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Abstract. Reasoning agents increasingly rely on external tools such as
web search to answer complex queries. Reinforcement learning (RL) fine-
tuning algorithms such as GRPO have improved long-form reasoning
in text-only language models, particularly for coding and mathematics.
Reliable tool use in multimodal agents, however, remains challenging
because models must interpret text and images while integrating noisy
retrieved evidence, often under sparse outcome-level supervision without
explicit verification signals. We present Self-Verification via Reinforce-
ment Learning (SVRL), an RL-only finetuning framework that trains
multimodal agents to verify and filter retrieved evidence within their
own reasoning traces, reducing reliance on external verifiers at infer-
ence time. SVRL also introduces a search-aware penalty that discour-
ages unnecessary tool calls and a query-diversity reward that encourages
diverse, well-formed search queries, providing fine-grained feedback on
when and what to search. Finetuning Qwen-2.5-VL-7B with SVRL on
only 5,000 visual question answering examples yields consistent gains
in multi-hop VQA generalization and tool efficiency across benchmarks.
Overall, SVRL narrows the gap between compact agents and much larger
proprietary models while requiring substantially lower training and in-
ference cost.

Keywords: Large Language Models - Large Multimodal Models - Re-
inforcement Learning - Visual Question Answering - RL Finetuning -
Group Relative Policy Optimization - Test Time Scaling

1 Introduction

Multimodal large language models (MLLMs) are evolving from static perception
systems into interactive agents that combine vision and text modalities with
external tool use. Commercial models such as ChatGPT and Gemini, can inter-
pret images and invoke actions such as web search or code execution [11[17], but
their training data, alignment objectives, and tool-use policies are largely pro-
prietary, limiting scientific control and reproducibility. In open-source MLLMs,
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Fig. 1: Multi-hop tool-augmented VQA example and common pitfalls. The question
requires identifying the bird and retrieving its incubation period (18-19 days).

capability is commonly built through visual instruction tuning , data-
driven self-supervision for tool invocation , and preference-based optimiza-
tion [9,[37,[39,[58]. More recently, RL finetuning has re-emerged as a practical
route to improving long-horizon reasoning in language models, aided in part
by domains with automatic verifiers such as code execution and formal mathe-
matics . Extending these gains to multimodal tool use is substan-
tially more challenging because retrieved tool outputs are unstructured, and thus
rarely admit reliable automatic verifiers.

To study this setting, we use multi-hop visual question answering (VQA)
as a concrete instantiation of tool-augmented multimodal reasoning, where a
model answers a natural-language question grounded in an image. In knowledge
intensive benchmarks such as InfoSeek and OK-VQA, the image alone is often
insufficient to answer a question: the model must recognize visual entities and
retrieve missing facts from external sources . This produces multi-
hop reasoning over perception, tool calls, and noisy evidence integration, similar
to visual information seeking and active inference processes I@ Figure
shows a running example in this regime and highlights representative pitfalls we
repeatedly encounter in practice. We discuss them below.

First, agents are often poorly calibrated about when search is needed. They
may fail to invoke tools when external evidence is necessary or invoke them even
when the answer is available from internal knowledge. We analyzed multi-hop
reasoning traces produced by MMSearch-R1, an existing GRPO-based finetuning
method, on a 2,000-example subset of FVQA . In our analysis, search was
required but not invoked in over 10% of cases, while over 30% of cases triggered
unnecessary search. Figure [ID]illustrates one such failure mode where a tool call
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was necessary, but never made. Prior work emphasizes on-demand tool use and
the accuracy-cost tradeoff, suggesting that deciding when to search is itself a
core part of the problem [24,[25}|52].

Second, even when search is warranted, tool outputs are noisy and require
filtering. Retrieved pages can be irrelevant, outdated, or internally inconsistent.
Without an explicit verification mechanism, models may copy the first plausible
snippet, ignore disconfirming evidence, or fail to reconcile conflicts (Figure .
In our analysis of MMSearch-R1, nearly 45% of retrieved results were irrele-
vant. Even when the agent issued an appropriate query and the returned results
contained relevant evidence, it answered incorrectly in over 28% of cases. Prior
visual web agents report similar failure patterns under clutter and distractors,
often using additional re-ranking or verification stages to mitigate them. These
stages add computation, latency, and cost, and can become a deployment bot-
tleneck [18}24}36].

Third, learning reliable tool use is difficult under sparse supervision. Many
pipelines provide only an outcome-level reward for the final answer, leaving in-
termediate decisions (what to search, which result to open, what evidence to
trust, when to stop) unlabeled. As a result, distinct failure cases can receive
the same terminal penalty, making credit assignment brittle when step annota-
tions are scarce. This sparsity also interacts poorly with GRPO: if all rollouts
in a group receive the same reward, the within-group variance collapses and
the standardized advantages provide little to no learning signal |13|. Consistent
with this, 19.5% of MMSearch-R1’s text search queries are irrelevant, derailing
trajectories early and reducing the information in the final GRPO correctness
reward.

Motivated by these issues, we introduce Self-Verification via Reinforcement
Learning (SVRL), an RL-only finetuning algorithm for tool-augmented multi-
modal agents. Section [2]situates SVRL relative to prior work. Section [3] presents
the SVRL objective and training procedure, and Section [4] and Section [f re-
port results on in-distribution and out-of-distribution benchmarks, supported
by qualitative examples and tool-use analyses. We also include preliminary test-
time scaling experiments that increase the number of candidate search queries
during inference, to achieve higher accuracies.

Our main contributions are:

1. Fine-grained search control. We augment the GRPO objective with re-
ward terms that discourage unnecessary search and reward informative, di-
verse query proposals. This provides fine-grained trajectory-level feedback
that targets both when to search and what to search for.

2. Self-verification for evidence filtering. We elicit structured verification
scores over retrieved items within the agent’s reasoning trace and optimize
them as part of the RL objective. These scores make evidence selection and
filtering explicit and learnable, and are applied at inference without any
external verifier.

3. Stable optimization and test-time query scaling. We adopt Dr. GRPO
to stabilize optimization under trajectory-dependent rewards. We further
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show that increasing the number of candidate search queries at inference
improves accuracy, indicating that SVRL supports effective test-time scaling
of search.

2 Related Work

Visual Question Answering. VQA spans early vision-language architectures
and large-scale dataset-driven learning, and has evolved toward settings that re-
quire compositional reasoning, reading text, and incorporating external knowl-
edge [2,/19,[231/26,47]. Knowledge-intensive and multi-hop benchmarks such as
OK-VQA, A-OKVQA, InfoSeek, WebQA, and LiveVQA further stress evidence
acquisition and aggregation beyond the image [4}[8/16,35,45]. Our work tar-
gets this regime: we train on FVQA (as released in MMSearch-r1) and evaluate
both in- and out-of-distribution, emphasizing tool-mediated multi-hop behavior
rather than single-pass perception [24}52].

LLM finetuning for tool use. Modern MLLM pipelines typically start from
pretrained transformer language-model backbones [3,48| and acquire interactive
behavior through instruction tuning [1132)50] and prompting that elicits explicit
intermediate reasoning [51]. For knowledge-intensive QA, retrieval-augmented
generation (RAG) injects retrieved context into the model input [29]; we report
a RAG workflow baseline in Table[2]to separate the benefits of always-on retrieval
from selective, agentic search. Tool use itself can be induced from data [43,55] and
further aligned with preference-based objectives [37,[39]. Reinforcement learning
finetuning has recently shown strong gains on long-horizon reasoning in language
models [12,/44./46], and concurrent multimodal systems apply RL to improve web
search behavior [25})361/52]. SVRL builds on this direction, but targets calibrated
search decisions and explicit evidence filtering under noisy retrieval via fine-
grained trajectory rewards that make tool-use errors more distinguishable during
optimization.

Verification, reward design, and test-time scaling. Reliability is also im-
proved by spending more compute at inference time (e.g., self-consistency and
search branching) [49,/54], or by adding external re-ranking and verification
stages in web-based agents [18/[22l[24]. Complementary lines study process-level
supervision and verifier training for long-horizon reasoning [10/31], as well as
stabilization variants for RL finetuning [34}/56]. Closest to our emphasis on ver-
ification signals are recent works that introduce explicit grounding, but these
approaches differ in source of supervision, target task and modality, or where
verification is applied in the pipeline [7}[14,/42]. SVRL focuses on making verifi-
cation and filtering behaviors learnable from compact multimodal rollouts while
keeping inference free of external verifiers, and we empirically study how this
interacts with GRPO-style learning dynamics under trajectory-level rewards.
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3 Self-Verification via Reinforcement Learning

In this section, we present SVRL, a Reinforcement Learning based finetun-
ing framework for multimodal agents. We formalize the setting and objective,
introduce two algorithmic modifications for trajectory-level rewards and self-
verification, and discuss practical considerations for stable training.

3.1 Preliminaries

Visual Question Answering (VQA). We consider a VQA dataset D of
triples (I, q,y*), where I is an image, ¢ is a natural-language question about the
image, and y* is the ground-truth answer. While some instances can be answered
directly from the image, we focus on multi-hop questions that require external
knowledge and tool use (see Figure [1]) [2}[8L[35L45].

Multimodal reasoning as policy optimization. Our primary goal is to im-
prove a multimodal agent’s tool-use and reasoning capabilities at inference time.
Given an input (I, q), we view the model as a stochastic policy 7y that gener-
ates a trajectory 7 consisting of T intermediate reasoning steps s;.7 and a final
answer y, i.e., 7 = (s1.7,y). The trajectory likelihood factorizes as

T
mo(7T | I,q) = (Hﬂg(st | I,q,5<t)> mo(y | I,q,s<7). (1)

t=1

Each step s; = (I, at, pt) is a structured format and may contain (i) a natural-
language reasoning l; within <reason>...</reason> tags and (ii) an action a;
(e.g., a tool invocation or emitting the final answer) with optional tool parame-
ters p;. A representative multi-step reasoning process can be seen in Figure
We follow the tool set and formatting conventions of MMSearch-R1 throughout
this paper for simplicity [52].

Group Relative Policy Optimization (GRPO). We finetune my with RL
to maximize a trajectory-level reward R(7), regularized by a KL penalty to a
fixed reference policy 7y

ref *

max B (7 g o |Bromy (11,0 [R(T)] = B Dice(mo(- | 1,) [ 70,0, (- | I,q))]

GRPO is a PPO-style optimizer that estimates advantages from groups of on-
policy rollouts without a learned value function [44,46]. For each (I, q), we sample
a group 75¢ using a behavior policy o4, compute standardized group advan-
tages A; from {R(r()}¥ |, and apply the clipped surrogate PPOClip(r, A) =
min(rA, clip(r, 1 —¢, 14+€) A) with an importance ratio r;(8) = o (7)) /g, (7):

meax ]ED ]ETI:G

G
é > " PPOCIip(r;(6), A;) — 8 Dyr(mo | Weref)] (2)

i=1
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3.2 When and What to Search?

Humans typically decide whether to search and how to phrase a query by trad-
ing off expected information gain against time and effort, consistent with ideas
in rational metareasoning and information foraging [38l/41]. We reflect this intu-
ition by augmenting the GRPO maximization objective with search-aware and
query-diversity rewards, so trajectory returns depend explicitly on when search
is invoked and on the quality of the proposed queries. We begin from the RL fine-
tuning setup in MMSearch-R1 [52], which trains a multimodal agent to use text
and image search with a reward of the form rpase = (1 — @) Tace * T'search + @ Ttmt-
Here, 7, is exact-match accuracy against the ground-truth answer, rgy, enforces
a valid action format (common in RL finetuning of reasoning models) [12], and
T'search discourages excessive tool calls to reduce cost and latency.

Tool calibration (when to search). A uniform step-style penalty is well
motivated when learning a policy from scratch (RL navigation, manipulation,
etc), but it can be sub-optimal when finetuning a pretrained model that already
answers a subset of questions without tools. Penalizing search uniformly can
also suppress necessary tool use, since it does not distinguish avoidable search
from required search. We therefore construct a search-aware factor using the
pretrained model as a weak competence prior. Concretely, for each training input
(I,q) we run a single forward pass on the model without tools to obtain §; if § =
y*, we label the instance as search_free. During RL rollouts, we downweight
trajectories that invoke a search tool on a search_free instance:
{)\sa if search_free and a search tool is called,
Taware = .
1 otherwise.

In our experiments, we set A\sz = 0.1 and replace the baseline search penalty
with raware. This targets avoidable tool calls while preserving the incentive to

search when needed. Empirically, it improves both the accuracy—search tradeoff
and overall tool calibration (Table [} Figure [5)).

Query diversity (what to search). We additionally find that text-search
queries produced by the agent are often underspecified, even when search is nec-
essary. To encourage better query formulation, we prompt the model to propose
k candidate queries and randomly execute one of the valid, unique queries. Let
k < k denote the number of unique queries that are produced in the required
format. We define a query-count factor

1, if the rollout makes no text-search call,
Tcount =

max(e, k/k), otherwise,

where ¢ > 0 is a small floor to avoid degenerate zero reward when no valid
queries are produced. We incorporate 7count multiplicatively into the task term
of the reward, so rollouts are explicitly differentiated by the number of usable



Self-Verification via Reinforcement Learning 7

P Corvus albus egg ~
How many days is the egg incubation period in days 7
incubation period of this bird?

2 Incubation period of this .
* 7 M bird in the image ® ) R
-19 days
«+.| Qwen2.5-VL-7B
% How many eggs are laid by </answer>
pied crow
2 -+ 77,\\'
) 3 ey Pied crow incubation
Lt % o, . egg G

period

Fig. 2: Test Time Verification. We demonstrate the need for verification of search
queries and tool outputs via an external verifier. GPT-5 filters incorrect search queries
and tags noisy web page snippets. With this verification process and no additional
model finetuning, we observe improvements in multi-hop VQA performance.

query proposals. This encourages the agent to generate multiple well formed, di-
verse queries, improving the specificity of search intent and downstream evidence
retrieval.

3.3 Verifying Search Results

Web retrieval is noisy: search results can be irrelevant, outdated, or internally
inconsistent. Drawing on signal-detection and source-monitoring views of vali-
dation under uncertainty [201/27], we make evidence filtering explicit by training
the agent to score the usefulness of retrieved items and suppress misleading snip-
pets. This targets a common failure of GRPO-finetuned compact agents, which
often over-trust early snippets and aggregate brittle evidence, consistent with
prior web-based multimodal agents 18|24} 36].

Test Time Verification. To quantify the benefit of denoising, we introduce an
external verifier at inference time. Specifically, we use a stronger text-only model
(GPT-5) to filter both query candidates and retrieved snippets without access to
the ground-truth answers. For each input (I, q), we generate multiple candidate
text queries from the base agent (via repeated decoding with temperature = 1),
and ask the verifier to retain only the queries that are likely to retrieve relevant
evidence. We then run text search using the retained queries and ask the verifier
again to select useful snippets given the original (I, ¢) and the retrieved context
(Figure . This test-time filtering consistently improves final accuracy while
keeping the answering model fixed, which isolates the error source to noisy tool
outputs and weak evidence selection (See Table .

Self- Verification. Test-time verification improves accuracy but is computa-
tionally expensive and reduces the deployment advantage of compact agents.
Our goal is to recover these gains without any external verifier at inference time.
We do so by eliciting self-verification inside the agent’s reasoning trace (Figure|3))
and optimizing it directly during RL finetuning. Concretely, for each input (1, q)
the agent (i) proposes multiple candidate text-search queries and (ii) assigns a
structured binary usefulness vector to retrieved items, e.g., <verify> 0,1,0,1
</verify>, together with a short natural-language justification.
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Source 1 contains conflicting )

How many days is the egg evidence .. 2, 3 agree on the egg incubation search_aware = 1
incubation period of this bird? ﬁ Qwen2.5-VL-7B period of pied crow </reason> query_align =1
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sources 1 and 3 are likely to be helpful since
\ they explicitly mention the answer ...

v
/‘r W s - O Ground Truth Answer: <gt_verify> 1,0,1,0 </gt_verify>

18-19 days

Fig. 3: Self-Verification via oracle feedback during finetuning. GPT-5 is used as the
oracle verifier that receives the same web snippets as the model and additionally the
ground truth answer. The verifier then annotates each web snippet based on the utility
towards inferring the correct answer. This verifier is discarded during inference.

To avoid reward-hacking from additive shaping terms (Section , we keep
verification supervision modular and apply it only when the final answer is
correct. Let ruware and 7eount denote the search-calibration factors from Sec-
tion [3:2] We introduce two additional alignment factors, both supervised at
training time by an external verifier that scores queries and snippets: Tqalign
measures agreement between the agent’s query proposals and verifier labels of
which proposed queries are useful, and 7ga1ign measures agreement between the
agent’s snippet-level self-scores and verifier labels of which retrieved items con-
tain answer-supporting evidence. We combine these terms into a single SVRL
factor,

Tsvrl = Taware * Tcount * T'qalign * T'salign- (3)

Let 7acc € {0,1} denote exact-match correctness and rge € [0,1] denote the
format reward. Our final trajectory reward is

(1) = (1 — @) Pace(T) et (T) + @ Poine (7). (4)

During training, we obtain the query and snippet labels using a verifier model
with access to the ground-truth answer y*, which is necessary to robustly handle
aliases and paraphrases beyond string matching. We then finetune the agent so
that its self-verification scores align with these labels. Figure [3] illustrates the
SVRL scores for a sample reasoning trace. The verifier is discarded at inference
time, where the agent must perform verification and filtering on its own. Finally,
we incorporate Equation []into the KL-regularized GRPO objective by replacing
the trajectory reward R(7) with our r(7):

max Ky qy)~p [ET~F9(~|I,q) [r(7)] = B Dxu(mo(- | 1,q) || 7o, (- | 1, Q))} (5)

This yields a structured, fine-grained, trajectory-level learning signal that targets
query quality and evidence filtering, improving tool integration and accuracy in
Table [I] and Table 2] Algorithm [I] summarizes the SVRL finetuning algorithm
discussed in this section.
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Algorithm 1 SVRL finetuning

Require: Dataset D, system prompt S, train-time verifier G, policy mg, search tools
T, format weight «, group size G

1: Self-labeling.

2: for all (I,q,y*) € D do

3 g+ m(S,1,q) > single pass; no tool calls

4: L1, q) < I[g =y~ > 1 iff search_free

5: end for

6

7

8

: RL finetuning with Dr.GRPO.
: while not converged do
Sample minibatch B C D

for all (I,q,y") € B do
10: Sample rollouts {7V} ~ o, (- | S, 1,4;T)
11: for i=1to G do
12: Parse 7 — (y,p,v) > answer, tool params, self-verification
13: v* <« G(I,q,y",p) > train-time verification labels
14: Tsvr1 < [search_aware({(1,q), 7)) - [query_count(r®) > Section
15: Tevrl < T'syr1 -|query_align(v,v™) -[snippet_align(v,v™) © Section
16: P (1 — @) -[ace_scorel- Tsyr1 + « -[format_score
17: end for
18: Update 0 using {(7",r))}%.| > group advantages + Dr.GRPO objective
19: end for

20: end while

3.4 Practical Considerations

Reward diversity for GRPO. GRPO estimates group-relative advantages by
normalizing rewards within a rollout group for each input (I, ¢) (subtracting the
group mean and dividing by the group standard deviation) [46]. If all rollouts in
a group receive the same reward, there is no relative preference signal and the
resulting update becomes uninformative; if the within-group reward dispersion
is very small, the normalization is poorly conditioned and gradients can become
noisy. With the baseline reward rpase (Section , we often observe near-tied
groups because trajectories share the same correctness and similar tool-use pat-
terns. In contrast, rgyy varies with query formulation, retrieved snippets, and
verification outcomes, increasing within-group reward dispersion and yielding
more informative advantages. Empirically, this lets us use a smaller group size
(G = 4) than prior work (MMSearch-R1 uses G = 8), improving throughput on
a single 8x A100 node.

Dr. GRPO for training stability. In early experiments, vanilla GRPO exhib-
ited unstable optimization, including intermittent spikes in actor gradient norms
and drift in response length (Figure. We therefore adopt Dr. GRPO, which re-
moves normalization factors in the update (for example, standard-deviation and
length normalization) that can amplify gradients under trajectory-dependent re-
wards [34]. We use Dr. GRPO for all SVRL variants reported in Table [1] and
Table
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Fig.4: SVRL yields more stable RL finetuning dynamics. Mean over 3 seeds
with +1 standard deviation shown. All runs use 400 steps, batch size 32, group size
4, and multi-turn tool-use trajectories. SVRL is compared against MMSearch-R1++
(MMSearch-R1 reproduced with ReAct-style prompting [52,/55]). (a) training perfor-
mance, (b) search ratio, (c) policy gradient norm, and (d) response length.

LLM-judge rewards and reward hacking. We also tried replacing exact-
match correctness with an LLM-judge reward during training (Qwen3-32B com-
paring y to y*). Although judge rewards could tolerate aliases, they were vul-
nerable to reward hacking: the policy increased answer verbosity and began
to output hedged or multi-answer responses that judges sometimes scored favor-
ably despite the answers themselves being non-committal. This is consistent with
known judge failure modes [21}/33]/37,/57]. We therefore use exact-match correct-
ness for training, and reserve LLM judges for evaluation-time scoring (following
the benchmark protocol). For reward shaping, we found additive mixtures of
shaping terms to be easier to exploit (partial credit despite incorrect answers), so
we gate fine-grained signals by correctness via the multiplicative factor racc.rsvrl-
Another instance of reward hacking occurred in the query-alignment ablation
without the search-aware factor. Although query alignment is gated by correct-
ness, the model learned to invoke search on nearly every example to maximize
the query-alignment reward while still producing correct answers. Adding the
search-aware factor reduced unnecessary search, while the full self-verification
objective further improved both accuracy and tool efficiency (Table .

4 Experimental Setup

Models. Our primary experiments use the base Qwen2.5-VL-7B-Instruct back-
bone which we finetune with our method and evaluate on all benchmarks. We
further re-implement and finetune with the baseline GRPO method presented
in MMSearch-R1 and an improved method MMSearch-R1++ that replaces the
original system prompt with a ReAct based prompt [52]. Additionally, for strong
comparison to modern LLMs, we also report inference-time results for GPT-40
across the datasets used.

Datasets. We train Qwen-2.5-VL-Instruct with our algorithm on the Factual
VQA (FVQA) dataset. FVQA contains a mix of direct-answer questions and
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Table 1: Ablations on finetuning with GRPO. Acc (%) denotes LLM-as-Judge accu-
racy. SR (%) denotes search ratio. Details in Section

Model ‘ FVQA-test ‘ InfoSeek

‘ Acc SR ‘ Acc SR
MMSearch-R1 51.1 64.2 49.8 63.5
MMSearch-R1+-+ 56.4 80.3 55.1 59.7
SVRL-query-align 57.7 97.6 58.2 98.0
SVRL-LLM-judge 58.1 36.7 58.0 50.6
SVRL-search-aware 59.9 80.3 57.0 85.8
SVRL-ttv 60.6 80.3 58.3 85.2
SVRL-self-verification 64.2 61.3 64.7 59.2

multi-hop questions that require tools, which helps RL avoid degenerating into
tool use on every example. Following Wu et al., we use 5,000 examples for train-
ing and reserve 1,800 for testing. We evaluate on FVQA and InfoSeek as in-
distribution benchmarks, since FVQA is sampled from the broader InfoSeek
collection and shares the same underlying data and task structure. To assess ro-
bustness, we additionally evaluate out-of-distribution on LiveVQA, MMSearch
and SimpleVQA datasets, which differ in query style and retrieval conditions
and therefore test whether the learned behavior transfers beyond the training
distribution [8}/16,24130L[52].

Implementation details. We use an LLM judge (GPT-5) to determine final
answer correctness when computing accuracy, following the evaluation proto-
col and judge prompt presented in [52]. This choice provides a scalable and
consistent correctness signal across benchmarks where answers may have minor
surface-form variations (e.g., aliases, physical units, date-time formats), while
keeping our reported numbers directly comparable to prior work. We train our
model with a ReAct-style system prompt to structure tool use and intermediate
reasoning, and we include the full prompt templates in the appendix [55]. For
tool access, we use Google Image Search and Google text search via a third party
API. To reduce redundant and expensive API calls, we implement a caching layer
for text and image search results on DynamoDB. All training and inference ex-
periments are run on 8x A100 GPUs using Pytorch, Ray and veRL framework.

5 Results

Ablations. Table[I]isolates the impact of each component. MMSearch-R1 re-
produces the original recipe [52|. MMSearch-R1++ strengthens this baseline
by switching to a ReAct-style prompt and removing the KL penalty and entropy
coefficient. SVRL-LLM-judge adds DrGRPO but replaces exact-match with
an LLM-judge reward. Here, accuracy improves slightly, but answers become
longer and less decisive, consistent with reward hacking. SVRL-query-align
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Table 2: Performance across benchmarks. Acc (%) denotes answer accuracy and
SR (%) denotes search ratio. SVRL improves accuracy across all datasets and achieves
a better accuracy-search tradeoff, indicating more effective multi-turn reasoning and
tool use. Details in text.

‘FVQA—test‘ InfoSeek ‘ MMSearch‘ LiveVQA | SimpleVQA
‘ Acc SR ‘ Acc SR ‘ Acc SR ‘ Acc SR ‘ Acc SR

Model

Direct Answer

Qwen-2.5-VL-7B | 26.7 0.0 |20.1 0.0 |128 0.0 |17.8 0.0 | 384 0.0
Qwen-2.5-VL-32B | 24.7 0.0 | 258 0.0 | 157 0.0 | 187 0.0 |40.1 0.0
Qwen-2.5-VL-72B | 27.1 0.0 | 28.0 0.0 | 157 0.0 |20.1 0.0 |42.2 0.0
GPT-40 417 0.0 [ 42,7 0.0 | 222 0.0 |269 0.0 |46.6 0.0

RAG Workflow

Qwen-2.5-VL-7B | 51.6 100 | 53.7 100 | 52.2 100 | 48.0 100 | 51.6 100
Qwen-2.5-VL-32B | 57.0 100 | 56.8 100 | 57.9 100 | 49.6 100 | 54.5 100
Qwen-2.5-VL-72B | 62.2 100 | 59.4 100 | 59.6 100 | 56.0 100 | 61.0 100
GPT-40 66.0 100 | 59.1 100 | 62.5 100 | 59.6 100 | 63.4 100

Adaptive Search

MMSearch-R1++ | 56.4 80.3 | 55.1 59.7 | 53.8 88.5 | 484 76.2 | 57.4 425
SVRL-full-7B 65.3 61.3 | 64.7 59.2|60.3 82.0|57.8 48.6|58.3 27.0

ablates the need for improving the quality of queries. This comes with a cost
of increased search as discussed in Section [3.4. SVRL-search-aware adds the
calibration term from Section [3:2] improving accuracy by discouraging avoid-
able search while preserving search when needed. SVRL-ttv applies external
test-time verification to filter query candidates and snippets, yielding a large
gain that isolates evidence selection as a dominant failure mode. SVRL-self-
verification replaces the external verifier with our train-time self-verification
objective (Section , recovering most of the denoising benefit without verifier
dependence at inference.

VQA generalization. Tablecompares three regimes: Direct Answer (single-
pass prediction from (I,q)), RAG Workflow (retrieval for every instance; SR=
100), and Adaptive Search (RL-finetuned agents that decide when to search).
SVRL-full-7B consistently improves over the strongest adaptive-search baseline,
MMSearch-R1++, by roughly 8 points on FVQA-test and 7 points on InfoS-
eek while also reducing search ratio, indicating a better accuracy-cost tradeoff.
SVRL-full-7B approaches GPT-40 on FVQA-test (65.3 vs. 66.0) despite oper-
ating in the 7B regime. On SimpleVQA, gains are smaller, which suggests that
search behavior may depend on tool parameters such as query language. We also
note that time-sensitive or underspecified questions can introduce irreducible
evaluation noise.
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(a) Over-confidence Rate (b) Extraction Failure Rate (¢) Search Precision (d) Search Recall
18% 120%

37.0% 8 100% 97.7% 70.8%
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Fig. 5: Tool-use analysis. Aggregated FVQA and InfoSeek statistics.

Analysis. Figure [7] shows qualitative multi-hop examples from the SVRL-
finetuned agent. We observe that SVRL induces more robust reasoning traces
that compare and reconcile evidence across retrieved results, even though we do
not supervise free-form critique text directly. This behavior is consistent with
the verification-alignment rewards, which make evidence filtering explicit dur-
ing optimization. Figure [5] summarizes the corresponding changes in tool be-
havior: SVRL reduces over-confidence failures where search is omitted despite
being required (Figure a)) and improves search precision and recall under the
search_free annotations (Figures[f[c) and (d)). Finally, Figure[5|(b) reports the
conditional rate at which relevant evidence appears in retrieved content given
an incorrect answer, isolating evidence utilization errors from retrieval quality.

Test-time scaling. A practical benefit of self-
verification is improved test-time scaling: allocat-
ing more inference-time computation (e.g., sam- 700
pling, search, and verification) can increase accu-

racy under a larger compute budget, as studied
in self-consistency voting, tree-based search over “"
reasoning paths, and self-evaluation guided beam 6407 /—

Accuracy (%)

search . We run preliminary scaling ex-

periments by increasing the text search budget at
inference. Concretely, we evaluate on a 256-example

subset of FVQA-test and allow up to 15 parallel 1 : 1 : & &
text searches per question, producing multiple can- e serhe

didate answers that we aggregate by simple major-
ity Vot(fl Figure |§| reports accuracy as a function
of the allowed number of parallel searches. SVRL
continues to benefit from additional search bud-
get, whereas the baseline (MMSearch-R1++) satu-
rates after roughly 5 searches, consistent with weaker
query diversity and less reliable evidence filtering.
Because SVRL proposes multiple queries within a single reasoning step, it also
reduces the need for repeated full trajectory sampling, improving wall-clock ef-

EN
2
°

60.0 4

—o— Baseline =~ SVRL (Ours)
Fig. 6: Test-time scaling.

SVRL benefits from addi-
tional search budget.

3 See Supplementary for details



14 V. Sathish et al.

Where is the red- ” <reason> The image is a
colored region located? map of the United Kingdom
with a red-colored region

highlighted. Based on the
shape and location, it

<reason> The image shows <reason> The image search results provide

What event are these several silver trophies with a figure information about the European Film Awards,
trophies associated with? on top, which are commonly .. The trophies are specifically linked to the
y iated with awards 37th European Film Awards, which took place

ceremonies. The design resembles | g in Lucerne on December 7, 2024. No further
the Academy Awards statuette, "¢ | text search is necessary as the image search
which is known as the Oscar, This | === |  resuits provide sufficient information to

suggests that the trophies are answer the question. </reason>
related to the Oscars ceremony. |
need to perform an image search
to confirm this. </reason>

appears to be the southern

part of England, specifically
the area around the English
Channel.</reason>

E " <answer>
- South West England
K </answer>

( ) (

f easons The image shows a grou <reason> Al the image search results ) (" <reason> The first and second resulls}
Where did this event take place? o neomeona s‘ga Swith e I:r e" provide information about the event being are useful because they explicitly name the
peopl g 9 part of the VCT 2025: Pacific Stage 1, but the same location for the event, mentioning

soreen in the background displaying specific location is not mentioned. Therefore, 3 Sangam Colosseum. Third result provides
atext search is necessary to find the exact o location information and fourth snippet

<verify>1, 0, 1</verify>
<answer>
European Film Awards o

<search><img></search> </answer>

! p o
alogo. This suggests it could bea | @4
gaming tournament or esports event. i

¢ se location of the event. </reason> =3 | is about a different event in Bangkok.
However, there is no explicit
N L . Result 5 uses a different name for the
information in the image about the N N
" <verify>1, 1, 1, 1</verify> same event. </reason>
location of the event. To find out
where this event took place, | need <text_search>
P ’ VCT 2025 Pacific Stage 1 location, <verify>1, 1, 0, 0, 1</verify>

more context. </reason>

BOOM Esports VCT Pacific Stage 1 location <answer>
y RRQ VCT 2025 Pacific Stage location Sangam Colosseum, Seoul of
<search><img></search>
J

</text_search> ) </answer> )

f What historical event is depicted in Creason) The Image depicts a scen; (" <reason>... The first result mentions the ) (%
this painting? with soldiers on horseback, which | . British invasion of New Bedford, ...while the | <reason> The firt three resuts point to
°

suggests it could be related toa | L, third result describes the Siege of Toumai in | ('S battle of Waterloo. The fourth and fifth

sug be 1709 ... However, the first result is more results are not relovant and mention battle
h‘sfgi:'azz“;fy‘l’e' (’;"":‘:"(J;"'z::";:"e = | specific, .. The second and fourth results are == [ “¢ o0 ioone. | will answer using the first

2 less relevant... </reason> o e Sheaton
suggest it might be from the 18th or ree results. </reason>

19th century. However, without more

context or specific details, .. <verify>1, 0, 0, O</verify> <verify>1,1,1,0, 0</verify>

Jtamons. <text_search> answers
historical event depicted in the painting Battle of Waterloo
K <L <search><imgs</search> <L "Scotland 't)/:E\:er" by :utler, Lady? </answer> XJ
) <Hext searehs )

Fig. 7: Qualitative examples. FVQA-test cases for trained SVRL model. Top-left
shows an example that did not require search. Top-right shows a sample that required
only image search. Bottom two rows shows multi-turn reasoning over multiple tools -
one with a correct and the other with an incorrect answer.

ficiency. We leave stronger aggregation rules and more structured search proce-
dures for future work.

6 Conclusion

We presented SVRL, an RL-only finetuning framework that improves tool aug-
mented multi-hop VQA in compact multimodal agents by eliciting self-verification
within their reasoning traces. SVRL turns evidence selection into a learnable
trajectory signal by coupling calibrated search decisions and query diversity
with verifier-aligned supervision for filtering retrieved content during training,
while requiring no external verifier at inference. Across FVQA-test and InfoS-
eek, SVRL consistently improves accuracy and the accuracy—search tradeoff over
prior GRPO-based baselines, and narrows the gap to substantially larger pro-
prietary models. Ablations indicate that search calibration and self-verification
drive most of the gains, and test-time verification quantifies the benefit of de-
noising noisy retrieval. Limitations include dependence on web tools and their
failure modes, reliance on a training-time judge whose labels may introduce
bias, and sensitivity to prompt and tool formatting. Future work will broaden
SVRL to richer tool suites and modalities, reduce judge dependence via stronger
self-supervised verification signals, and improve robustness under retrieval dis-
tribution shift and evolving web content.
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Impact Statement

SVRL improves the tool-augmented reasoning and tool-use efficiency of compact
multimodal models, narrowing their performance gap with much larger propri-
etary models. By reducing unnecessary search and avoiding an external verifier
at inference time, it can lower deployment cost and resource use. These gains
potentially make multimodal agents more accessible and support safer, more
private, and more controllable deployment in resource-constrained settings, in-
cluding future edge-device applications.
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