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ABSTRACT

Multimodal agents commonly generate freeform reasoning before each action. For small models,
limited model capacity can result in lengthy reasoning that provides little useful guidance for ac-
tion generation while incurring substantial inference cost. To address this challenge, we introduce
Selection-based Structured Reasoning (SSR), a framework that reformulates reasoning as selection
instead of open-ended generation. SSR represents recurring high-level reasoning as pre-specified,
reusable natural-language candidates. At each turn, the model selects from the reasoning candidates
based on their likelihoods given the current context, without an auxiliary task head. Using pre-
specified reasoning traces enables parallel scoring, where teacher-forced prefilling computes token
likelihoods concurrently within and across candidates using a shared context KV cache. We evalu-
ated SSR on seven multimodal search benchmarks using 2B and 4B models. Across multiple rein-
forcement learning objectives and supervised fine-tuning, SSR delivers significant efficiency gains
without sacrificing task performance. SSR achieves an average success rate competitive with lead-
ing search agents of the same scale, while reducing per-turn reasoning latency by over 90% and total
per-question model inference latency by 28-54%. Project page: zfy0314.github.io/ssr-webpage/

1 INTRODUCTION

Multimodal agents turn textual and visual observations into actions: they analyze multimodal inputs,
gather information, and use tools to resolve tasks that require multi-turn interactions (He et al.,
2024; Chng et al., 2025). A common agent design interleaves observations, freeform reasoning,
and actions (Yao et al., 2022). The reasoning step lets the model assess the available evidence and
decide what to do next, but adds sequential token generation cost before every action. For small, on-
device models with limited reasoning capacity, lengthy texts and repeated deliberations may waste
the generation cost without providing useful guidance for generating better actions. An efficient
agent needs reasoning that guides it to choose the desired action with minimal repeating cost of
generating reasoning traces.

Existing approaches reduce this overhead by prompting concise traces or rewarding shorter reason-
ing (Xu et al., 2025; Arora & Zanette, 2025). These approaches reduce the amount of text generated,
yet keep the sequential dependency between its tokens during autoregressive decoding. We inves-
tigate an orthogonal direction: changing the representation of reasoning itself. We observed that
in multimodal search, entities, queries, and observations vary across questions, but the high-level
reasoning for taking the next action often recurs. For example, finding the location of an upcoming
Al conference and the year LEGO was founded can share the same rationale: the entity is known but
the requested information is missing, so search for the entity name and the attribute of interest. Pre-
vious work on thought templates (Yang et al., 2024; Ouyang et al., 2026) reported a similar finding,
showing the value of reusing reasoning knowledge across problems. Therefore, the required reason-
ing space for search agents does not span the entire natural language space. Instead, the model can
achieve a decent success rate with a few reasoning candidates to choose from.

Motivated by this, we introduce Selection-based Structured Reasoning (SSR), a framework that
formulates reasoning as selection among reusable natural-language candidates instead of open-
ended freeform generation. At each turn, the agent selects a reasoning candidate conditioned on
its interaction history, then uses the selected reasoning to generate the next action and its arguments
(e.g., a text search with a question-specific query). This design separates reusable reasoning pat-
terns from instance-specific execution: the selected candidate provides the rationale for the next
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Figure 1: SSR significantly reduces inference latency. Left: Parallel reasoning decoding replaces
autoregressive reasoning generation. Right: Across four training objectives and two model sizes,
SSR achieves comparable or higher success rates while reducing mean reasoning latency per turn by
more than 90%. Mean total model inference latency per question is reduced by 28-54% (Table 2).

step, while action generation supplies the details needed to realize it. The agent then adapts its
actions to the current context without generating freeform reasoning traces at any stage.

This representation enables parallel reasoning decoding (Figure 1). We use the language model
directly as a candidate classifier, without any additional head, to score each reasoning candidate by
its length-normalized likelihood conditioned on the current context. This leverages the language
understanding capability of the model to match the context to the most suitable reasoning. Since
all candidate tokens are pre-specified, teacher forcing computes token likelihoods in parallel within
each reasoning candidate, and candidates are also scored concurrently sharing the same KV cache.
The model then samples a reasoning candidate based on its score, and the harness inserts the selected
reasoning into the model context as natural-language guidance for the next action.

We evaluate SSR across seven multimodal search benchmarks. Our 4B SSR with GRPO model
achieves an average success rate of 61.37%, matching the performance of leading trained 4B search
agents (61.25%). Across GRPO (Shao et al., 2024), GSPO (Zheng et al., 2025b), SAPO (Gao et al.,
2025), and SFT, the SSR agents achieve comparable task performance while significantly reducing
model inference latency compared to the freeform reasoning counterpart. Against four representa-
tive efficient reasoning baselines, SSR achieves a higher success rate, lower model inference time,
and more consistent latency.

In summary, our contributions are three-fold:

* Reasoning by selection rather than generation. We introduce Selection-based Structured Rea-
soning (SSR), which replaces freeform reasoning with selection among reusable natural lan-
guage candidates conditioned on the current context.

* Parallel reasoning decoding. We use the language model itself to score reasoning candidates by
their length-normalized likelihoods. This approach requires neither an additional classification
head nor an SFT warm start. Teacher forcing enables parallel scoring across all tokens within
and between candidates, eliminating autoregressive generation of reasoning traces.

* Competitive performance with substantial efficiency gains. Across GRPO, GSPO, SAPO,
and SFT, our 4B agents maintain competitive performance while reducing mean reasoning la-
tency per turn by over 90% and mean model latency per question by 28-54%.

2 RELATED WORK

2.1 MULTIMODAL SEARCH AGENTS

Prior work trained multimodal agents to interleave perception, retrieval, and tool use. In multimodal
search, MMSearch-R1 (Wu et al., 2025) and DeepMMSearch-R1 (Narayan et al., 2025) trained mod-
els to use text and image search, while Visual-ARFT (Liu et al., 2025) and DeepEyes (Zheng et al.,
2026) added image operations such as cropping and zooming. DeepEyesV2 (Hong et al., 2026)
combined image operations with code execution and web search. SenseNova-MARS (Chng et al.,
2025), TAPO (Dong et al., 2026), and WebWatcher (Geng et al., 2025) investigated multi-turn rein-
forcement learning, tool-aware credit assignment, and deep-research behavior. More recent systems
extended the scale and supervision of this recipe: VSearcher trained long-horizon search over text,



images, and webpages (Zhang et al., 2026), while ProMMSearchAgent introduced process-oriented
rewards in a static sandbox before transfer to live search (Yan et al., 2026). These approaches fo-
cused on training-data mixtures, gradient routing, and credit assignment for performance improve-
ments, while we explore an orthogonal direction that improves inference efficiency.

2.2  EFFICIENT REASONING FOR MLLM AGENTS

Efficient-reasoning methods controlled model deliberation through token budgets, early stopping,
compressed chains of thought, or adaptive test-time computation (Han et al., 2025; Ma et al., 2025;
Sui et al., 2025). Agentic settings add another resource axis: the model must decide not only how
long to think, but also whether to spend the next unit of budget on retrieval, interaction, or answer
commitment. Inference-time budget control for search agents explicitly modeled this trade-off (Fang
etal.,2026). Closest to our efficiency goal, HyperEyes (Li et al., 2026) treated inference efficiency as
a first-class training objective: it dispatched multiple grounded queries concurrently within a round
and rewarded trajectories that avoided superfluous tool calls, reducing the number of interaction
rounds, whereas we reduce the cost of the reasoning span within each round. Grammar-constrained
decoding enforced admissible output forms (Geng et al., 2023), with engines such as XGrammar
reducing the cost of constraint checking (Dong et al., 2025). SSR instead scores complete candidates
in parallel and directly supplies the selected text as the reasoning trace.

2.3 REUSABLE REASONING AND AGENT SKILLS

Prior work explored reusable knowledge through thought templates (Yang et al., 2024), context-
aware guidelines (Fu et al., 2024), reasoning memories (Ouyang et al., 2026), and task work-
flows (Wang et al., 2025). Given a library of reasoning candidates, SSR directly uses the act-
ing MLLM’s internal semantic knowledge to select among them through context-conditioned like-
lihoods, without any auxiliary knowledge-management or retrieval system. Trajectory-level ap-
proaches such as StraTA (Xue et al., 2026) generated a strategy from the initial task state and kept
that strategy fixed throughout the interaction. SSR instead selects a reasoning candidate at every
turn based on the updated interaction history, allowing new observations to change the guidance
for subsequent actions. Programmatic approaches (Wang et al., 2023; Zheng et al., 20252a) encoded
reusable skills as fixed, executable programs. An SSR candidate instead supplies natural-language
guidance that biases action generation without prescribing executable control flow. This leaves con-
crete queries, tool arguments, and answers flexible, allowing the same reasoning candidate to support
different actions across contexts without modifying the candidate itself.

3 SELECTION-BASED STRUCTURED REASONING

3.1 OVERVIEW

We introduce Selection-based Structured Reasoning (SSR), which replaces freeform reasoning in
ReAct agents (Yao et al., 2022) with selection among reusable reasoning candidates.

At turn ¢, the interaction history of an agent is h; = [z, 20, ag, 00, - - -, 2t—1, @t—1, 0t—1], where x is
the initial user request, z; is a reasoning trace, a; is an action, and o; is the observation returned by an
external tool. A tool call extends the history with a new observation, while a final answer terminates
the trajectory. Conventionally, an MLLM with distribution py generates a freeform reasoning trace
2t ~ pp(- | hy) before generating the action a; ~ py(- | hy, 2¢). Since z; is unconstrained natural-
language text, its tokens must be decoded autoregressively, resulting in substantial inference latency.

To eliminate this sequential decoding cost, SSR selects z; from reusable natural-language candidates
conditioned on h;, instead of generating it token by token (Figure 2). SSR contains a reasoning
library R = {ry,...,rn}, which consists of short natural-language candidates. Each candidate
is a reusable reasoning trace that describes what information is available or missing in the current
context and what step to take next. Parallel reasoning decoding uses the language model itself to
score the full text of each candidate conditioned on h; and select one as z;. Since all candidate texts
are specified in advance, their token likelihoods can be computed with teacher-forced prefill and
different candidates can be scored in parallel. The selected reasoning is then inserted into the context
to guide instance-specific action generation, such as a search query, crop location, or final answer.
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Figure 2: Overview of Selection-based Structured Reasoning. Freeform agents generate token-
by-token reasoning before each action. SSR instead selects from a library of reusable natural-
language reasoning candidates. Parallel reasoning decoding scores every token in each candidate
using teacher-forced prefill, and the selected candidate guides context-specific action generation.

This formulation leverages the semantics prior in the language decoder for reasoning selection, and
makes use of the natural-language guidance for the action generation.

3.2 PARALLEL REASONING DECODING

Scoring and selection. We define a scoring function to measure how suitable each reasoning
candidate is for the current context. Specifically, for a candidate r; that contains K; tokens
(ria, Ti2, - - Tk, ), we compute its length-normalized log-likelihood given context h; as:

K
1 7
So(ri | he) = 225 > 10gpo(ri | hevi<j) (1
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where « € [0, 1] controls length normalization. We use &« = 1 to compare candidates by their
mean token log-likelihood, reducing the length bias from summing negative log-probabilities, which
otherwise favors the shortest candidate. Applying a softmax gives the reasoning-selection policy
qo(- | ht), a categorical distribution over R:

exp(Sp(r | he)/7)
Sl exp(So(ry | he)/7)

where 7 > 0 is the selection temperature. This represents a context-dependent preference over the
reasoning candidates. The model samples r; ~ gg(- | h:), inserts the selected text as the reasoning
trace, and generates the action from pg(- | h¢,7¢). Scoring and action generation use the same
model parameters and system prompt, without the need for any extra components. This mechanism
also constrains the reasoning of the model to be in the library, regardless of its initial distribution.

qo(ri | ht) = (2)

Latency improvement through parallelism. Since all reasoning candidates are pre-specified, we
exploit both candidate-level and token-level parallelism to reduce reasoning latency. At the token
level, since the prefix r; «; (Eq. 1) is part of the given candidate, we can prefill all of the tokens in
one reasoning candidate through teacher forcing and score the log-probabilities of all tokens in one
batched forward pass. All tokens in the reasoning text will be processed concurrently parallel within
each attention layer. At the candidate level, each Sy(r; | h¢) can be computed concurrently given
the same history KV cache for h;. Throughout this reasoning process, the model does not need to
generate any new token.



Next, we characterize the latency advantage of parallel reasoning decoding in terms of computational
depth. Consider a model with fixed number of layers, token dimensions, and vocabulary size. Let
H be the number of tokens in the history context; N be the number of candidates in the library;
K = max; K; be the maximum sequence length of the candidates; and L be the number of
tokens in a freeform reasoning trace generated by autoregressive decoding. Then we can compare
the length of the critical path of freeform and SSR:
L—1
Divcctorm = O3 log(H +£)) = O(Llog(H + L))
£=0

(3)
Dssr = O( log(H + Kmax) + log N )
N——————— N—

scoring the longest candidate  selecting among the candidates

where applying attention over m tokens has O(logm) parallel depth due to the softmax and
weighted sum operations. The difference in time complexity highlights the latency advantage of
the proposed selection method, which removes the factor of L through token-level parallelism.

3.3 SSR TRAINING

SSR provides a general alternative to freeform reasoning under both supervised fine-tuning (SFT)
and reinforcement learning (RL) objectives. At each turn, the policy makes a categorical reasoning
selection and then autoregressively generates the action and its arguments. The reasoning-selection
and action-generation objectives share the same model parameters and can be optimized jointly in
an end-to-end manner.

Supervised fine-tuning. Given context h;, ground truth reasoning candidate 2, from the library,
and ground truth action a; (tool call or answer), we define the SFT loss as a weighted sum of the

categorical selection loss and the token-level action loss (modulated by weighting factor ASET

|ac
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]
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GRPO-style reinforcement learning. Unlike many prior methods (Hong et al., 2026) that require
an SFT warm-up to teach the base model a specific way of reasoning, SSR can be trained directly
with RL. This is attributable to reasoning selection restricting the model to candidates in the library.
Compared with freeform GRPO (Shao et al., 2024), the main difference is to replace the token-level
importance ratios for generated reasoning with a single categorical ratio for reasoning selection. The
action tokens retain their usual importance ratios:

preason _ qe(Zt | ht) action _ p@(at,k | ht?zt?a’t7<k)
k Gotd (2t | ht) bk Potd @tk | he, 2t, Gt <k)

where go1q and po1q use the rollout parameters 6,14. The inserted reasoning text contributes to its
single categorical term. After a candidate is selected, the harness inserts its entire token sequence
into the model context as a single block.

(&)

Specifically, for each question z, we sample multiple trajectories to form group G by selecting
2t ~ Qoa(+ | ht) and generating the action autoregressively from poiq(- | ht, 2¢) at each turn. For
trajectory ¢ in the group, its group-normalized advantage is A, = (Ry — R)/or, where Ry is its
reward, R and og are the reward mean and standard deviation within the group. After computing
the ratios in Eq. 5, they enter the clipped surrogate ¢ (p, A) = min{pA, clip(p,1—¢,1+¢€)A}. And
the final objective combines the reasoning-selection and action-token terms:

Ty—1
JTerro(0) = Ege | D | temsonle (055" Ay) +Zf PR Ag)| | = BKres(8)  (6)
t=0

where T}, is the number of turns, and K, is the reference-policy KL regularizer on generated action-
token distributions, weighted by 3. The same reasoning-selection and action-generation components
can also be trained with other GRPO variants, such as GSPO and SAPO. Appendix B gives the
variant-specific objectives and practical selector-gradient approximation.



4 EXPERIMENTS

4.1 SETUP

Datasets. Following prior work (Chng et al., 2025; Dong et al., 2026), we use VisualProbe (Lai
et al., 2026), DeepEyes (Zheng et al., 2026), and FVQA-train (Wu et al., 2025) for training, and use
MMSearch (Jiang et al., 2024), HR-MMSearch (Chng et al., 2025), FVQA-test (Wu et al., 2025),
InfoSeek (Chen et al., 2023), SimpleVQA (Cheng et al., 2025), LiveVQA (Fu et al., 2025), and
MAT-Search (Liu et al., 2025) for evaluation. Appendix D details the datasets used.

Implementation details. We use the 2B/4B Qwen3-VL (Qwen Team, 2025) models for our exper-
iments. Following the aforementioned prior work, we use the same tool harness with reverse-image
search, text search, and image cropping, as well as the same LLM-as-judge for evaluation. Our
reasoning library contains six manually written reasoning candidates shared across benchmarks (de-
tails in Appendix E): (1) doing an image search to identify the entity when unsure, (2) looking up
specific information through a text search, (3) zooming into a specific part of the image for targeted
inspection, (4) answering the question from the gathered evidence, (5) answering the question based
on the image, and (6) answering with general knowledge. Each of them covers a general case that
the search agent may encounter. Unless otherwise noted, we train each RL model in a single stage
for one epoch with a learning rate of 10~ using outcome and format rewards. For simplicity, we
set \SFT = ~RL — 1 and 8 = 10~3. Appendix F contains additional implementation details.
Evaluation metrics. We report success rate on all seven multimodal search benchmarks and infer-
ence efficiency. For latency profiling, we sample 100 questions per benchmark and measure per-turn
reasoning latency (time to produce the reasoning trace) and per-question model latency (prefill, rea-
soning, action generation, and other model inference over the full trajectory). We report mean and
95th-percentile latency. Environment-side processing, including tool execution and LLM-as-judge
evaluation, is excluded as it introduces excessive model-independent variations. We also report ef-
fective reasoning throughput, computed as the total number of reasoning tokens processed divided
by the total reasoning time. For SSR, this counts all candidate tokens being scored in parallel. For
autoregressive generation, it counts the tokens in the generated reasoning trace. We run the profiling
on an NVIDIA H100 GPU with an offline SGLang (Zheng et al., 2024) inference engine.

4.2 SSR ACHIEVES COMPETITIVE TASK PERFORMANCE

We first compare SSR with the state-of-the-art multimodal search agents. Table 1 shows that the 4B
SSR model reaches 61.37% average success rate, comparable to the best 4B SOTA model TAPO
with GSPO at 61.25% and outperforms 4B MMSearch-R1 and SenseNova-MARS baselines. The
2B SSR agent reaches 51.26%, comparable to the zero-shot 8B model, showing the generalization
of the approach to a smaller backbone. These results show that selecting reusable reasoning can
support competitive success rates in multimodal agentic search tasks.

4.3 COMPARISON BETWEEN SSR AND FREEFORM REASONING

Table 2 compares freeform reasoning and SSR across GRPO, GSPO, and SAPO, three representative
RL algorithms used in Dong et al. (2026), as well as SFT. For the RL algorithms, we directly
train the model with outcome and format rewards without a separate SFT stage. For SFT training
data construction, we use Gemini 3.1 Pro (Google DeepMind, 2026a) to generate the ground truth
trajectory using the reasoning candidates from the library.

Competitive success rates across objectives and model sizes. SSR improves average success
over freeform GRPO at both model sizes and matches freeform SFT. It shows modest decreases
under GSPO and SAPO. We hypothesize this comes from the selector-gradient approximation (Ap-
pendix B.3), which becomes less accurate across multiple gradient updates per rollout.

Lower reasoning latency across training objectives. SSR brings more than 90% reduction to
the per-turn freeform reasoning latency and reduces mean per-question model latency by 28-54%.
Scoring complete candidates in parallel removes the sequential generation of the reasoning trace,



Table 1: Success rate (%) on multimodal search benchmarks. SSR achieves comparable or better
performance than state-of-the-art multimodal search agents of the same size. Bold denotes the best
result among 4B models; underlines mark the second best. (* reproduced results).

MM HR-MM FVQA Simple Live MAT

Model Size Search Search test VQA VQA Search InfoSeek AVG
Agentic models: zero-shot (proprietary)

GPT-40-mini (OpenAl, 2024b) - 38.60 2623 50.00 50.84 31.54 80.00 4235 45.65
GPT-40 (OpenAl, 2024a) - 49.12  30.16 6634 63.67 40.09 76.67 59.55 55.09
GPT-5 (OpenAl, 2025a) - 52.63 3836 62.61 70.58 56.02 84.67 5595 60.12
Gemini-3-Flash (Google DeepMind, 2025) - 62.57 41.64 6489 6792 48.06 82.67 61.10 61.26
GPT-5.2 (OpenAl, 2025b) - 66.08 4820 68.78 78.18 65.99 80.67 65.55 67.64
Gemini-3-Pro (Google DeepMind, 2026b) - 7427 4852 7261 7591 59.69 86.00 66.45 69.06
Agentic models: zero-shot (open-source)

Qwen3-VL-32B-Instruct (Qwen Team, 2025) 32B 49.12 3443 5428 64.17 42.87 82.00 49.85 53.82
Qwen2.5-VL-32B-Instruct (Bai et al., 2025) 32B 49.71 3344 5222 65.15 42.17 8133 50.10 53.45
Qwen3-VL-8B-Instruct (Qwen Team, 2025) 8B  47.37  27.87 53.61 6229 3937 82.67 46.15 51.33
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) 7B 32.16 1934  36.00 4235 22.52 67.33 28.80 35.50
Qwen3-VL-4B-Instruct (Qwen Team, 2025) 4B 43.86 2557 50.50 63.57 3734 79.33 4325 49.06
Qwen3-VL-2B-Instruct (Qwen Team, 2025) 2B 3235 20.00 4290 49.16 31.69 7047 3320 39.97
Agentic models: trained (> 7B)

Skywork-R1V4 (Zhang et al., 2025) 30B 66.10 - 67.20 - - - - -
SenseNova-MARS (Chng et al., 2025) 8B  66.67 40.33 67.11 70.19 56.22 8333 61.70 63.65
TAPO + SAPO (Dong et al., 2026) 8B  67.21 40.66 69.89 73.64 59.71 82.67 62.70 65.21
Visual-ARFT (Liu et al., 2025) 7B 3450 2492  41.72 4245 2540 74.00 3795 40.13
DeepMMSearch-R1 (Narayan et al., 2025) 7B - - - 55.87 - - 47.51 -
MMSearch-R1 (Wu et al., 2025) 7B 53.80 2033 5840 57.40 4840 74.00 55.10 52.49
DeepEyesV2 (Hong et al., 2026) 7B 63.70 - 60.60 59.40 - - 51.10 -
Agentic models: trained (< 4B)

MMSearch-R1* (Wu et al., 2025) 4B 5380 2550 67.20 68.50 50.60 78.00  60.00 57.66
SenseNova-MARS™ (Chng et al., 2025) 4B 44.05 2467 57.19 65.55 43.06 78.67 4840 51.65
TAPO + GRPO (Dong et al., 2026) 4B 5497 3311 6556 6831 5405 82.00 5885 59.55
TAPO + GSPO (Dong et al., 2026) 4B  060.82 3148 66.61 7098 56.14 8333 5940 61.25
TAPO + SAPO (Dong et al., 2026) 4B 56.73 3148 67.17 7127 5536 81.33 5995 60.47
SSR (ours) 4B 6140 30.16 70.22 71.08 57.19 78.67 60.90 61.37
SSR (ours) 2B 51.18 17.06 61.16 61.83 51.54 6259 5344 51.26

Table 2: Success rate and inference efficiency across training objectives and model sizes. SSR
achieves success rates comparable to those of freeform reasoning while reducing reasoning latency
per turn by over 90% and model latency per question by 28-54%. Italic percentages show relative
changes from the paired freeform model.

Success Reasoning Latency = Model Latency Effective Reasoning
Training Objective Size Rate (%) 1 per Turn (s) | per Question (s) | Throughput (toks/s) 1
GRPO-freeform 4B 58.65 0.896 5.456 72.7
GRPO-SSR 4B 61.37 (+4.6%) 0.061 (-93.2%) 2.514 (-53.9%) 3029.9 (+4070.2%)
GSPO-freeform 4B 60.45 0.939 5.195 71.9
GSPO-SSR 4B 58.60(-3.1%) 0.063 (-93.3%) 3.706 (-28.7%) 2526.2 (+3414.6%)
SAPO-freeform 4B 61.26 1.113 6.145 69.4
SAPO-SSR 4B 60.46 (-1.3%) 0.060 (-94.6%) 2.862 (-53.4%) 3215.3 (+4535.0%)
SFT-freeform 4B 54.55 0.770 5.308 70.9
SFT-SSR 4B 54.57 (+0.0%) 0.062 (-91.9%) 3.318 (-37.5%) 2567.0 (+3520.5%)
GRPO-freeform 2B 49.98 0.902 4.153 87.2
GRPO-SSR 2B 51.26 (+2.6%) 0.053 (-94.1%) 2.125 (-48.8%) 3302.6 (+3687.9%)

yielding higher effective reasoning throughput that matches the token processing speed during pre-
fill. These results show consistent latency benefits across different training methods.



Table 3: Success rate and efficiency measurement on the profiling subset. Our approach yields
the highest success rate while being significantly faster than the baselines.

Subset SR Reasoning Latency/Turn (s) Model Latency/Question (s) Effective Reasoning

Method
(%) T Mean | 95 | Mean | 095 | Throughput (toks/s) 1

MMSearch-R1-4B (Wu et al., 2025) 51.59 1.235 1.892 5.601 7.502 73.8
SenseNova-MARS-4B (Chng et al., 2025) 49.57 0.960 1.533 5.289 10.397 72.5
Chain-of-Draft (Xu et al., 2025) 54.06 0.416 0.798 3.657 6.616 69.9
Sketch-of-Thought (Aytes et al., 2025) 56.07 0.543 1.054 3.487 7.048 71.7
Efficiency-reward RL (Arora & Zanette, 2025)  56.28 0.756 1.273 4.638 8.675 68.9

Probe & Prefill (Sun et al., 2026) 55.49 0.890 1.564 5.219 11.369 65.8

SSR (Ours) 58.36 0.061 0.071 2.514 4.620 3029.9

Table 4: Comparison between different reasoning methods. Selecting only the index degrades
performance, while autoregressive decoding without SFT fails to limit its reasoning to the reasoning
candidates in the library.

MM HR-MM FVQA Simple Lijve MAT

Reasoning Method Search Search test VQA VQA Search InfoSeek AVG
Parallel reasoning decoding

Entire reasoning 6140 30.16 70.22 71.08 57.19 78.67 60.90 61.37

Index only 60.82 2230 67.56 69.99 55.56 77.33 59.30  58.98
Autoregressive decoding

With SFT 61.40 2984  69.22 69.10 5697 72.00 61.55 60.01

Without SFT (*degraded to freeform) 60.23  33.11 6728 6841 54.67 79.33 58.60 60.23

4.4 INFERENCE LATENCY AND REASONING THROUGHPUT

To compare SSR with existing efficient-reasoning methods, we compare four baselines spanning
three approaches: prompt-based compression with Chain-of-Draft (Xu et al., 2025) and Sketch-
of-Thought (Aytes et al., 2025), learning shorter reasoning through efficiency-reward RL (Arora &
Zanette, 2025), and optional reasoning trace decoding with a lightweight classification head in Probe
& Prefill (Sun et al., 2026). We implement the efficiency baselines on the GRPO-freeform pipeline
for a fair comparison and report the results in Table 3.

Higher success rate with lower inference latency. SSR achieves the highest success rate and
delivers approximately 7x or greater speedup in reasoning on all baselines. The gains extend
to question-level: mean model latency is around 2.5s, approximately 30% lower than Sketch-of-
Thought, the fastest baseline on this metric. These results show that parallel reasoning decoding is
a more effective than reasoning-compression methods at reducing latency while maintaining high
success rate.

The speed advantage is even larger at the 95th percentile. SSR has a p95 reasoning time of 0.071s,
10 ms above its mean, whereas the p95 latency for the baselines range from 0.798 to 1.892s. The
tight mean-to-p95 gap indicates consistent reasoning latency in SSR, matching the predictable com-
putation of scoring all candidates in parallel as opposed to freeform generation with varying lengths.
At the question level, p95 latency is 4.6s, about a 30% reduction from the 6.6s of the fastest baseline.

4.5 COMPARISON BETWEEN DIFFERENT REASONING METHODS

We ablate the generation methods and compare different ways to select reasoning from the library.
Table 4 compares full-reasoning-text selection, index-only selection, and autoregressive reasoning
generation. These variants distinguish the effects of the reasoning selection mechanism in SSR.

Reasoning representation for candidate selection. The index-only variant applies Eq. 1 to the
index of each candidate (e.g., [1]) rather than its full text, then relies on the harness to inject the
selected candidate before action generation. Both variants supply the same structured reasoning to
the action generation, but index-only scoring selects without access to the semantics of the reasoning
tokens. This change lowers average success by 3.9%, affecting all seven benchmarks. This compar-
ison highlights the value of reasoning-candidate semantics for better context-dependent selection.
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Figure 3: Reasoning library size. Figure 4: Reasoning selection distribution across benchmarks.
Average success rate increases as The same checkpoint exhibits different reasoning-selection distributions
the library size grows. across benchmarks.

Selection vs. autoregressive generation. Autoregressive decoding can also generate the specified
reasoning candidate when the model is trained to use the library entries. With an SFT warm start fol-
lowed by RL with a format reward, the 4B model reproduces reasoning-library entries and achieves
average success comparable to parallel reasoning decoding. However, without SFT, specifying in
the prompt and applying a format reward during RL cannot enforce using only the reasoning candi-
dates from the library, and the model instead generates freeform reasoning. Thus, the autoregressive
variant must learn to conform to the reasoning library, whereas our reasoning selection enforces this
interface directly. Additionally, parallel full-text scoring further removes the sequential generation
of the selected reasoning candidate, combining effective reasoning with lower decoding latency.

4.6 REASONING LIBRARY SIZE AND SELECTION DISTRIBUTION

Effect of library size. Figure 3 compares libraries with one, two, four, and six entries, ranging
from a single generic candidate, “T am a helpful assistant,” to six more specific reasoning candidates.
Success rate across seven benchmarks increases monotonically from 37.24% to 61.37%, showing
that more detailed, granular reasoning candidates better guide learning for action generation. The
17.27 percentage point gain from one generic candidate to two candidates, answer or tool call,
highlights the value of meaningful reasoning choices even in a small library.

Reasoning selection distribution. Figure 4 shows that the same model yields different distribu-
tions of reasoning selection across different benchmarks. Specifically, the simplest SimpleVQA has
the highest selection rate for “Answer from image” and the lowest for “Look up a fact” and the high-
resolution image centric HR-MMSearch has the highest selection rate for “Examine image detail”.
These distribution differences suggest that SSR adapts its choices to question-specific information
needs despite using a shared library. These reasoning choices are reflected in action generation: in
99.9% of turns, the generated action type matches the expected action type of the selected candidate.
The agent is indeed demonstrating behaviors that match the charasteristics of different benchmarks.

5 CONCLUSION

We presented Selection-based Structured Reasoning (SSR), which reformulates reasoning in
small multimodal search agents as selection rather than open-ended generation. SSR captures re-
curring high-level reasoning as reusable natural-language candidates and selects among them based
on their likelihoods under the current context. Pre-specified candidates enable teacher-forced paral-
lel scoring within and across candidates, eliminating token-by-token reasoning generation. Across
seven multimodal search benchmarks, SSR achieves competitive task performance while reducing
per-turn reasoning latency by over 90% and total per-question model inference latency by 28-54%.
More broadly, our results suggest that small search agents may not need to reason over the full lan-
guage space at every step, and that organizing recurring reasoning into a compact, reusable space
can enable more efficient multimodal agents.
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APPENDIX

A PSEUDOCODE FOR SSR INFERENCE AND GRPO TRAINING

A.1 INFERENCE

Algorithm 1 implements SSR through SGLang’s generate interface.! The running context h;
contains the complete interaction before turn ¢ 4+ 1. Each of the N > 1 reasoning candidates is
a nonempty token sequence including its reasoning delimiters; all inputs include the required chat
delimiters and assistant prefixes.

Model interface and cache. Action sampling parameters n specify the token limit (e.g.,
max_new_tokens=8192), temperature, and stopping conditions, with one completion per input.
While h; stores tokens, the engine-owned Cky stores computed model states; KV tensors are not
endpoint arguments or return values. New observations are cached when processed by the next
model call. For multimodal inputs, the adapter supplies matching image_data per request row
and tracks expanded token positions; these payloads are omitted from the pseudocode.

Candidate scoring. SGLang accepts variable-length candidate sequences without caller padding.
With logprob_start_len= L; — 1, the last history token forms a boundary, leaving the final K
input-token log-probabilities aligned with r;. Candidates are teacher-forced under causal attention
and do not attend to one another. Scores follow Eq. (1), with @ = 1 by default; selection follows
Eq. (2) for 7 > 0. The selection temperature 7 is independent of the action sampling settings 7.

Constructing the reasoning library. A straightforward procedure to construct the reasoning li-
brary is to sample training questions and successful freeform reasoning traces, group recurring infor-
mation needs, and summarize them into a small set of reusable reasoning candidates. Each candidate
describes how to make progress without retaining question-specific entities or answers. Ideally, the
set of candidates should cover all states that the agent will encounter. Future work could explore
skill-evolution methods such as SkillOpt (Yang et al., 2026) to construct and refine the reasoning
library automatically from trajectory feedback.

A.2 GROUPED GRPO WITH DETACHED COMPETITORS

Algorithm 2 optimizes Eq. (6) using the detached-competitor approximation in Eq. (10). It alternates
one fresh rollout minibatch with one optimizer step.

Rollout and training settings. Rollout inputs follow Algorithm 1. Training uses clipping thresh-
old € > 0, reasoning-selection weight ’yfggson > 0, reference-policy KL weight 5 > 0, and reward-
standard-deviation floor 6 > 0. For trajectory logging, set return_logprob=True on the action-
generation request in Algorithm 1. Logged behavior probabilities and current action likelihoods
must use the same sampling distribution. Each trajectory record retains its turns, final context, ob-
servations, media references, and stopping status so freward Can also score unsuccessful or truncated

trajectories.

Turn records. Each turn record stores context h, selected reasoning z, action a, candidate index i,
(index), and rollout score vector S¢'¥ (scores). Italso stores v.1ogq = S} /7 — LSE(Sp'4 /7)

and v.1ogp € RI*| the action-token log-probabilities from output_token_logprobs in token
order. Verify their token IDs against a; and retain exactly |a;| finite values.

Differentiable update. Recompute likelihoods with the differentiable model pg; SGLang rollout
outputs are detached. Only the selected candidate’s score receives gradients, through both the soft-
max numerator and denominator. Teacher-forced turns may be batched with causal attention and
true-length masks. Action-token losses and reference-policy KL apply only to generated action po-
sitions; prompts, inserted reasoning, and observations remain visible as context. Exclude padding
from both attention and loss.

"https://docs.sglang.io/docs/basic_usage/sampling_params
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Algorithm 1 SSR inference using SGLang’s generate interface

Require: Tokenized system prompt s and initial question ¢; reasoning library R = {r1,..., 7~ }; persistent
SGLang engine 7o with prefix caching; harness H; normalization exponent « € [0, 1]; selection tempera-
ture 7 > 0; action sampling parameters 7; turn limit Tinax > 1

Ensure: (h,d): final token context and stopping status

Conventions: || concatenates tokens; response indexing is zero-based; [—K :] takes the last K entries.
Each generate call reuses and updates the engine-owned KV cache Ckv.

Validity: A final answer must be parseable and nonempty; a tool request must name an allowed tool and
satisfy its argument schema, according to .

: ho « s||lg; K < |ri|fori=1,...,N > context tokens; candidate lengths

1 go < {"max-new_tokens" : 0} > prefill-only sampling parameters

3: mg.generate(input_ids = s,

DN —

sampling_params = go,

return_logprob = False) > warm the system-prompt cache
4: fort =0,...,Tmax — 1 do
5: 0 Ly |hal; X < [hae]|ri] 2y > N variable-length token sequences
6: Y < mg.generate(input_ids = X,

sampling_params = go,
return_logprob = True,

logprob_start.len = L; — 1) > list of IV responses
7. fori=1,...,Ndo

8: D; + Y[i —1].input_token_logprob[—Kj :]

9: Verify [d[1] ford € D;] = r; > record: (log-probability, token ID, text)
10: £; «+ [d[0] for d € D;]; verify all entries are finite > 4] = K;
11: Sei < K¢ Zf;gl 4il5] > candidate scores S; € RY
12:  end for
13:  if 7 = 0 then
14: it < min arg max; St,;

15:  else
16: ir ~ Categorical(softmax(S; /7))

17:  endif
180 z¢ <= 74y ur  hel|2e > append selected reasoning to current context

19: A<« mp.generate(input_ids = uy,
sampling_params =17,

return_logprob = False)

20:  a¢ < A.output_ids; hzr — utl|as > action tokens; extended context
21: if a. is a valid final answer then

22: return (h], answer)

23:  elseif a; is not a valid tool request then

24: return (b, invalid-output)

25: end if

26:  (o0t,0¢) < H.execute(ay) > observation tokens; cont inue or error
27: hit1 < h;r |lo: > observation includes the next assistant prefix
28:  if §; # continue then

29: return (ht+1, 6t)

30: end if

31: end for

32: return (hg,,,, ,turn-limit)

B SELECTOR-GRADIENT APPROXIMATION

B.1 EXACT AND APPROXIMATE GRADIENTS

Exact gradient. For turn ¢ with history h,; and a selected candidate z; from the library R =

{r1,...,7n} using selection temperature T > 0, the normalized policy in Eq. (2) satisfies
Solze | he) 1 N o ((Solril o)
log g (21 | hy) = == —log Y exp <6t> (7)
T P T
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Algorithm 2 Grouped GRPO for SSR with detached competitor scores

Require: Parameters 0; frozen reference pycr; system prompt s; question distribution D; library R; harness
H; reward function freward; questions Eer minibatch m > 1; group size n > 2; rollout settings o, 7 > 0,
1, Trmax; training hyperparameters €, Yoz, 3, 6; optimizer O
Ensure: Trained parameters 6
Conventions: || concatenates tokens; arrays are zero-based and candidate indices one-based. Rollout
records are detached. N = |R|; LSE(u) =log ", euli,
Surrogate: /.(p, A) = min{pA, clip(p,1 —€,1+¢€)A}.
1: while the training budget remains do
2: Boa < stopgrad(copy(6))
3 Synchronize 7,14 to Oo14; invalidate its weight-dependent caches
4:  Sample m questions X ~ D™; M « [] > current rollout minibatch
5:  for each question x € X do
6 forg=1,...,ndo
7 Collect dg, with Algorithm 1 using 7,14 and question z, with turn logging
8

: Ry < freward(z,dg) > reward, including non-answer stopping cases

9: end for

10: ,u(—n_lzgRg;U% n=ty (Rg — p)?

11: forg=1,...,ndo

12: dg.adv « stopgrad((Ry — 1)/ max(o, d)); append dg to M

13: end for

14:  end for

150 J<+0 > accumulated surrogate; | M| = mn trajectories
16:  for each trajectory d € M do

17: for each turn v € d.turns do

18: (h, z,a,1) + (v.h,v.z,v.a,v.index); K + |z|; w + z|la

19: b < [log po(wlk] | h||wl: k])]‘kw:lgl > teacher forcing; gradients enabled
20: Ssel — K¢ Zj{: 5L bl > current selected-candidate score
21: u < stopgrad(v.scores/7); u[i — 1] < Sse1/T > N selector logits
22: breason «— i — 1] — LSE(u)
23: PrEOm «— exp(bT*%°" — v.1logq) > one scalar ratio
24: peron < exp(b[K :] — v.1ogp) > |a| token ratios, elementwise
25: J 4 J + Yeheonle (pT°°"  d.adv) + 3, Le(p*" " K], d.adv)
26: end for
27:  end for
28: K« reference-policy KL estimate on generated action positions in M
29: L+ —J/IM|+ BK > scalar loss; trajectory average
30:  O.zero_grad(); L.backward(); O.step() > one update from M

31: end while
32: return 0

Differentiating gives

N
1
Vologgo(z | hi) = — |VoSa(ze | he) = Y ao(ri | he)VoSe(ri | he) (8)
i=1
With length-normalization exponent o = 1,
1 &
VoSa(ri | he) = 2= ; Vo logpo(ri | he,ri<k) ©)

where r; <1 is the candidate prefix before token k. The exact gradient requires both forward and
backward computation for all candidates, which can be very expensive.

Detached competitors. Let 0,4 be the rollout parameters. We recompute the selected score at
the current parameters and hold the competing scores at their rollout values, giving the approxima-
tion (note that the highlighted Sy, ,, represents the key difference between exact and approximated
computation).

exp(Se(2t | he)/7)
exp(So (2t | he)/T) + 32, 22, €xXP(So,0 (13 | he)/T)

go(z | he) = (10)
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This avoids backward computation through competing candidates:

- 1—qo(z | R
Vglog%(zt ‘ ht) = M

At 0 = 0,)q during the first gradient update after the rollouts are collected, the selected probability
is exact. After an update, the stored competitor scores can differ from their current values.

VoSo(zt | he) (1)

B.2 SSR ROLLOUTS ARE ON-PoLICY IN GRPO

During rollout collection, parallel reasoning decoding scores the reasoning candidates under the
rollout parameters 0,4 and samples z; ~ ¢o1a(- | ht). The harness inserts the selected candidate
into the context, after which the model generates action tokens autoregressively from poq (- | e, 2¢)-
The retained behavior probabilities therefore correspond to the process that generated the trajectory:
one categorical probability for the reasoning selection and token-level probabilities for the subse-
quent action. Selecting from the reasoning library defines the support of the reasoning policy, while
inserting the selected text is deterministic conditional on that selection. Thus, rollout collection is
on-policy with respect to the composite SSR behavior policy.

When a rollout batch is reused after parameter updates, the current policy differs from the behavior
policy, as in standard GRPO. The reasoning- and action-level importance ratios in Eq. (5) com-
pare the current probabilities with the fixed probabilities recorded during rollout collection. The
detached-competitor approximation in Eq. (10) concerns the current selector probability and its gra-
dient during optimization; it does not change the policy used to collect the rollouts. Each inserted
reasoning span is consequently represented by one categorical selection term, while token-level ac-
tion terms apply only to the autoregressively generated action tokens.

B.3 GSPO AND SAPO wITH REUSED ROLLOUTS

Update rules. For trajectory g in rollout group G, let U, index its categorical reasoning selections
and generated action tokens. With T}, turns and action-token sequence a4 ; at turn ¢, define Z, =
Uy| = 32725 (1 + |ag.]). Foru € Uy, py. is the corresponding ratio in Eq. (5), and A, is the
group-normalized trajectory advantage defined in Section 3.3. GSPO (Zheng et al., 2025b) forms
the length-normalized sequence ratio

_ 1
Py = €xp Z—g Z log pg.u (12)
ucly,

-~

and applies the clipped surrogate £.(p,, A,) from Section 3.3 at the sequence level, with clipping
threshold e. SAPO (Gao et al., 2025) instead applies a smooth surrogate f,g(p)ﬁg to each ratio
p > 0, with slope x > 0 chosen according to the sign of A,:
4 dexp(—r(p—1))
frlp) = filp) = (13)
e 1)) B (e )

The derivative attenuates updates as the ratio moves away from one. Both comparisons normalize by
trajectory length and average across trajectories, whereas Eq. (6) sums the within-trajectory terms.
Inserted reasoning tokens, prompts, observations, and padding do not add to Z,.

Second and subsequent updates. As discussed for Eq 10, from the second update onward, the
rollouts are stale relative to the current policy. During repeated updates on a collected batch, com-
petitor scores remain fixed at their rollout values. Differences from current competitor scores affect
the reasoning ratios: these enter the GSPO sequence ratio in Eq. (12) and the SAPO attenuation in
Eq. (13). The selector gradient uses the approximation in Eq. (11).

C DETAILED INFERENCE COST

Let H be the cached history length, L the freeform reasoning length, N the library size, and
K; the length of candidate r;. All lengths count tokens, including scored formatting tokens, and
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Kiot = Zfil K is the total number of candidate tokens scored. Equation 3 compares the parallel
computational depth of freeform reasoning and SSR. We distinguish this quantity from the number
of FLOPs, KV-cache memory usage, and inference latency.

FLOPs and KV-cache memory usage. For a fixed Transformer with causal self-attention, let
“Ytok denote the approximate FLOPs per token for linear projections, feed-forward networks, and the
output projection, summed across layers. Let 7, denote the approximate FLOPs per query—key
pair for the attention computation, also summed across layers and heads. We count a multiplication
and an addition as two FLOPs and retain the leading terms in the operation count. Let W, and
Wssr denote the approximate FLOP counts for freeform generation and SSR candidate evaluation,
respectively. With the shared history already stored in the KV cache, we have

L(L—-1
Wfree = ’ytokL + VYatt (HL + (2)) (14)

N
1
Wssr = Yok Ktot + Yatt <HKtot + B ZKz(Kz - 1)) (15)
i=1
This represents self-attention where each candidate attends to the shared history and its own pre-
ceding tokens. Reusing the KV cache of the common prefix avoids recomputing history representa-
tions (Zheng et al., 2024). For fixed reasoning and candidate lengths, the ratio of attention FLOPs
approaches K. /L as H increases.

Let mkvy denote KV-cache storage in bytes per token across all layers. If the common prefix is
stored once and all candidate suffixes are retained, the KV-cache memory usage is approximately
mgv (H + Kiot) bytes. Storing a separate copy of the prefix for each candidate instead requires
approximately myv (N H + Kiot) bytes. With the history stored once, candidate-suffix KV storage
grows linearly with K\; for fixed candidate length, it grows linearly with the number of candidates.

Inference latency. For an execution stage s, let A, denote its duration in seconds, F its FLOP
count, and B; the total bytes read from and written to device memory. Let II be the peak floating-
point performance in FLOPs/s at the chosen precision, and 5 the peak device-memory bandwidth in
bytes/s. These resource limits imply

F;, B
Ag > =, = 16
s[5, 2] "
Here, arithmetic intensity is F/B;, measured in FLOPs per byte.

Let Agee and Aggr denote inference latency for generating and selecting the reasoning text, re-
spectively. Define vqe. as the number of generated tokens per second and vscore as the number of
candidate tokens scored per second during model execution. Let dg. and dgsr denote additional
runtime overheads excluded from those rates, such as candidate selection on the CPU. Then

Afrcc == 5frcc + L/vdcc ASSR = 5SSR + Ktot/vscoro (17)
Then, for L > 0 and positive rates, SSR reduces inference latency if and only if
K (o} Uscore vscore
< + (Ofree — dssR) (18)

L Vdec L
Assuming the overhead difference is negligible, on the same hardware platform, this condition re-
duces to

Ktot Uscore

< 19

L Vdec ( )

To put this into perspective, for an NVIDIA RTX PRO 6000 GPU, generating 100 freeform reason-
ing tokens autoregressively takes around the same time of processing a 15,200-token library.

D TRAINING AND EVALUATION DATASETS

D.1 TRAINING DATASETS

We use the 3,859-example training mixture from TAPO/SenseNova-MARS (Dong et al., 2026; Chng
et al., 2025), with the subset sizes and accuracy rewards shown in Table 5. The reward implementa-
tion is described in Appendix F.
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FVQA-train. FactualVQA (Wu et al., 2025) combines factual image—question—answer pairs re-
quiring visual entity recognition or associated factual knowledge, with a mixture of search-required
and search-free questions. It trains the agent to identify when image or text retrieval is needed.

DeepEyes-4K. DeepEyes (Zheng et al., 2026) provides visual questions spanning fine-grained
perception, chart understanding, and challenging reasoning, supporting learning to inspect relevant
image regions. Our training mixture includes both multiple-choice (MCQ) and non-MCQ subsets.

VisualProbe-train. VisualProbe (Lai et al., 2026) contains visual search questions about small
targets in high-resolution images with distractor objects. These questions encourage repeated in-
spection and exploration of image regions.

Table 5: Multimodal-search RL training data.

Subset Samples Accuracy reward
FVQA-train 1,894 LLM judge
DeepEyes-4K (non-MCQ) 425 LLM judge
Visual-Probe-train 912 LLM judge
DeepEyes-4K (MCQ) 628  Exact match

Total 3,859 -

D.2 EVALUATION BENCHMARKS

We evaluate on seven publicly available multimodal search benchmarks that collectively span a
broad range of retrieval difficulty, temporal freshness, and image resolution requirements. We use
the benchmark versions distributed in the SenseNova evaluation collection (Chng et al., 2025).

MMSearch (Jiang et al., 2024) contains 300 manually collected questions spanning 14 subfields,
of which 171 are accompanied by an image; its News area covers events from May to August 2024,
testing the model’s ability to ground visual observations in up-to-date factual knowledge. We follow
the standard split of 171 questions used for system-level evaluation.

HR-MMSearch (Chng et al., 2025) is a knowledge-intensive benchmark comprising 305 ques-
tions paired with high-resolution (4K) images sourced from international news agencies (2025
events), spanning eight topical domains. Approximately 60% of questions are classified as hard,
requiring three or more tool invocations to answer correctly.

FVQA-test (Wu et al., 2025) is a curated 1,800-sample test set consisting of three equal-sized
subsets: FVQA-auto-vc (600 automatically constructed samples, each manually checked for cor-
rectness and disjoint from the training set), InfoSeek Human Split (600 samples with manually
corrected annotations), and an expert-annotated subset (600 samples).

InfoSeek (Chen et al., 2023) is a visual question answering dataset for information-seeking ques-
tions that cannot be answered through commonsense reasoning alone. It is built on visual entity
recognition and grounded in Wikidata, targeting fine-grained factual attributes that models do not
reliably surface without retrieval. We sample 2,000 instances from its test split.

SimpleVQA (Cheng et al., 2025) focuses on factual accuracy, combining post-2023 VQA in-
stances with expert-curated image-question pairs across 1,013 English samples.

LiveVQA (Fu et al,, 2025) aggregates 3,602 image-question pairs from major news outlets, in-
cluding CNN and BBC, spanning 14 thematic categories, and emphasizes temporal reasoning over

recently published content.

MAT-Search (Liu et al., 2025) is a manually crafted and human-verified benchmark of 150 ex-
amples designed to evaluate agentic multimodal reasoning, requiring models to handle composite
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multi-hop queries, retrieve external information, and invoke tools effectively across varying reason-
ing depths.

E REASONING CANDIDATE LIBRARY

The default library contains six manually written reasoning candidates (Table 6). Each entry is a
single short natural-language statement describing how to make progress from the current state. The
library is fixed throughout training and evaluation.

Table 6: The six-candidate multimodal-search reasoning library.

Name Reasoning candidate

GENERAL-KNOWLEDGE I recognize the main subject of this image and I already know the answer
from general knowledge, so I can answer the question directly.

ANSWER-FROM-IMAGE The information needed to answer is clearly visible in the image itself,
so I can determine the answer by reading it directly from what I see.

EXAMINE-IMAGE-DETAIL The part of the image that matters for this question is small or hard to
make out, so I should examine that region more closely before I decide.

IDENTIFY-BY-IMAGE I cannot confidently tell what the specific entity in this image is from
its appearance alone, so I should identify it by searching with the image
itself before answering.

LOOKUP-FACT I can tell what the entity in the image is, but I do not know the particular
fact the question is asking about, so I should look that information up.

ANSWER-FROM-EVIDENCE  The details I have gathered so far already contain what the question is
asking for, so I can now give the final answer.

F TRAINING DETAILS

Reference recipe and our adaptation. We adapt the multimodal-search setup of TAPO (Dong
et al., 2026). The agent is trained directly with RL, without an SFT warm-up, using VeRL, a global
batch size of 64, learning rate 1 x 10~°, and 8 rollouts per GRPO group. Each trajectory permits
at most 10 interaction rounds during training, 8,192 generated tokens per round, and 32,768 tokens
across the full trajectory. If it exceeds any of these, it will be marked as incorrect. Text retrieval
during training uses a local Wikipedia retrieval index to reduce cost and evaluation uses web search
through Serp API.

Action space. The agent can choose among three information-acquisition tools and a terminal
answer: (i) image_search_tool, which performs reverse-image search on the question image
and returns image captions; (ii) text_search_tool (query), which performs query-specified
search and returns a Qwen3-32B-generated summary; (iii) image_zoom_in_tool (bbox),
which crops a bounding box and returns the resulting image patch; and (iv) a terminal <answer>
action. At every non-terminal turn, the base protocol expects a thinking block followed by exactly
one <tool_call> conforming to the JSON schema; SSR supplies the thinking block through
candidate selection while retaining the same tool-call schema.

Reward. For RL, we use a combination of accuracy reward and format reward.
Tfinal = Taccuracy 1 0.57format (20)

Non-multiple-choice questions are judged by Qwen3-VL-32B-Instruct with greedy decoding and
temperature zero given the image, question, ground truth, and the final answer generated by the
model. Multiple-choice questions use exact match. Format reward is model-dependent: all condi-
tions have to generate valid <think> delimiters and correct tool call format; SSR models (includ-
ing the index-only variant) additionally have to use the expected tool of each reasoning that they
select for full format reward, otherwise they only get partial format reward for the correct tool call
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format; the autoregressive structured reasoning model gets the format reward only if it generates
reasoning in the library with exact match.

G REASONING COMPARISON: NO THINKING, FREEFORM, AND SSR

We compare no thinking, freeform reasoning, and SSR (ours) under GRPO with the Qwen3-VL-4B
backbone.
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Figure 5: Success rate (%) of the three reasoning types on the multimodal search benchmarks.

Aggregate comparison. Figure 5 compares no thinking, freeform reasoning, and SSR under
GRPO. The unweighted mean success rate across the seven benchmarks is 58.91%, 58.65%, and
61.37%, respectively. SSR therefore improves the benchmark mean by 2.47 percentage points over
no thinking and 2.72 points over freeform reasoning. Freeform reasoning is 0.26 points below no
thinking on this aggregate, so generating a freeform reasoning trace does not by itself consistently
improve task performance in this comparison.

Consistent gains over no thinking. SSR outperforms no thinking on all seven benchmarks (7/7),
with gains ranging from 0.99 to 7.34 percentage points. In contrast, freeform reasoning improves
over no thinking on only two of seven benchmarks with the same Qwen3-VL-4B backbone under
GRPO. SSR improves over no thinking across all seven benchmarks whereas freeform does not
outperform no thinking on all of the benchmarks. SSR also exceeds freeform reasoning on five of
seven benchmarks, with HR-MMSearch and MAT-Search favoring freeform reasoning.
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