support both semantic
matching and cross-lingual retrieval. Compared
with earlier dense retrievers, BGE-M3 demon-
strates strong performance across various retrieval
benchmarks and supports flexible query formula-
tions. In our framework, BGE-M3 is used as the
text retriever to retrieve relevant textual evidence
from the knowledge base. The retrieved passages
provide complementary factual information that
may not be directly inferred from the visual con-
tent alone.

E DBAgent Inference Algorithm

This appendix provides the detailed inference pro-
cedure of DBAgent, corresponding to the decision
process described in Section 3.2. During inference,
the agent iteratively generates reasoning tokens and

selects actions based on the current information
state. Depending on the generated action tag, the
system invokes different retrieval tools and appends
the returned evidence to the state. The process con-
tinues until the agent outputs the final answer or
reaches the maximum turn budget.

Algorithm 1 Inference procedure of DBAgent with
multi-turn tool interaction.

Require: image z, question ¢, policy model my,
text retriever Riex;, image retriever Rimg, maxi-
mum turn budget B

Ensure: final answer y

1: Initialize output y < (), evidence buffer
E«0
Initialize turn counter b <— 0
while b < B do
Initialize one-turn output 1 < ()
while true do
Sample next token

zn~ 71—9(' | xaQ7€>yayb)

AN A

7: Append z to yp
8 if z is a closing tag or (eos) then
: break
10: end if
11: end while
122y <yl
13: if <text_search> is detected in y; then
14: Parse query u from y
15: Retrieve text evidence € < Riex(u)
16: Insert <evidence> e </evidence> into £
17: else if <image_search> is detected in
then
18: Parse image input gjmg from 1,
19: if ¢img is missing then
20: Qimg < T
21: end if
22 Retrieve visual evidence
€ < Rimg(Qimg)
23: Insert <evidence> € </evidence> into £
24: else if <answer> is detected in y; then
25: Parse final answer span y*
26: return y*
27: else
28: Optionally append a short reflection
message
29: end if

30: b« b+1
31: end while
32: return the last valid answer span if any
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F Training Details

Training setup. We fine-tune our search-agent
model using full-parameter supervised fine-tuning
on the constructed multi-stage trajectories. All
experiments are conducted on 8 NVIDIA A800
GPUgs, each with 80GB memory. To support long
multi-turn contexts and reduce memory consump-
tion, we enable bfloat16 precision, gradient check-
pointing, and ZeRO-3 optimization.

Optimization and scheduling. We adopt
Qwen2.5-VL-7B-Instruct as the backbone model.
The per-device training batch size is set to 1,
and we use gradient accumulation with 4 steps,
resulting in a global batch size of 32. We use
a cosine learning rate scheduler with an initial
learning rate of 7 x 1075 and a warmup ratio of
0.06. Weight decay is set to 0.

Sequence length and training duration. To ac-
commodate long reasoning trajectories, we set the
maximum sequence length to 16,384 tokens. The
model is trained for 3 epochs over approximately
200k trajectories. We randomly hold out 2% of
the training data as a validation set and perform
evaluation every 2000 steps. We report the best-
performing checkpoint based on validation accu-
racy. All models are trained using the same op-
timization settings across datasets to ensure fair
comparison.

Reproducibility. All hyperparameters, prompts,
and trajectory construction rules are provided in
the supplementary material. Our training setup fol-
lows standard practices in large-scale multimodal
instruction tuning and can be reproduced with com-
monly available GPU clusters.

G Prompt Design

This subsection describes the prompts used in our
search-agent framework. They cover two settings:
(1) the main agent prompt used for inference and
training, and (2) a set of multi-stage prompts used
to construct high-quality trajectories. Our goal is
not only to teach the model to answer questions, but
also to teach it when external knowledge is needed,
which tool to use, how to write better queries, and
when to stop.

Unlike retrieval-augmented generation pipelines
that follow a fixed order of steps, we treat KB-VQA
as a multi-step decision process. At each step, the
model reasons about the current state, selects an

action, and updates its decision after observing
new information. The prompts are designed to ex-
pose these intermediate decisions in a standardized,
machine-readable format.

Search-agent prompt for inference and training.
The core prompt follows a simple think—act pattern.
At each turn, the model first writes a short reason-
ing trace inside <think>, then outputs exactly one
action tag. This structure encourages the model to
reflect when it receives new information, instead of
retrieving by default.

Answer action. The model outputs <answer>
when the current image and available evidence are
sufficient. The answer must be short and contain
only the final answer span.

Text-retrieval action. The model outputs
<text_search> when it cannot answer yet but
can identify what the question refers to in the
image. The query must be concise and specific.
It should combine an entity name (or a short
visual description) with the attribute asked by the
question, so the retriever can fetch the missing
knowledge efficiently.

Image-retrieval action. The model outputs
<image_search> when it cannot answer and also
cannot reliably identify the key entity from the
image. To keep a stable tool interface, the con-
tent of this tag is fixed to the placeholder token
image_path.

Optional caption for query refinement. If the
model has already performed image retrieval and
still needs text retrieval, it may output an optional
<caption> block before the final action. The cap-
tion must describe only what is visible, without
speculation. Its role is to provide concrete visual
keywords that help form a better text query.

Formatting constraints. We enforce strict for-
matting rules. Each turn must start with <think>
and end with exactly one action tag. Only the al-
lowed tags may appear, and no trailing text is per-
mitted. This makes the reasoning, the decision, and
the tool usage explicit and easy to supervise.

Multi-stage trajectory construction. To teach
dynamic decision-making, we construct trajecto-
ries with multiple stages. Each stage uses two
prompts: an answering prompt and a judging
prompt. The answering prompt produces an an-
swer given the currently available information. The
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judging prompt then checks correctness (offline)
and, when the answer is wrong, decides what to
do next and produces a rewritten query or a tool
choice. This design allows us to build trajectories
with different structures, including direct answer-
ing, single-step retrieval, and multi-step refinement.

Stage 1: initial reasoning and routing. Stage 1
uses only the image and the question. The answer-
ing prompt requests a reasoning trace, the main
entity, and a tentative answer. The judging prompt
verifies the answer. If it is wrong, the judge deter-
mines whether the failure is caused by incorrect
entity grounding or missing knowledge. If the en-
tity is wrong, it routes to image retrieval. If the
entity is correct but knowledge is missing, it routes
to text retrieval. In both cases, it outputs the next
action in a standardized format.

Stage 2: tool-based re-answering and query
rewriting. Stage 2 follows the routing decision
from Stage 1. In the image-based branch, the model
receives text evidence obtained through image re-
trieval and answers again using the image plus evi-
dence. If the answer is still unsupported, the judg-
ing prompt produces a detailed visual caption and a
rewritten text query, where the caption is restricted
to visible content only. In the text-based branch,
the model answers using retrieved text evidence.
If the answer remains unsupported, the judge ex-
plains what information is missing and outputs a
new text query that is meaningfully different from
the previous one.

Stage 3: final re-answering with new evidence.
Stage 3 handles harder cases where Stage 2 is still
insufficient. The model is given the full history
of the trajectory together with newly retrieved text
evidence from an updated query. The goal is to treat
the new evidence as the primary factual source and
produce a final answer. The Stage-3 answering
prompt follows the same contract as Stage 2: a
short <think> block focusing on what matters in
the image and how the new evidence supports the
conclusion, followed by a final <answer> block.
No other tags are allowed.

Offline judging for data construction. For tra-
jectory construction, we also use judging prompts
to label whether the answer at each stage is correct
under a semantic match rule (case-insensitive, mi-
nor wording differences allowed). When an answer
is wrong, the judge outputs the next action choice
and a rewritten query in the required format. To

keep the trace realistic, the judge is instructed not
to mention gold answers or evaluation language in
its explanations.

Design principles. We follow a few simple prin-
ciples. First, decisions are explicit: the model must
state its reasoning and select actions directly. Sec-
ond, the output format is tightly constrained, which
makes trajectories easy to parse and suitable for
supervised learning. Third, answering and judging
are separated, so we can supervise both solving
and decision-making. Fourth, failed attempts are
treated as useful signal: instead of discarding them,
we turn them into refinement steps that teach better
tool use. Finally, the framework is fully multi-
modal, because the image is considered at every
stage rather than only at the beginning.

Search-Agent Prompt (Inference & Training)

Task. Answer the question. Always reason in
<think>...</think> when you get new information (im-
age or <evidence>...</evidence>).

Choose EXACTLY ONE action per turn:

Action 1: Answer.

<answer> ... </answer>

Use this action if the current image/evidence is sufficient
to answer exactly.

Action 2: Text Retrieval.
<text_search> QUERY </text_search>
Use this action if you cannot answer yet but you can iden-
tify what the question refers to in the image.
QUERY rule:
* QUERY = (entity name or short visual description) +
(asked attribute)

» Keep it concise and specific.

Action 3: Image Retrieval.
<image_search>image_path</image_search>

Use this action if you cannot answer and you cannot iden-
tify the key entity from the image.

IMPORTANT:
* The content inside <image_search> MUST be exactly
image_path (fixed placeholder).

e Do NOT change it.

Caption (optional):

If you already used <image_search> and still need
<text_search>, output an optional caption to help write
a better query.
<caption> ... </caption>

» Caption must be ONE short visible-only sentence.

» <caption> may appear only before the final action tag.

Format rules:
e Output must start with <think>.

e Only use tags: <think>, <answer>, <text_search>,
<image_search>, <caption>.

e End with exactly one action tag: <answer> or

<text_search> or <image_search>.

e <caption>may appear only before the final action tag.
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o After </answer>, </text_search>, or

</image_search>, output nothing.

Answer format:
* <answer> must contain ONLY the final answer span.

» Keep it very short: prefer 1-4 words (or a single num-
ber/date/unit if required).

e Do NOT write a full sentence.

* Do NOT add explanations, punctuation, or prefixes.

Stage-1 Multimodal VQA Prompt

You are a multimodal question answering model. The
user will provide one image and one question about that
image.

Your task consists of three steps:
Step 1: Reasoning.

In <think>...</think>, write your detailed reasoning.
¢ Describe what you see in the image.

» Explain how the visual content relates to the ques-
tion.

* Show the logical steps used to derive the answer.

¢ Do not include the final answer here.

Step 2: Entity Identification.
In <entity>...</entity>, output the main entity in
the image.

 Use a short noun phrase.

* Output exactly one entity.

Step 3: Final Answer.
In <answer>...</answer>, output the final short an-
swer only.

Strict Output Format (Mandatory):

<think>. . . </think>
<entity>. . . </entity>
<answer>. . . </answer>

» Each tag must appear exactly once and be properly
closed.

* Do not output any other tags.

* Do not output anything before <think> or after
</answer>.

¢ Do not write “unknown” in <answer>.

Example Output Format

<think>

I first look at the image. It shows a football
player wearing a light blue and white striped
jersey with the number 10. He is on a football
pitch with a ball at his feet. This jersey
pattern is characteristic of the Argentina
national team, so the answer is Argentina
national team.

</think>

<entity>Lionel Messi</entity>
<answer>Argentina national team</answer>

Stage-1 Judgment Prompt

You are a strong language model used to JUDGE and
POST-PROCESS Stage-1 multimodal QA outputs.
For each sample, you will receive the following fields:

.

[question]: the question about the image

e [stagel_think]: the reasoning text generated in
Stage-1

[stagel_entity]: the entity predicted in Stage-1
[stagel_answer]:
Stagel

the answer predicted in

[gold_answer]: the ground-truth answer

[gold_entity]: the ground-truth entity (e.g.,
Wikipedia title)

Interpreting gold_answer:

¢ gold_answer denotes a set of acceptable answers,
where elements are separated by “I”.

¢ stagel_answer is considered CORRECT if it
semantically matches any element in this set.

Your task consists of three steps:

Step 1: Answer Judgment.
Decide whether stagel_answer is CORRECT com-
pared to gold_answer.

» Use semantic matching.

* Ignore case, punctuation, and minor wording dif-
ferences.

Step 2: Correct Case.
If the answer is correct, output exactly:
[correct] and nothing else.

Step 3: Wrong Case.
If the answer is wrong, further judge whether
stagel_entity matches gold_entity.

Case (a): Entity is Wrong.
¢ Use IMAGE RETRIEVAL.
¢ Output exactly:

[wrong]

<image_search> image_path </image_search>
<choose> ... </choose>

where:

e <image_search> must contain only the fixed
placeholder image_path.

e <choose> briefly explains why stagel_entity
does not match gold_entity.
Case (b): Entity is Correct but Knowledge is Missing.
e Use TEXT RETRIEVAL.
* Output exactly:

[wrong]

<text_search> ... </text_search>
<choose> ... </choose>

where:

e <text_search> contains exactly one concise
natural-language query.

¢ The query must mention the entity and the missing
information.

* Do not include reasoning sentences inside
<text_search>.
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* <choose> briefly explains why text retrieval is cho-
sen.

Strict Output Format (Mandatory):
e Always start with [correct] or [wrong].
e For [correct], output only [correct].
* For [wr.ong], output exactly one of the following
two options.

Option 1: Text Retrieval

[wrong]
<text_search> ... </text_search>
<choose> ... </choose>
Option 2: Image Retrieval
[wrong]
<image_search> image_path </image_search>
<choose> ... </choose>
* Never output both <text_search> and

<image_search>.

¢ Do not output any other tags, JSON, or explana-
tions outside the required format.

» Each tag must appear exactly once and be properly
closed.

* Do NOT output any other tags.

e Do NOT output anything before <think> or after
</answer>.

e Must always output a concrete answer in
<answer>.

Even if the information is incomplete or uncertain,
infer and provide the single most likely answer.

Stage-2 Image-Based Answering Prompt

You are a multimodal question answering model for a
two-stage pipeline.
You will receive:

* The original image (image_path)

* A question (question)

e A short history from stagel_output that in-
cludes:

— <choose>...</choose>: why the Image Re-
triever was chosen

— <image_search>...</image_search> or
<img_search>...</img_search>: the
image path used for retrieval

* Retrieved text evidence in

<evidence>...</evidence>

Your goal

Use the original image together with the retrieved text
evidence as additional knowledge, then answer the ques-
tion again more accurately.

Output ONLY two tags:
Tag 1:
<think> ... </think>

* Briefly describe what matters in the image.

» Use the evidence to fill in the missing knowledge
and complete the reasoning.

* Do NOT put the final answer here.

Tag 2:
<answer> ... </answer>

¢ Output the final short answer ONLY.

* No explanation in <answer>.
Strict format:
e Output tags in this order exactly:

</think>
</answer>

<think> ...
<answer> ...

Stage-2 Image-Based Judge and Rewrite

Prompt

You are a multimodal model used to JUDGE and
REWRITE queries after a Stage-2 image-based answer-
ing attempt.

You will receive:

¢ ONE image (image_path)

* [question]: the question

e [stagel_output]: the Stage-1 routing output
that contains <choose> and <image_search>
(history)

e [evidencel: text retrieved via image retrieval

* [stage2_answer]: the Stage-2 answer produced
after seeing evidence

e [gold_answer]: ground-truth answer (FOR
EVALUATION ONLY)

Interpreting gold_answer:

* gold_answer denotes a set of acceptable answers,
where elements are separated by “I”.

* stage2_answer is CORRECT if it semantically
matches any element of this set.

CRITICAL RULE (trajectory realism):

¢ In real inference, the model does NOT know
gold_answer.

¢ If you output [wrong] and rewrite a query, your
<think> MUST be based ONLY on:

question

image content

evidence

whether stage2_answer is supported

* You MUST NOT mention gold_answer, “ground
truth”, or any comparison to it inside <think>.

Task 1 (offline evaluation):

Decide whether stage2_answer is CORRECT com-
pared to gold_answer (semantic match; ignore case,
punctuation, and minor wording differences).

Task 2 (output):

If CORRECT, output exactly:
[correct]

and NOTHING else.

If WRONG, output exactly:
[wrong]

<caption> ... </caption>
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<think> ...
<text_search> ...
where:

</think>
</text_search>

<caption>

¢ A detailed, faithful description of the image rele-
vant to the question.

* Mention main objects, scene, and visible context.

* Do NOT speculate beyond what is visible.

<think>
¢ Explain what information is missing or unclear.
* Focus on why the current evidence is insufficient.

* Do NOT mention gold_answer or “ground truth”.

<text_search>
* ONE concise natural-language query.
* Do NOT include reasoning sentences.

* Incorporate key terms from the caption and the
question.

* Must be meaningfully different from the previous
retrieval intent.

Output constraints (VERY IMPORTANT):
* Always start with [correct] or [wrong].
* For [correct], output ONLY [correct].
* For [wrong], output ONLY:

[wrong]
<caption> ... </caption>
<think> ... </think>

<text_search> ... </text_search>

* Do not output any other tags, JSON, explanations,
or trailing text.

» Use the evidence to correct or complete missing
knowledge.

e Do NOT put the final answer here.
Tag 2:
<answer> ... </answer>

* Output the final short answer ONLY.

* No explanation in <answer>.
Strict output format (VERY IMPORTANT):
* Output tags in the following order exactly:

<think> ...
<answer> ...

</think>
</answer>

» Each tag must appear exactly once and be properly
closed.

* Do NOT output any other tags.

¢ Do NOT output anything before <think> or after
</answer>.

Even if the information is incomplete or uncertain,
infer and provide the single most likely answer.

Example:

<think>

The image shows a conger eel-like fish.
The evidence states conger eels belong to
the family Congridae, so the closest upper
taxonomy asked by the question should be that
family.

</think>

<answer>

Congridae

</answer>

You are a multimodal question answering model.
The user will send you:

* ONE image (image_path)

* ONE question (question)

e A short history from stagel_output that in-
cludes:

— <choose>...</choose>: why text retrieval
was chosen

— <text_search>...</text_search>: the
rewritten query used for retrieval
¢ Retrieved text evidence in

<evidence>...</evidence>

Your goal
Use the image, the question, and the retrieved evidence
as additional knowledge, then answer the question again.

You must output TWO tags:
Tag 1:
<think> ... </think>

* Briefly describe what you see in the image (only
what matters).

Stage-2 Text-Based Answering Prompt

Stage-2 Text-Based Judge and Rewrite

Prompt

You are a language model used to JUDGE and
REWRITE queries after a Stage-2 text-based answering
attempt.

You will receive:

e [question]: the question

e [stagel_output]: the Stage-1 routing output
that contains <choose> and <text_search>

¢ [evidencel]: retrieved text evidence

¢ [stage2_answer]: the Stage-2 answer produced
after seeing evidence

e [gold_answer]: ground-truth answer (FOR
EVALUATION ONLY)

Interpreting gold_answer:
* gold_answer denotes a set of acceptable answers,
where elements are separated by “I”.

* stage2_answer is CORRECT if it semantically
matches any element of this set.

CRITICAL RULE (trajectory realism):

¢ In real inference, the model does NOT know
gold_answer.

 If you output [wrong] and rewrite a query, your
<think>MUST be based ONLY on:
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— the question
— the evidence
— whether stage2_answer is supported

* You MUST NOT mention gold_answer, “ground
truth”, or any comparison to it inside <think>.

Task 1 (offline evaluation):

Decide whether stage2_answer is CORRECT com-
pared to gold_answer (semantic match; ignore case,
punctuation, and minor wording differences).

Task 2 (output):

If CORRECT, output exactly:
[correct]

and NOTHING else.

If WRONG, output exactly:

[wrong]
<think> ...
<text_search> ...

</think>
</text_search>

where:

<think>
» Explain what is missing, unclear, or mismatched.
» Explain why a new query is needed.

¢ Do NOT mention gold_answer.

<text_search>
* ONE concise natural-language query.
* Do NOT include reasoning sentences.

¢ Must be meaningfully different from the previous
query.

Output constraints (VERY IMPORTANT):
* Always start with [correct] or [wrong].
* For [correct], output ONLY [correct].
* For [wrong], output ONLY:

[wrong]

<think> ...
<text_search> ...

</think>
</text_search>

* Do not output any other tags, JSON, explanations,
or trailing text.

Stage-3 Image-Based Answering Prompt

You are a multimodal question answering model (Stage-
3 answering).
You will receive:

* ONE image (image_path)

* ONE question

« Stage-1 routing history in stagel_output:
— <choose>...</choose> and

— <image_search>...</image_search> (im-
age retrieval was chosen)

¢ Stage-2 context (history):

— [stage2_evidence]: text retrieved via im-
age retrieval
— [stage2_answer]: the Stage-2 answer

— [stage2_judge] or
[stage2_new_caption /
new_text_search_query]:

% a caption of the image
= arewritten text retrieval query

» Stage-3 new retrieved evidence:

— [stage3_new_evidence]: text retrieved

via the rewritten query

Your goal

Use the image, the question, the Stage-2 background evi-
dence, and the Stage-3 new evidence as the most relevant
fresh knowledge, then answer the question again.

You MUST output TWO tags in this exact order:

<think> ... </think>
<answer> ... </answer>
<think>

* Briefly describe what you see in the image (only
what matters).

e Use stage3_new_evidence as the primary fac-
tual source.

* You may use stage2_evidence as supplementary
background.

¢ Do NOT mention gold/ground truth or any evalua-
tion artifacts.

<answer>
¢ Output the final short answer ONLY.

* No extra explanation inside <answer>.
Strict output format (VERY IMPORTANT):
¢ Output tags in the following order exactly:

</think>
</answer>

<think> ...
<answer> ...

» Each tag must appear exactly once and be properly
closed.

¢ Do NOT output any other tags.

* Do NOT output anything before <think> or after
</answer>.

* Even if uncertain, output the single most likely
answer.

Stage-3 Judge Prompt (Image Branch)

You are a multimodal model used to JUDGE Stage-3
answers and, if needed, produce a HARD-LEARNING
forced reasoning trace.

You will receive:

* ONE image (image_path)
e [question]

e [stagel_output]: contains <image_search>

and <choose>

e [evidence_stage2]: text retrieved via image re-
trieval

e [stage2_answer]

* [stage2_judge]: may contain
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— <caption>...</caption>
— <think>...</think>
— <text_search>..</text_search>

* [stage2_new_caption]: image caption used to
rewrite the query (if present)

¢ [new_text_search_query]: rewritten text query
(if present)

[stage3_text_search_query]: the query actu-
ally used for Stage-3 retrieval (if present)

e [stage3_new_evidence]: NEW evidence re-
trieved using the rewritten query

* [stage3_answer]: Stage-3 answer

* [gold_answer]: acceptable answers separated by

‘slw

TASK 1 (OFFLINE JUDGMENT):
Decide whether stage3_answer is CORRECT com-
pared to gold_answer.

CRITICAL CORRECTNESS RULES:

e gold_answer is a SET of acceptable answers sep-
arated by “I”.

* stage3_answer is CORRECT if it semantically
matches ANY ONE option.

 Ignore case, punctuation, whitespace, and minor
wording differences.

¢ Allow standard normalization (e.g., units, round-
ing).

OUTPUT FORMAT CONSTRAINTS (VERY IM-
PORTANT):

* For [correct], output ONLY [correct].

* For [wrong], output ONLY [wrong].

* No extra text, no additional tags, no JSON.

Stage-3 Text-Based Answering Prompt

You are a multimodal question answering model.
The user will send you:
* ONE image (image_path)

* ONE question (question)

History (trajectory):
» Stage-1 output (stagel_output) that may in-
clude:

— <choose>...</choose>: why a retriever was
chosen

— <text_search>..</text_search>: the
rewritten query used for Stage-2 retrieval

* Stage-2 attempt summary:

— stage2_answer: the answer produced at
Stage-2

— stage2_new_think: why information was
still insufficient (if any)

— new_text_search_query: the rewritten
query for Stage-3 retrieval (if any)

New retrieval for Stage-3:

¢ stage3_text_search_query: the query used to
retrieve new evidence

e stage3_new_evidence in
<evidence>...</evidence>

Your goal:
Use the image, the question, all history, and the NEW
evidence as additional knowledge, then answer the ques-
tion again.

You must output TWO tags:

<think> ... </think>
<answer> ... </answer>
<think>

* Briefly describe what you see in the image (only
what matters).

Use the NEW evidence to correct or complete
missing knowledge.

* You may refer to the history to understand what
was missing before.

¢ Do NOT put the final answer here.

<answer>
¢ Output the final short answer ONLY.

* No explanation in <answer>.
Strict output format (VERY IMPORTANT):
¢ Output tags in the following order exactly:

<think> ...
<answer> ...

</think>
</answer>

» Each tag MUST appear exactly once and be prop-
erly closed.

¢ Do NOT output any other tags.

¢ Do NOT output anything before <think> or after
</answer>.

* Even if the information is incomplete or uncertain,
infer and provide the single most likely answer.

Additional restriction:
e Do NOT output <entity>, <text_search>,

<choose>, <evidence>, or [correct]/[wrong]
tags.

Stage-3 Judge Prompt (Text Branch)

You are a multimodal model used to JUDGE Stage-3
answers and, if needed, produce a HARD-LEARNING
forced reasoning trace.

You will receive:

* ONE image (image_path)
e [question]

e [stagel_output]

e [evidence]

¢ [stage2_answer]

¢ [stage2_judge]

e [stage2_new_think]
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¢ [new_text_search_query]
* [stage3_new_evidence]
¢ [stage3_answer]

* [gold_answer]: acceptable answers separated by

“l”

TASK 1 (OFFLINE JUDGMENT, IMPORTANT):
Decide whether stage3_answer is CORRECT com-
pared to gold_answer.

CRITICAL CORRECTNESS RULES:

* gold_answer contains a SET of acceptable an-
swers separated by “I”.

o If stage3_answer semantically matches ANY
ONE option, it is CORRECT.

* Ignore case, punctuation, whitespace, and minor
wording differences.

¢ Allow standard normalization (units, simple for-
matting, rounding).

» If the answer is essentially correct, choose
[correct].

* [correct] is preferred whenever the answer
matches.

TASK 2 (OUTPUT):

If CORRECT, output exactly:
[correct]

and NOTHING else.

If WRONG (HARD LEARNING), output exactly:
[wrong]
and NOTHING else.

OUTPUT FORMAT CONSTRAINTS (VERY IM-
PORTANT):

* For [correct], output ONLY [correct].

* For [wrong], output ONLY [wrong].

* No extra text, no additional tags, no JSON.

H Case Studies: Trajectory Patterns and
Failure Modes

We present qualitative case studies to show how
our search-agent framework handles different KB-
VQA situations. The examples cover five success-
ful trajectory patterns and two common failure
modes. Together, they illustrate how the model
decides when to answer, when to retrieve, which
tool to use, and how to refine a query based on what
is missing.

Direct answering without retrieval. Some ques-
tions can be answered directly from the image with-
out external knowledge. Figure 4 shows such a
case. The model recognizes the landmark and out-
puts the correct country immediately. Since no
retrieval is triggered, the trajectory stays short and
avoids unnecessary tool calls.

Single-step image retrieval. In some cases, the
image alone is not enough, and the key entity is
not confidently identifiable. In Figure 5, the model
chooses image retrieval, obtains textual evidence
describing the food, and then answers correctly.
This case shows why image retrieval is useful when
entity recognition from the image is uncertain.

Single-step text retrieval. When the model can
recognize the entity but lacks a specific fact, it trig-
gers text retrieval. Figure 6 illustrates this pattern.
The model identifies the mountain but does not
know its highest peak, so it issues a targeted query
and answers correctly after reading the retrieved
evidence.

Image retrieval followed by caption-guided text
retrieval. Some questions require both visual
grounding and factual lookup. Figure 7 shows
a two-step trajectory. The model first performs
image retrieval to identify the animal species. It
then writes a short caption that describes visible
attributes and uses it to form a more precise text
query. With the new evidence, the model fills the
missing background knowledge and answers cor-
rectly.

Multi-step text query refinement. Figure 8§
presents a case where one retrieval is not sufficient.
The first query does not return the required attribute,
so the model rewrites the query into a more spe-
cific one. This pattern shows that the agent does
not blindly repeat retrieval. Instead, it adapts the
query based on what information is still missing.

Failure mode I: correct retrieval but incorrect
reasoning. Figure 9 shows a case where the re-
trieval step itself is successful, but the final an-
swer is still wrong due to a reasoning error. The
retrieved evidence contains multiple numerical at-
tributes about the building, including both its phys-
ical height and its elevation above sea level. How-
ever, the question explicitly asks for the height
above sea level. The model mistakenly selects the
tower height instead of the elevation value. This
example illustrates that even when the correct infor-
mation is present in the evidence, the model may
still fail if it does not correctly align the question
intent with the relevant attribute. This type of error
highlights the importance of separating retrieval
quality from reasoning quality.

Failure mode II: incorrect retrieval. Figure 10
presents a failure caused by incorrect or mis-
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What country does this
place belong to?

<think>

The image shows Minar-e-Pakistan,
a famous monument located in
Lahore, Pakistan. The question
asks which country this place

belongs to, so the answer should be
Pakistan.So the answer is Pakistan
</think>

<answer>Pakistan</answer> o

Search o
Agent e

Figure 4: Direct answering without retrieval. The model
correctly identifies the landmark and answers the ques-
tion based solely on visual information, without invok-
ing any external tool.

matched retrieval. Although the model identifies
the organization name from the image, the retrieved
evidence corresponds to a different or loosely re-
lated entity. As a result, the evidence does not
contain the required information about the target
organization’s product. The model therefore pro-
duces a vague or incorrect answer. This case shows
that inaccurate retrieval can directly propagate into
answer errors, even if the subsequent reasoning
steps are well-formed. It also emphasizes the need
for precise entity grounding and careful query for-
mulation in knowledge-based visual question an-
swering.

Summary. These examples suggest that KB-
VQA is hard to solve with a fixed pipeline. Differ-
ent questions call for different amounts of retrieval
and different tool choices. By making decisions ex-
plicit and supervising multi-stage trajectories, our
framework helps the model learn not only how to
answer, but also how to search, how to refine a
query, and when to stop.
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<think>

The information in the image is insufficient to

answer the question directly, and I cannot

identify the key entity related to the ques-

tion from the image, so I will use the image

search tool.</think> Search
<image_search>image_path</image_search> Agent

/ Input \

<evidence>..The Italian sandwich originated
in several different Italian American
communities in the Northeastern United
States from the late 19th to mid-20th
centuries. The popularity of this Italian-
American cuisine has grown from its origins in
Connecticut, Pennsylvania, Delaware, Maryland,
New York </evidence>...

What is the country of origin of
this food? <think>From the retrieved context, I know that
submarine sandwich has a rich history originating
in several different Italian American communities
z in the Northeastern United States from the
= late 19th to mid-20th centuries. </think>
<answer>United States</answer>e”

Search
Agent

Figure 5: Single-step image retrieval. The model cannot confidently identify the food from the image, triggers
image-based retrieval, and answers correctly using the retrieved evidence.

<think>The information in the image is

insufficient to answer the question directly,

but I recognize that the key entity related

to the question is mountain Dents Blanches. &)
Therefore, I will rewrite a query based on R
the entity mountain peak and use the text earch
search tool.</think> Agent
<text_search>What is the highest point of

Dents Blanches?</text_search>

<evidence>..The Dents Blanches (from
French, lit. White Teeth) is a mountain in
A the Chablais Alps on the Swiss-French
Search | ponder. Tt is composed of several summits
Tool of which the Dent de Barme is the highest.
where is the highest point of this The main summits... </evidence>
mountain?

<think>The image shows a mountainous landscape

with a clear view of the surrounding peaks. The

evidence indicates that the highest point of the
'é‘ Dents Blanches is the Dent de Barme, which is i
part of the Dents du Midi range.</think> Search
<answer>Dent de Barme</answer> & Agent

Figure 6: Single-step text retrieval. The model recognizes the mountain but lacks specific knowledge about its
highest point, so it generates a targeted text query and answers correctly after retrieval.
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<think>The image shows a rabbit, but T
cannot confirm its specific species., so I will
use the image search tool.</think> s,
) . ) earch
<image_search>image_path</image_search> Agent

Which country Z
/' does this animal | =,
come from?

) <evidence>..The Angora rabbit (Turkish:
Ankara tavsani), which is one of the oldest
Search | Types of domestic rabbit, is bred for the long

Tool fibers of its coat, known as Angora wool...
</evidence>

:: N <evidence>..The Angora is said to have
: %\ originated in Ankara (historically known as

<think>The content retfrieved by the image
search tool does not contain information that
can directly answer the question, but the
returned results indicate that this is an Angora
rabbit. I need to generate a caption for the
image and rewrite the text search query based
on both pieces of information.</think>
<caption>A fluffy white rabbit is sitting next to a
person wearing blue jeans. The rabbit has long,
dense fur and distinctive appearance.</caption>
<text_search> Which country does this long-
haired, fluffy rabbit breed, identified as an
W;ora rabbit, originate from? </text_search>

Angora), in present-day Turkey, and is known
to have been brought to France in 1723...

T
& ool </evidence>

<think>The image shows a fluffy white rabbit,

which is identified as an Angora breed. The

question asks about the country where this ty- g
pe of rabbit comes from. The stage2_evidence( seqrch
provides information about the origin of the Agent
Angora rabbit, stating that it originated in
Ankara (historically known as Angora), in
present-day Turkey.</think>
<answer>Turkey</answer> &/ /

Figure 7: Two-step trajectory with caption-guided refinement. The model first performs image retrieval to identify
the animal species, then generates a visual caption to support a more precise text query, and finally answers correctly.

Input

“think>The information in the image is 2
insufficient to answer the question directly,
but I recognize that the key entity related to
the question is Yellow-crowned night heron.
Therefore, I will rewrite a query based on Search
the entity Yellow-crowned night heron and us: Agent
the text search tool.</think>
<text_search>What is the closest parent O e s
taxonomy of the Yellow-crowned night heron? - - -
</text_search> <evidence>..Nyctanassa is a genus of night

- herons from the Americas, especially (but not
exclusively) warmer coastal regions. They were
formerly included in the genus Nycticorax, but
today all major authorities recognize them as
different. The name comes from Ancient
Greek words for "night" and "lady" or "queen",
referring to the yellow-crowned night heron's
nocturnal activity and its beauty... </evidence>

~ What is the closest | A~
S| parenf faxonomy of | =
this bird?

(Nyctanassa violacea), is one of two species
of night herons found in the Americas, the
other one being the black-crowned night
heron. It is known... </evidence>

Search

<evidence>...The yellow-crowned night heron !
Tool E

<think>The content retrieved by searching
'What is the closest parent taxonomy of the
Yellow-crowned night heron?' does not contain :
; N . Search!
information that can answer the question, so T Agent |
need to rewrite the query again.</think>
<text_search>What is the genus of the yellow-
crowned night heron?</text_search>

<think>The image shows a bird identified as a
yellow-crowned night heron. The new evidence
confirms that the yellow-crowned night heron

belongs to the genus Nyctanassa, which is part | Search
of the family Ardeidae. The question asks for | Agent
the closest parent taxonomy, which is the genus
level.</think>

canswer>Nyctanassa</answer> &

Figure 8: Multi-step text query refinement. The initial query fails to return the required attribute, so the model
reformulates the query into a more specific one and answers correctly after the second retrieval.
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What is the height of this
building in terms of metre
above sea level?

&

<think>

The information in the image is insufficient to
answer the question directly, and I cannot
identify the building related to the ques-tion
from the image, so I will use the image search
tool.</think>
<image_search>image_path</image_search>

Search
Tool

s

Search
Agent

<evidence>... Nuremberg Castle... Sinwell
Tower was built in the 2nd half of the 13th
century and had a height of 15
meters..Elevation above sea level. 334 m
</evidence>

<think> Nuremberg Castle is a historic fortress
located on a sandstone ridge. The text mentions
that the Sinwell Tower was built in the 2nd half
of the 13th century and had a height of 15
meters. This suggests the building in the image is
the Sinwell Tower. </think>

<answer>15</answer> ¥

Search
Agent

Figure 9: Failure mode I: correct retrieval but incorrect reasoning. Although the retrieved evidence contains the
correct value, the model selects the wrong attribute due to a misunderstanding of the question.

i Input

<think> The information in the image is

and use the text search tool.</think>

produce </text_search>

insufficient to answer the question directly, '
but I recognize that the key entity related :
to the question is Jetairfly. Therefore, I will H
rewrite a query based on the entity Jetairfly| Search !

<text_search> What product does Jetairfly

2

What product does

s dewsie, oo™ this organization r-]
produce?
A =

</evidence>

<evidence>... JetBlue Travel Products, a !
subsidiary created in 2018, consists of the =
JetBlue Vacations brand and other non-air |
travel products including travel insurance...

<evidence>..In May 2018, JetBlue Travel
Products moved to Florida, with JetBlue
Vacations as its top travel product. Mint is
JetBlue's business class product, and was
originally available... </evidence>

<think> The content retrieved by searching

<think> The image shows a Boeing 767 aircraft
with the livery of Jetairfly. The question asks

'What product does Jetairfly produce?' does
not contain information that can answer the
question, so I need to rewrite the query
again.</think>

<text_search>What product does Jetairfly
produce besides aircraft?</text_search>

Agent

Search :

about the product produced by the organization
associated with this airline. The previous
attempts focused on finding information about
Jetairfly's products, but the evidence provide:
did not specify any products beyond the
aircraft itself. The new evidence does not
seem to add any new information regarding
Jetairfly's products.</think>
<answer> Aircraft </answer>3

@)
Sch

Agent

Figure 10: Failure mode II: incorrect retrieval. The retrieved evidence is about a different or loosely related entity,
preventing the model from obtaining the required knowledge and leading to an incorrect answer.
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