Fake It Till You Make It: Training Deep-Search Agents in Synthetic Search
Environments
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Abstract

Deep-search agents are commonly trained via
repeated interaction with real-world search
APIs and browser environments. While real-
istic, this paradigm is expensive, difficult to
reproduce, and sensitive to external drift. Ex-
isting simulator-based alternatives reduce de-
pendence on live retrieval, but they largely in-
herit task distributions from pre-existing QA
datasets, limiting their alignment with the be-
haviors required for deep search. We intro-
duce SYNSEARCH, a framework for training
deep-search agents entirely within a synthetic
search—browse environment. Our core idea
is to jointly design the environment and the
training-task distribution, enabling the synthe-
sis of environment-aligned tasks and reinforce-
ment learning of compact language models
in multi-turn search settings. By grounding
task validity in executable environment trajecto-
ries rather than surface-level plausibility alone,
SYNSEARCH unifies task generation, trajectory
verification, and policy optimization within
a low-marginal-cost and reproducible frame-
work. Experiments on multi-hop QA and deep-
search benchmarks show that SYNSEARCH
consistently improves both answer accuracy
and search behavior, with especially large gains
on deep-search tasks. Moreover, SYNSEARCH
offers low marginal cost, reproducibility, con-
trollability, and strong performance under real-
search evaluation, highlighting synthetic envi-
ronments as an effective substrate for training
deep-search agents.

1 Introduction

Large language models (LLMs) are increasingly ex-
pected to act as information-seeking agents rather
than passive text generators (Jin et al., 2025). In
realistic settings, answering a complex question
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often requires more than a single retrieval step:
an agent must issue targeted queries, inspect re-
trieved pages, accumulate evidence across inter-
actions, and revise its strategy as new informa-
tion emerges (Huang et al., 2025). We refer to
this capability as deep search. Unlike standard
retrieval-augmented generation, deep search is in-
herently a sequential decision-making problem that
requires effective multi-turn interaction with search
and browsing tools.

Recent work suggests that reinforcement learn-
ing can improve such behavior in tool-augmented
environments (Jin et al., 2025; Song et al., 2025;
Chen et al., 2025b; Wei et al., 2025b; Zheng et al.,
2025). However, training deep-search agents in
real search environments remains expensive and
difficult to control: it requires repeated calls to ex-
ternal APIs, retrieved content can drift over time,
and browser interaction introduces substantial en-
gineering overhead (Sun et al., 2025a; Fan et al.,
2025). As a result, long-horizon search training
is costly, hard to reproduce, and ill-suited to con-
trolled analysis.

A natural alternative is to replace live search with
simulation. For deep search, however, simulating
the retrieval backend alone is not sufficient. Recent
approaches such as ZeroSearch (Sun et al., 2025a)
and SSRL (Fan et al., 2025) reduce reliance on live
search APIs, but they largely inherit task distribu-
tions from existing QA datasets. This creates a
mismatch between the tasks seen during training
and the behaviors required at test time: if training
tasks do not require multi-step retrieval, browse-
dependent evidence gathering, or adaptive query
reformulation, then a cheaper environment alone
is unlikely to produce a strong deep-search agent.
In this setting, the training-task distribution is as
important as the retrieval backend itself.

Our central premise is that the environment
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and the training tasks should be designed jointly.
Tasks should be constructed under the same search—
browse interface used for policy optimization and
retained only if they induce verifiable interaction
trajectories in that environment. This distinction
matters because search snippets rarely provide suf-
ficient evidence on their own; strong performance
often depends on selective browsing, cross-page ev-
idence aggregation, and iterative query refinement.

We introduce SYNSEARCH, a framework for
training deep-search agents entirely within a syn-
thetic search—browse environment. SYNSEARCH
synthesizes environment-aligned tasks directly in
the target environment through a closed-loop multi-
agent pipeline with iterative refinement, rollback-
based correction, difficulty control, filtering, and
solver-in-the-loop verification. It then trains com-
pact language models in the same environment us-
ing multi-turn reinforcement learning with process-
aware rewards. We formalize deep search as a
task-conditioned partially observable Markov de-
cision process (POMDP) with structured tool-use
actions over search and browsing interfaces, and
define task validity through executable trajectories
rather than surface plausibility alone. The result
is a unified and low-marginal-cost framework for
task synthesis, trajectory validation, and policy op-
timization.

Experiments across Qwen2.5-3B/7B, Llama3.1-
8B, and Qwen3-8B support this perspective. Com-
pared with training on existing QA datasets or prior
synthetic data, SYNSEARCH consistently improves
both answer quality and search behavior, yield-
ing longer trajectories, more browsing actions, and
stronger downstream performance on both multi-
hop QA and browse-intensive deep-search bench-
marks. Process-aware rewards further reduce re-
dundant querying and encourage more deliberate
search behavior.

In summary, our contributions are as follows:

1. We identify a key limitation of prior simulated
deep-search training: simulating the retrieval
backend without jointly designing the training-
task distribution is insufficient to induce long-
horizon search—browse behavior.

2. We propose SYNSEARCH, a framework for
training deep-search agents entirely within a
synthetic search—browse environment by cou-
pling environment-aligned task synthesis, trajec-
tory validation, and reinforcement learning in a
shared reproducible setting.

3. We formalize deep search as a task-conditioned
POMDP with structured tool-use actions, and
define task validity through executable trajec-
tories in the environment rather than surface
plausibility alone.

4. We show that environment-aligned tasks and
process-aware rewards improve both answer ac-
curacy and learned search behavior across mul-
tiple model families and benchmark settings.

2 Related Work

Search RL and deep-search agents. A grow-
ing body of work trains LLMs to perform search
through iterative tool use and reinforcement learn-
ing (Jin et al., 2025; Song et al., 2025; Chen
et al., 2025b; Li et al., 2025b; Tan et al., 2026).
Extensions to web-agent settings incorporate on-
line browsing and long-horizon exploration (Wei
et al., 2025b; Zheng et al., 2025; Li et al., 2025c;
Nakano et al., 2021; Yao et al., 2022), while re-
cent deep-search systems such as ASearcher and
WebDancer place greater emphasis on rich search
behavior (Gao et al., 2025; Wu et al., 2025a). These
studies demonstrate that search competence can be
learned, but they typically rely on costly live envi-
ronments or assume fixed task distributions.
Simulated search environments. To reduce the
cost and instability of live search, another line
of work replaces external retrieval with simulated
search or internal knowledge access. ZeroSearch
uses an LL.M-based retrieval simulator during re-
inforcement learning (Sun et al., 2025a), while
SSRL studies self-search by treating the model’s
own parametric knowledge as a searchable environ-
ment (Fan et al., 2025). Related work on retrieval-
and search-augmented generation explores pseudo-
documents, retrieval surrogates, and adaptive re-
trieval control (Yu et al., 2022; Asai et al., 2024;
Borgeaud et al., 2021; Jiang et al., 2023; Trivedi
et al., 2022; Shi et al., 2023; Gao et al., 2022; Guu
et al., 2020; Izacard et al., 2022). In contrast to
our setting, these approaches primarily modify the
retrieval backend rather than jointly designing the
training-task distribution and the environment.
Synthetic task generation for agents. Synthetic
data has been widely used to train reasoning, tool-
use, and information-seeking agents (Wang et al.,
2023; Xu et al., 2025; Liu et al., 2023; Qin et al.,
2023; Mialon et al., 2023; Shi et al., 2025). Closest
to our setting, ASearcher uses synthetic QA con-
struction for long-horizon search training, while
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Figure 1: Overview of SYNSEARCH. SYNSEARCH unifies environment-aligned task synthesis, solver-in-the-loop
trajectory validation, and multi-turn reinforcement learning within a shared synthetic search—browse environment.
This shared-interface design enables task construction, trajectory verification, and policy optimization to reinforce
one another in a single low-marginal-cost and reproducible training framework.

WebShaper, WebSailor, and related work aim to
create information-seeking tasks with richer rea-
soning or retrieval structure (Gao et al., 2025; Tao
et al., 2025; Li et al., 2025a; Sun et al., 2025b). A
parallel line of work builds compact agentic mod-
els for general tool use, either by pairing synthetic
task construction with iterative data flywheels (Lyu
et al., 2026b), or by training on synthetic tasks
inside simulated tool environments under rubric-
based rewards (Lyu et al., 2026a). Our work dif-
fers in that task synthesis is performed directly
in the same synthetic search—browse environment
used for policy learning, and tasks are retained
only when solver-in-the-loop interaction verifies
that they admit executable and informative trajec-
tories.

Position of our work. Our work lies at the intersec-
tion of these directions, but differs in its core design
objective. We treat the training-task distribution
as a first-class design variable and couple task syn-
thesis, trajectory validation, and policy learning
within a shared synthetic search—browse environ-
ment. Unlike ASearcher and WebShaper, which
decouple synthetic task construction from training
in real search environments, SYNSEARCH couples
task generation, behavioral validation, and policy
optimization within a single environment &gy,.

3 SYNSEARCH: Proposed Framework

Figure 1 presents an overview of SYNSEARCH.
We formalize deep search as a task-conditioned
sequential decision-making problem and instanti-
ate it in a shared synthetic search—browse environ-
ment. SYNSEARCH consists of three tightly cou-
pled components: environment-aligned task syn-
thesis, solver-in-the-loop trajectory validation, and
multi-turn reinforcement learning. Candidate tasks
are constructed and filtered in the same environ-
ment later used for policy optimization, ensuring
that the training distribution induces the search be-
haviors the policy is expected to learn.

3.1 Problem Formulation

Deep search as a task-conditioned POMDP. Let
X denote the task space, and let p be a train-
ing distribution over X'. For each task x € &,
the agent interacts with an episode-specific en-
vironment £,. We model this interaction as a
task-conditioned partially observable Markov de-
cision process (POMDP). At step ¢, the agent re-
ceives an observation o, maintains a history h; =
(z,01,a1,...,0), and selects an action according
to a policy mp(a¢ | ht) over a horizon H. The ac-
tion space consists of structured tool-use actions
A = {search(q),browse(u),answer(y)},
where ¢ is a query, v is a URL, and y is a fi-
nal answer. The action answer(y) terminates
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the episode, and a trajectory is written as 7 =
(z,01,a1,...,0m,ax). Given rewards {r;}L,,
the generic objective is

H
Eorp(rlzimg.2) [Z ’V“Tt” :
t=1

ey
Equation (1) highlights that learning depends not
only on the policy and reward function, but also on
the training-task distribution, which determines the
trajectories encountered during optimization.
Environment alignment and task validity. Our
key premise is that task quality should be defined
behaviorally within the target environment rather
than by surface plausibility alone. Let ¢(z,E) €
R™ denote a behavioral descriptor extracted from
solving task x in environment &£, such as trajec-
tory length, browse frequency, query diversity, or
intermediate-entity coverage. The induced behav-
ioral profile of a task distribution p in environment
Eis ®(p, &) = Epplo(z, £)]. Given a target pro-
file ®*, we say that p is environment-aligned in £
if ®(p, &) is sufficiently close to ®* under a cho-
sen discrepancy measure. We use this notion as a
conceptual lens for distribution design rather than
as a separately optimized objective.

To assess validity at the task level, we eval-
uate candidate tasks through repeated solver in-
teraction in the target environment. For a candi-
date task z, let 7(z) = {7, ..., 7(5)} denote
repeated solver trajectories, and let (1) € R?
denote a trajectory-quality descriptor capturing
properties such as answer correctness, total in-
teraction steps, difficulty level, and shortcut risk.
We define the empirical trajectory profile of = as
b(x) = £ 0 (r™®). Let @ C R? be an ad-
missible region encoding solvability, behavioral
richness, stability, and low shortcut risk. We re-
gard a task as valid when v(z) € Q. In practice,
) is instantiated through threshold-based criteria
derived from solver trajectories and judge outputs
(Appendix C). A task is therefore retained only if
it induces executable, stable, and behaviorally in-
formative interaction in the same environment later
used for policy learning.

J(G;p) = Ezwp

3.2 Shared Synthetic Environment

SYNSEARCH uses a shared synthetic search—
browse environment &y, for both task synthesis
and policy optimization. We instantiate &y, with
a high-capacity LLM backend (e.g., Qwen3-235B-
A22B) to provide broad knowledge coverage while

maintaining a reproducible and low-marginal-cost
interface. The goal is to simulate the rool inter-
face of search and browsing rather than expose
answers directly. Unlike answer-conditioned sim-
ulators (Sun et al., 2025a), the tools are prompted
only with information naturally available at infer-
ence time, which helps reduce answer leakage dur-
ing both synthesis and training. Implementation
details are provided in Appendix D.

Search tool. Given a query ¢, the search
tool returns a ranked result list Search(q) =
{(ti,ui,si)}fil, where t¢;, u;, and s; denote the
title, URL, and snippet of the i-th result.

Browse tool. Given a URL wu, the browse tool
returns page content Browse(u;c) = (u,t,d),
where t is the page title, d is the page content,
and c is optional browsing context.

Why model both actions? Search proposes can-
didate directions, whereas browsing is needed to
inspect and aggregate evidence that snippets alone
typically do not provide. Search-only simulators
may support query reformulation, but they do not
train the policy to decide when and how to inspect
retrieved pages.

3.3 Environment-Aligned Task Synthesis

SYNSEARCH synthesizes training tasks by inter-
leaving candidate generation, solver-based verifica-
tion, and feedback-driven revision within Egyy,.
Strategist-controlled generation. Start-
ing from a seed question, a Strategist agent
iteratively selects a meta-action my €
{EXPAND, REFINE, ROLLBACK, FINALIZE}.
EXPAND introduces bridge entities or additional
reasoning hops; REFINE reduces shortcuts and
strengthens distractors while preserving answer-
ability; ROLLBACK returns to a previously valid
state; and FINALIZE exports the task once it is
sufficiently difficult and behaviorally informative.
Filtering and solver-in-the-loop validation. Each
candidate first passes through a quality filter that
removes flawed cases, such as answer leakage,
broken logic, pseudo-multi-hop structure, or non-
unique answers. The remaining candidates are
then solved in &y, using the same search and
browse tools later exposed during reinforcement
learning. A Judge agent evaluates the resulting
trajectories in terms of answer correctness, total
interaction steps, difficulty level, and shortcut risk,
and returns a recommended action together with
structured feedback to the Strategist for revision.
Let g(z) denote the candidate distribution in-
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duced by the generator, and let v(x) € {0,1} in-
dicate whether repeated solver trajectories satisfy

Y (z) € €. The retained synthesis distribution is

= 9@)v(@)
psyn( ) fg(:z’) U(I/) dz'”

2

Equation (2) shows that SYNSEARCH constructs
the training-task distribution by filtering candidates
according to behavioral compatibility with the tar-
get environment, rather than textual plausibility or
nominal difficulty alone. The full synthesis proce-
dure is given in Appendix B, and implementation
details of filtering and validation are provided in
Appendix C.

3.4 Multi-turn Reinforcement Learning

Given the verified synthesis distribution pgy,,, we
train a policy 7y in &gy, by maximizing

JRL(G) = IEQU’Vpsyn [ETNP(T|I§W975syn) [R(T’ .’L‘)H .
3)
The reward is a composite of an outcome-level
accuracy term and process-aware auxiliary terms:

R(Ta :B) = Z )\kRk(Tvx)a
ke{acc,entity,uniq,decomp}
4)
with default weights

()\acc; )\entitya )\uniq; Adecornp) -
(0.5,0.3,0.1,0.1). These auxiliary rewards
are intentionally weak: they do not prescribe a
fixed search strategy, but instead encourage non-
trivial exploration and reduce degenerate behaviors
such as redundant querying or shortcut-driven
search. Appendix A provides basic properties of
this bounded reward, and Appendix E summarizes
hyperparameters and implementation details.
Answer correctness reward. The primary reward
evaluates whether the final answer extracted from
trajectory 7 is equivalent to the reference answer
y*(x), as judged by an LLM-based checker:

Race(,2) =1[g(7) = y*(x)] . (5

Entity coverage reward. To encourage traversal
of informative intermediate concepts, we reward
coverage of bridge entities identified during task
synthesis. Let B(z) denote the bridge-entity set for
task x, and let Epatch (7) denote the subset explic-
itly mentioned or unambiguously referenced in 7.
We define
_ [Ematen(7) N B()]

Rentity (7-7 «77) = ‘B(ﬂ?)| T e . (6)

Query uniqueness reward. To discourage redun-
dant search, we reward trajectories whose queries
are all distinct after normalization. Let Q(7) =
(q1, ..., qm) be the query sequence in 7, and let
Q(7) be the corresponding normalized set. We
define

Ruig(7) =118 = QW) @)

Original-question avoidance reward. To encour-
age query decomposition rather than direct restate-
ment, we penalize trajectories that issue the original
question verbatim as a query. Let gorig(2) denote
the normalized original question. We define

Raccomp(7,2) = I Gorigl) ¢ O(7)] . (®)

Overall, SYNSEARCH couples distribution de-
sign with policy optimization. Task synthesis con-
structs an environment-aligned training distribution
Dsyn through trajectory-based validation, and rein-
forcement learning optimizes my over that distribu-
tion in the same search—browse environment.

4 Experiments

4.1 Experimental Setup

Models and baselines. Our primary experiments
use Qwen2.5-7B and Qwen2.5-3B, two represen-
tative model scales in recent open-source search-
agent work (Jin et al., 2025; Sun et al., 2025a; Fan
et al., 2025). We compare SYNSEARCH against
the corresponding instruction-tuned base models
and three strong baselines covering the most rel-
evant training paradigms for our setting: Search-
R1 (Jin et al., 2025), which trains in real search
environments, and ZeroSearch (Sun et al., 2025a)
and SSRL (Fan et al., 2025), which avoid real
search APIs during training. For Qwen2.5-7B,
we additionally include ASearcher (Gao et al.,
2025), which explicitly studies synthetic data con-
struction for deep search. To assess generaliza-
tion beyond Qwen2.5, we also train and evaluate
Llama3.1-8B and Qwen3-8B. Unless otherwise
stated, all SYNSEARCH runs use Qwen3-235B-
A22B-Instruct as the backend of the shared syn-
thetic search—browse environment.

Training data. Unless otherwise specified, the
main experiments use a set of 22,059 behav-
iorally validated training tasks synthesized by
SYNSEARCH. These tasks are generated, filtered,
and validated in the same synthetic search—browse
environment later used for reinforcement learning,
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and are retained only when they pass both quality
filtering and solver-in-the-loop verification.
Interaction format and evaluation protocol.
SYNSEARCH is trained in a structured tool-call
format, whereas several baselines are released in
the Search-R1-style textual ReAct format (Jin et al.,
2025). To control for this difference, we report both
formats for Qwen2.5-7B and Qwen2.5-3B when-
ever applicable. At evaluation time, all methods
are executed under the same minimal ReAct-style
outer loop: at each step, the model emits either a
search action, a browse action, or a final answer,
and the environment returns the corresponding ob-
servation. Search-R1-style agents serialize actions
textually, whereas tool-call agents emit structured
calls, but both follow the same alternating action—
observation protocol. This evaluation setup isolates
the effect of training while minimizing confounds
from interface-specific execution logic. Additional
implementation details, including failure handling
and interface-specific execution notes, are given in
Appendix E.

Benchmarks. We evaluate on both multi-hop
QA and deep-search benchmarks. The multi-
hop QA benchmarks are 2WikiMultiHopQA (Ho
et al., 2020), Bamboogle (Press et al., 2023), Hot-
potQA (Yang et al., 2018), and MuSiQue (Trivedi
et al.,, 2021); the deep-search benchmarks are
GAIA (Mialon et al., 2023), WebWalker (Wu
et al., 2025b), xbench (Chen et al., 2025a), and
BrowseComp-zh (Wei et al., 2025a). For most
benchmarks, we follow the evaluation suite re-
leased with Tool-Star (Dong et al., 2025); for
xbench we use the full set of 100 questions, and
for BrowseComp-zh we sample 200 questions to
match a comparable evaluation scale. All methods
are evaluated under the same sample selection and
judging rules.

Metrics. Our primary metric is answer accu-
racy, measured by semantic equivalence under an
LLM-based evaluator (Kimi-K2.5; human spot-
check in Appendix G), depending on the bench-
mark. To assess learned search behavior, we also
report average search steps (AVGSEARCH), aver-
age browse steps (AVGBROWSE), the per-question
duplicate-query ratio (PERQDUP), and the rate of
issuing the original question directly as a search
query (ORIGQ). When useful, we additionally re-
port averages over the multi-hop QA benchmarks,
the deep-search benchmarks, and the full bench-
mark suite. We use answer accuracy as the pri-
mary criterion for model comparison and treat

the behavioral metrics as complementary indica-
tors of the search strategies acquired during train-
ing. Unless otherwise specified, reported numbers
are means over 4 independent evaluation runs of
the same checkpoint. Formally, for a policy m
and evaluation set Dy, accuracy is defined as

Ace(n) = it e, Llin(z) = v (2)]
4.2 Main Results

Tables 1 and 2 report results under Search-R1-
style interaction and structured tool-call interac-
tion, respectively. Under the textual protocol,
SYNSEARCH achieves the best average at both
model scales. The gains are especially clear on
deep-search benchmarks: the deep-search aver-
age rises to 26.23 on Qwen2.5-7B and 21.15 on
Qwen2.5-3B, compared with 22.90 and 18.28 for
SSRL, respectively. Under structured tool-call in-
teraction, SYNSEARCH outperforms all compared
baselines at both model scales, indicating that the
gains do not stem from a particular interaction for-
mat. SYNSEARCH remains effective under both in-
teraction formats. Overall, SYNSEARCH improves
answer quality across model scales and interaction
formats. This pattern supports our hypothesis that
environment-aligned, trajectory-validated tasks in-
duce stronger deep-search policies.

4.3 Backbone Generalization

To test whether the gains of SYNSEARCH extend
beyond Qwen2.5, we evaluate Llama3.1-8B and
Qwen3-8B under structured tool-call interaction.
Table 3 shows consistent improvements on both
backbones. For Llama3.1-8B, the overall average
improves from 31.29 to 41.16, while the deep-
search average rises from 13.13 to 28.60. For
Qwen3-8B, the overall average improves from
40.31 to 50.31, with the deep-search average in-
creasing from 24.50 to 35.42. The gains are again
largest on the deep-search benchmarks, suggesting
that the benefits of SYNSEARCH are not tied to a
specific backbone family.

4.4 Ablation Studies

We ablate SYNSEARCH on Qwen2.5-7B to isolate
the effects of the training-task distribution, the syn-
thesis pipeline, and the reward design.

Training-task distribution. We compare three
training sets of matched size under the same back-
bone and protocol: HotpotQA, ASearcher, and our
environment-aligned tasks. Table 5 shows that
our data yields the best overall average (44.61),
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Multi-hop QA

Deep Search

Method Avg.
2Wiki Bamboogle HQA MuSiQ MH Avg. GAIA WebWalker xbench BrowseComp-zh DS Avg.
Qwen2.5-7B-Instruct
Qwen2.5-7B-Instruct ~ 50.5 57.6 51.0 22.0 45.28 12.6 24.0 34.0 4.0 18.65 31.96
Search-R1 57.0 65.6 52.5 21.5 49.15 10.7 13.5 17.0 2.5 10.93  30.04
ZeroSearch 51.0 46.4 52.5 21.5 42.85 11.2 23.0 47.0 35 21.18  32.01
SSRL 56.5 58.4 535 25.0 48.35 12.1 255 48.5 55 2290 35.63
ASearcher 60.0 68.0 54.5 2065 52.25 11.7 15.5 17.0 4.5 12.18 3221
Ours 59.0 68.8 57.0 27.0 52.95 184 31.5 49.0 6.0 26.23  39.59
Qwen2.5-3B-Instruct
Qwen2.5-3B-Instruct ~ 33.5 40.0 38.5 8.5 30.12 6.8 17.0 33.0 3.0 1495 2254
Search-R1 38.0 24.8 52.0 11.0 31.45 9.7 17.5 41.0 2.5 17.68  24.56
ZeroSearch 37.0 39.2 46.5 17.5 35.05 13.6 18.5 37.0 1.0 17.53  26.29
SSRL 44.5 40.8 48.5 19.0 38.20 14.1 220 35.0 2.0 18.28 28.24
Ours 43.0 43.2 51.0 21.0 39.55 14.6 24.0 42.0 4.0 21.15  30.35

Table 1: Main results under Search-R1-style textual interaction. LLM-judge answer accuracy (%) on Qwen2.5-
7B and Qwen2.5-3B. All numbers are means over 4 independent evaluation runs of the same checkpoint. Bold and
underlined values denote the best and second-best scores per column.

Multi-hop QA

Deep Search

Method Avg.
2Wiki Bamboogle HQA MuSiQ MH Avg. GAIA WebWalker xbench BrowseComp-zh DS Avg.
Qwen2.5-7B-Instruct
Qwen2.5-7B-Instruct ~ 52.0 50.4 56.5 22.0 45.23 18.4 24.0 51.0 4.0 24.35  34.79
Search-R1 46.0 52.0 46.5 18.0 40.63 9.7 18.0 33.0 35 16.05  28.34
ZeroSearch 53.5 47.2 53.0 22.5 44.05 12.6 28.0 45.0 5.0 22.65 3335
SSRL 52.5 50.8 54.0 20.0 44.33 16.5 23.0 52.0 5.5 2425 34.29
ASearcher 51.5 55.2 49.0 21.0 44.18 11.7 21.5 39.0 4.0 19.05  31.62
Ours 62.5 65.6 66.0 29.5 55.90 24.3 34.0 69.0 6.0 33.33 44.61
Qwen2.5-3B-Instruct
Qwen2.5-3B-Instruct  44.0 424 43.0 15.0 36.10 8.7 17.0 15.0 1.0 1043 23.26
Search-R1 27.0 20.8 17.0 10.0 18.70 6.8 6.0 12.0 3.0 6.95 12.83
ZeroSearch 31.5 24.8 44.0 15.5 28.95 7.8 22.5 39.0 1.0 17.58  23.26
SSRL 36.5 33.6 38.5 16.5 31.28 49 14.0 14.0 25 8.85 20.06
Ours 54.5 56.8 59.5 23.5 48.58 214 28.0 42.0 35 23.73  36.15

Table 2: Main results under structured tool-call interaction. LLM-judge answer accuracy (%) on Qwen2.5-7B
and Qwen2.5-3B. All numbers are means over 4 independent evaluation runs of the same checkpoint. Bold and
underlined values denote the best and second-best scores in each column.

compared with 41.16 for HotpotQA and 35.49
for ASearcher. It also induces substantially more
browsing than ASearcher (1.70 vs. 0.01), suggest-
ing that generic multi-hop or synthetic QA data
alone is insufficient to train browse-intensive deep-
search behavior.

Task-synthesis pipeline. We next ablate the syn-
thesis pipeline. CORE uses multi-agent rewriting
only, CORE+QG adds Quality Gate filtering, and
Full further adds trajectory-based validation and
final verification. As shown in Table 6, perfor-
mance improves steadily from 39.33 to 41.29 to
44.61. Notably, CORE produces many search steps
but almost no browsing (4.43 / 0.07), indicating
that rewriting alone can create superficially dif-
ficult but browse-poor tasks. Both filtering and
trajectory-based validation are therefore important
for constructing behaviorally useful training data.

Process-aware rewards. Finally, we compare
answer-only training with the full reward. Table 7
shows that process-aware rewards improve the over-
all average, while also shifting behavior in the in-
tended direction: browsing increases (0.41—1.70),
duplicate querying decreases (8.98%—7.18%), and
direct reuse of the original question as a query
drops sharply (43.99%—1.02%). Thus, the auxil-
iary rewards improve not only final accuracy but
also the learned search process.

4.5 Discussion

Environment-aligned task distributions matter.
The gains of SYNSEARCH come not from synthetic
data alone, but from constructing a training distri-
bution aligned with the target search—browse en-
vironment. Under matched backbones and train-
ing settings, our synthesized tasks outperform both
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Multi-hop QA

Deep Search

Backbone Method Avg.
2Wiki Bamboogle HQA MuSiQ MH Avg. GAIA WebWalker xbench BrowseComp-zh DS Avg.

Llama3.1-SB Base 55.5 60.8 58.5 23.0 49.45 17.5 20.5 13.0 1.5 13.13  31.29

’ Ours 59.0 66.4 64.5 25.0 53.73 194 35.0 54.0 6.0 28.60 41.16

Qwen3-8B Base 66.0 68.0 61.0 29.5 56.12 18.5 34.5 40.0 5.0 24.50  40.31

Ours 81.0 76.8 71.0 32.0 65.20 28.2 42.5 64.0 7.0 3542 50.31

Table 3: Backbone generalization under structured tool-call interaction. LLM-judge answer accuracy (%) on
two additional 8B backbones. All numbers are means over 4 independent evaluation runs of the same checkpoint.

Model Multi-hop QA Deep Search Ave.
2Wiki Bamboogle HQA MuSiQ MH Avg. GAIA WebWalker xbench BrowseComp-zh DS Avg.
Qwen2.5-7B + synthetic env 48.5 44.0 38.0 19.5 37.50 5.8 5.0 6.0 35 5.08 21.29
Ours-7B + synthetic env 47.0 69.6 46.5 30.5 48.40 10.7 6.5 14.0 7.5 9.68 29.04
Qwen2.5-7B + real-search env ~ 52.0 50.4 56.5 22.0 45.23 18.4 24.0 51.0 4.0 24.35 34.79
Ours-7B + real-search env 62.5 65.6 66.0 29.5 55.90 243 34.0 69.0 6.0 33.33 44.61

Table 4: Evaluation under synthetic and real-search environments. LL.M-judge answer accuracy (%) for the
base model and our trained model when executed in the synthetic and real-search environments.

Data MH DS Avg. Search Browse
Base 4523 2435 3479 1.84 1.44
HotpotQA 52.73 29.60 41.16 2.63 0.87
ASearcher 4535 25.63 3549 1.35 0.01
Ours 55.90 33.33 44.61 4.00 1.70

Table 5: Effect of training-task distribution on
Qwen2.5-7B. Training sets of matched size under the
same backbone and training protocol.

Variant MH DS Avg. Search Browse
Base 4523 2435 3479 1.84 1.44
CORE 51.33 2733 3933 443 0.07
CORE+QG 52.73 29.85 4129 262 0.87
Full 55.90 33.33 44.61 4.00 1.70

Table 6: Task-synthesis ablation on Qwen2.5-7B. QG
denotes Quality Gate.

benchmark-derived and prior synthetic data, while
inducing richer behavior, especially more browsing.
For deep-search agents, the task distribution should
therefore be treated as a first-class design object
rather than inherited from existing QA resources.
Deep search requires shaping behavior, not just
answers. Our reward ablation shows that final
accuracy is only part of the story. Process-aware
rewards increase browsing, reduce duplicate query-
ing, and discourage directly restating the original
question as a search query. These changes matter
because deep search is fundamentally sequential:
shortcut answers do not substitute for learning to
decompose questions, traverse intermediate enti-
ties, and inspect retrieved pages.

What the synthetic environment captures. Our

Metric Answer-only Ours
MH Avg. (%) 50.98 55.90
DS Avg. (%) 29.85 33.33
Avg. 40.41 44.61
AvgSearch 2.13 4.00
AvgBrowse 0.41 1.70
PerQDup (%)J 8.98 7.18
OrigQ (%)J 43.99 1.02

Table 7: Reward ablation on Qwen2.5-7B. Answer-
only training versus the full reward.

synthetic environment is designed for task construc-
tion and training rather than as a substitute for real-
search evaluation, and Table 4 reports two obser-
vations that support this design. From the base to
our trained model, accuracy improves substantially
under both synthetic and real-search evaluation,
indicating that the policy is not overfitting to a par-
ticular retrieval backend but acquiring transferable
deep-search competence. Moreover, on several
fact-stable benchmarks such as Bamboogle and
MuSiQue, the trained model achieves comparable
performance in the synthetic and real-search en-
vironments, consistent with the synthetic backend
already encoding the stable, well-established facts
these benchmarks rely on, and supporting the feasi-
bility of LLM-backed simulators for training-time
interaction.

5 Conclusion

We presented SYNSEARCH, a framework for train-
ing deep-search agents without calling real web
APIs during training, by jointly designing the
training-task distribution and the policy-learning
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environment in a single closed loop. The synthetic
search—browse environment serves as a control-
lable, reproducible, and low-marginal-cost inter-
face for training, while real search remains the
yardstick for evaluation. Across model families,
benchmarks, and interaction formats, SYNSEARCH
improves both answer quality and search behavior,
with especially strong gains on deep-search bench-
marks. Our results suggest that progress in deep-
search training depends not only on better optimiza-
tion, but also on a shared-environment closed loop
that couples task synthesis with policy learning.
The resulting agents achieve strong performance
under real-search evaluation.

Limitations

Although SYNSEARCH improves performance un-
der both synthetic and real-search evaluation, a
substantial gap remains between the two. The syn-
thetic environment approximates the interaction
interface of search and browsing tools, but does not
fully capture the recall properties, temporal drift,
document heterogeneity, or evidence structure of
the open web. It should therefore be viewed as
a practical and reproducible training environment
rather than a full surrogate for real search.

Our synthesis pipeline also depends on solver-in-
the-loop validation, judge feedback, and heuristic
filtering. These mechanisms improve task quality,
but they also shape the final training distribution,
since validity is partly defined relative to the ca-
pabilities and biases of the solver and judge used
during synthesis. Developing more diverse and
less model-dependent validation strategies is an
important direction for future work.

Our reported numbers are means over four eval-
uation runs of a single trained checkpoint, which
captures decoding and environment variability but
not variance across independently trained policies.
Since the method combines GRPO sampling with
generated tasks, results from separate training runs
may differ, and we do not report seed-level confi-
dence intervals. The consistency of the gains across
four backbones provides indirect evidence that the
improvements are not specific to one run, but it
does not replace a multi-seed study under a fixed
backbone.

The synthetic environment is driven by a large
instruction-tuned backend (Qwen3-235B-A22B-
Instruct). Although its per-call cost is low and
cached responses are reused across runs, serving a

model of this size still requires substantial acceler-
ator capacity, which limits accessibility for smaller
compute budgets. We did not vary the backend
scale, so it remains open how far synthesis and
training quality degrade when a smaller model acts
as the search and browse backend.

Ethical Considerations

The synthetic environment used in SYNSEARCH
inherits the knowledge distribution, factual errors,
omissions, and social biases of its underlying LLM
backend. As a result, synthesized tasks and trained
policies may reflect these imperfections. Addi-
tional auditing, factuality checks, and bias eval-
uation are therefore desirable, especially before
real-world deployment.

Coverage is also uneven. Because the backend is
a single model, the facts it can simulate are denser
for widely documented, English-centric and high-
resource topics than for other languages, regions,
and long-tail entities. Both the synthesized tasks
and the resulting policies are therefore likely to
work less well outside that core, and aggregate ac-
curacy can mask this imbalance. Reporting results
by language and region, and seeding synthesis from
more diverse sources, would make the gap visible
rather than implicit.

Our real-search evaluation, unlike training, re-
trieves and parses live web pages. Fetched content
may include personal information or copyrighted
material, and we use it only to score answers during
evaluation: pages are parsed to text, truncated, used
in-context, and not redistributed or used to train
models. Anyone reproducing this setup should fol-
low the terms of service of the search provider and
of the sites being fetched, and respect the usual
crawling conventions.

More broadly, our goal is to enable low-cost
and reproducible study of deep-search training
rather than to replace deployment-time evaluation.
In practical or higher-stakes settings, simulator-
trained agents should be complemented by bench-
mark testing, monitoring, and appropriate human
oversight.
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A Additional Theoretical Details

This appendix records basic properties of the
validity-filtered synthesis distribution and the
bounded composite reward used in SYNSEARCH.

A.1 Properties of the Validity-Filtered
Synthesis Distribution

Recall that the candidate generator induces a distri-
bution g over the task space X', and that the validity
indicator v(x) € {0,1} specifies whether task x
satisfies the trajectory-based validity criterion. The
retained synthesis distribution is

g
Peyn () fg(x’)v(x’) dx’’

Proposition 1 (Support of the retained synthe-
sis distribution). Assume the normalizing constant
Z = [ g(a')v(a') da’ is strictly positive. Then the
support of psyn is contained in the valid-task set
Xoalid, L.€., psyn(x) > 0=z € Xalid.

€))

Proof. If psyn(xz) > 0, then Eq. (9) implies
g(x)v(x) > 0. Since v(z) € {0,1}, we must
have v(z) = 1. By definition, this means that the
repeated solver trajectories for x satisfy the validity
condition, so x € Xy,1id. ]

Proposition 2 (Behavioral profile as a conditional
expectation). Let ¢(x,E) denote the behavioral
descriptor. Under the same assumptions as Propo-

sition 1, ®(psyn, €) = Epglo(z,E) | v(x) = 1].

Proof. By  definition, @ (psyn, €) =
[ ¢z, E) psyn () da. Substituting Eq. (9)
gives ®(psyn, &) = [ o(x,E) &Zv(w) dzx, where
Z = [g(a')v(z')dz’ = Prgg[v(z) = 1]. Since
v(z) is the indicator of the validity event, the result
is exactly the conditional expectation of ¢(z, &)
under g given v(z) = 1. O

Proposition 3 (Monotone validity filtering). Let
vi,ve : X — {0, 1} satisfy vo(x) < vi(x) for all
x € X. Then the support of the retained distribu-
tion under v is contained in that under vq.

Proof. Let p;(z) = % fori € {1,2},
assuming both normalizing constants are positive.
If po(z) > 0, then g(x) va(z) > 0, so va(z) = 1.
Since va(z) < vy () and both indicators are binary,
we also have vy (z) = 1. Hence g(x)vi(z) > 0,
which implies p;(z) > 0. Therefore supp(p2) C

supp(p1). O

A.2 Properties of the Composite Reward

Recall the composite reward

R(r,z) = >

ke{acc,entity,uniq,decomp}

)\kRk (7—7 l’),

(10)
where \;, > 0 and, by default, > ©, A\, = 1.

Proposition 4 (Boundedness of the composite re-
ward). Assume A, > 0 for all components and
>k M = L. If each component reward satisfies
Ry(1,z) € [0,1], then the composite reward in
Eq. (10) also satisfies R(T,x) € [0, 1].

Proof. Since each Ry(r,z) € [0,1] and each
A > 0, we have 0 < A\Rp(7,2) < \i for ev-
ery component k. Summing over all components
gives 0 < > MpRp(1,2) < > p A = 1, so
R(7,z) € [0,1]. O

Proposition 5 (Reward monotonicity with re-
spect to entity coverage). Fix a task x and as-
sume the bridge-entity set B(x) is nonempty.
For two trajectories 71 and 1o, if Ematen(T1) N
B(.%') - gmatch(TQ) N B(.%'), then Rentity(Tla 1') <
Rentity (7—2a -T)

Proof. By  definition, Rentity (T, ) =
W. The denominator is fixed for task
x and strictly positive. The assumed set inclusion
implies |gmatch(7—1)m8(x)‘ < ’gmatch(TQ)mB(x)L
and the claim follows. O
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A.3 Remarks

These propositions record three basic properties
used in SYNSEARCH: pgy, assigns mass only
to trajectory-valid tasks, validity filtering can be
viewed as conditioning on a behavioral event, and
the composite reward remains bounded under non-
negative convex weighting.

B Algorithmic Details

Algorithm 1 summarizes the closed-loop task syn-
thesis procedure used by SYNSEARCH. The pro-
cedure maintains both a current state and the last
verified valid state, which enables rollback when
a proposed modification fails quality filtering or
trajectory-based validation in the same synthetic
environment later used for policy learning.

C Instantiation of Task Validity and
Judge Criteria

The validity condition is defined abstractly through
the admissible region @ C R?. In practice, €2 is
instantiated through thresholded criteria computed
from repeated solver trajectories and judge outputs.

Trajectory-level signals. For each candidate, the
Judge agent analyzes the solver’s full interaction
trace and returns a structured assessment compris-
ing the following fields:

e Answer correctness (is_correct):
whether the solver’s final answer is semanti-
cally equivalent to the reference;

 Total steps (total_steps): the number of
search and browse actions executed before the
solver terminates;

« Difficulty level (difficulty_level): a
categorical label, with choices too_easy
(fewer than 4 steps or an obvious shortcut),
good (4+ steps with a coherent multi-hop
path), foo_hard (many steps but incorrect),
or broken (logical or factual issues);

¢ Shortcut risk (has_shortcut): whether
the task can be solved through direct lexical
overlap, snippet-only matching, or superficial
reformulation of the original question;

* Recommended action
(recommended_action): one of
EXPAND, REFINE, ROLLBACK, or FINALIZE,
which is fed back to the Strategist to guide
the next iteration.

Algorithm 1 Environment-Aligned Task Synthesis

Require: Seed task (), synthetic environment Esyn, Maxi-

mum iterations 7", number of solver rollouts K
Ensure: Verified task set D
: D+ 0
: Initialize current state s + z(©)
. Initialize last valid state syaliq < @
fork=1toT do
Select meta-action mg S
{EXPAND, REFINE, ROLLBACK, FINALIZE}

6 if m; = ROLLBACK then
7 if Svalia 75 < then
8 S 4= Svalid
9 end if
10 continue
11 end if
12 if mj;, = FINALIZE then
13: if Svalia ;é < then
14 Export Task(Svaia) to D
15 end if
16 break
17 end if
18 Generate candidate state s from s using meta-action
mg
19: if QUALITYGATE(S) = FAIL then
20: continue
21: end if
22: Collect solver trajectories 7(3) = {7, ..., 7}
in gsyn
23: Compute judge report p < JUDGE(7 (3))
24: if VALID(p) then
25: s < UPDATE(S, p)
26: Svalid < S
27: else
28: if Svalia # @ then
29: S < Svalid
30: end if
31: end if
32: end for
33: forallz € D do
34: Collect repeated solver trajectories 7 (x) in Esyn
35: if STABLEVALID(7 (x)) = FALSE then
36: Remove z from D
37: end if
38: end for
39: return D
Single-run validity gate. A candi-

date task passes the wvalidity gate if and
only if TRUE and
difficulty_level = good. Tasks that
fail this check are either rolled back or discarded.

is_correct =

Repeated-rollout stability check. Candidates
that pass the single-run validity gate are further
evaluated through K'=4 independent solver roll-
outs in &yyn. Each rollout records the predicted
answer and the number of interaction turns. We
compute the answer accuracy (fraction of runs with
a correct answer) and average turn count across
the K runs. This repeated evaluation serves as a
stability annotation: it quantifies how reliably the
task elicits correct multi-step solutions rather than
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depending on a single lucky trajectory.

Why repeated validation? Repeated-rollout val-
idation reduces false positives from single lucky
trajectories and provides a signal of task stability.
Tasks with high accuracy and consistent turn counts
across runs are more likely to provide a reliable
training signal during reinforcement learning.

Behavioral interpretation. A task is useful for
training not merely because it is linguistically plau-
sible, but because it reliably elicits the search—
browse behavior that the target policy is intended
to learn.

Judge rubrics. The Judge agent receives the
solver’s full interaction trajectory (truncated to 15K
characters) and returns a compact JSON assess-
ment. The exact prompt and output schema are
given in Appendix F (Figure 5).

D Implementation Details for the Shared
Synthetic Environment

We summarize key implementation details of the
shared synthetic environment &y,. Unless oth-
erwise stated, the same environment API is used
during task synthesis and reinforcement learning.

Environment backend. The shared environment
is instantiated with Qwen3-235B-A22B-Instruct.
We use a fixed backend within each experiment
to keep task synthesis, trajectory validation, and
policy learning aligned. Additional backend con-
figuration details, including decoding settings and
system prompts, are given in Appendix F.

Search interface. The search tool takes a query
string as input and returns a ranked list of candi-
dates, each consisting of (title, url, snippet) triples,
with up to N=5 results per query. The exact
prompting template, ranking format, and trunca-
tion rules are given in Appendix F.

Browse interface. The browse tool takes a tar-
get page or document identifier together with op-
tional context of the originating search query and
the selected search result snippet and returns a tu-
ple (url,title,page_content), where page
content is truncated to at most 4096 tokens. We
use context-linked browsing so that returned con-
tent remains anchored to the originating query and
search result.

Environment reuse across stages. The same en-
vironment interface is reused during task synthesis
and reinforcement learning, reducing mismatch be-
tween validation and training trajectories. This
shared setup is central to SYNSEARCH, since tasks
are generated, filtered, and later optimized in the
same synthetic search—browse environment.

Leakage control. Search and browse prompts are
restricted to information naturally available at infer-
ence time. In particular, they do not condition on
hidden references, gold answers, or any task meta-
data unavailable to the policy at execution time.
The exact prompt templates and leakage-control
checks are given in Appendix F.

Context and history handling. The environment
maintains a growing list of (role, content) message
pairs following the standard chat format, where
tool responses are appended as user-role messages
wrapped in <tool_response> tags across search and
browse steps. We use a maximum prompt length of
8192 tokens; tool responses are individually trun-
cated to at most 4096 tokens before appending to
the history to control context length and ensure
stable execution.

Failure handling. When the backend produces
malformed outputs, empty returns, or other exe-
cution failures, the environment returns a struc-
tured JSON error message (e.g., {"error": "..."}) as
the tool response and the episode continues; if the
model output is entirely unparseable, the episode
terminates immediately. The exact handling rules
used in evaluation are described in Appendix E.

E Reproducibility Details

This appendix summarizes the main implementa-
tion settings, hyperparameters, and evaluation de-
tails used in our experiments.

E.1 Synthesis Configuration

Table 8 summarizes the main configuration used in
environment-aligned task synthesis.

E.2 Training Hyperparameters

Table 9 summarizes the main reinforcement-
learning settings.

E.3 Synthetic Environment Settings

Table 10 summarizes the main settings of the
shared synthetic search—browse environment.
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Item Value

Seed-task source
Maximum synthesis iterations T 20

Solver rollouts per candidate K 4

Strategist model Kimi-K2.5

Solver model used in validation = Qwen3-235B-A22B-
Judge model Kimi-K2.5

Quality Gate criteria Uniqueness,
Validity thresholds

Stable-valid thresholds

Pseudo-multi-hop,
is_correct=True AND difficulty_level="good"
4-run final solver evaluation with accuracy and avg_turns

HotpotQA medium bridge

Instruct

Answer leakage

Table 8: Task-synthesis configuration. Main settings for closed-loop task synthesis and trajectory-based validation.

Item

Value

Training set size

RL algorithm

Policy backbone(s)
Learning rate

Batch size

Mini-batch size

Number of training steps
Rollouts per update
Maximum turns per episode
Reward WeightS ()\acc, )\entity7 Auniq7 Adecomp)
Optimizer

Computing infrastructure
Approximate training time

22,059 validated tasks
GRPO
Qwen2.5-7B-Instruct (for most experiments)
le-6

64

16

3 epochs

8

15

(0.5,0.3,0.1,0.1)
Adam

8x NVIDIA H20-96GB
~20 hours (per model)

Table 9: Training hyperparameters. Main settings for multi-turn reinforcement learning.

E.4 Evaluation Protocol Details

Unless otherwise stated, all methods are evaluated
under the same minimal ReAct-style outer loop.
At each step, the model emits either a search
action, a browse action, or a final answer, and the
environment returns the corresponding observation.

Step limits and stopping. We use at most 15
tool-interaction steps per episode. An episode ter-
minates when the model emits a final answer or
reaches the maximum step limit.

Action parsing. For structured tool-call agents,
model outputs are parsed into executable calls ac-
cording to a fixed schema. For Search-R1-style
textual agents, actions are extracted from text us-
ing rule-based parsing under the same outer-loop
controller.

Invalid-action and execution-failure handling.
If a model output cannot be parsed into a valid ac-
tion (i.e., it contains neither a recognizable tool call
nor a final answer), the episode is terminated imme-
diately and the step is counted as a wasted terminal
action with a fallback answer. No retry is attempted
for unparseable outputs. If an action is syntactically
valid but semantically unusable (e.g., empty query,
malformed URL, unknown tool name, or a runtime

execution error), the environment returns a struc-
tured error message as the tool response and the
episode continues, allowing the model to recover
in subsequent steps.

Stable executability under structured tool-call
interaction. All baselines are evaluated end-to-
end under the same outer-loop controller. For meth-
ods originally released in textual ReAct format, we
apply a lightweight system-prompt adapter that ex-
poses the structured tool-call schema, after which
checkpoints emit executable structured tool calls
and enter the alternating action—observation loop.
We do not exclude any baseline from the main ta-
bles.

Judge-based answer evaluation. For bench-
marks evaluated by semantic equivalence rather
than exact match, we use Kimi-K2.5 as the LLM-
based evaluator (prompt in Appendix F, Table 7;
human spot-check in Appendix G).

Real-search executor. Except for the synthetic
columns of Table 4, all reported results are obtained
with a real-search executor rather than the synthetic
backend, and every method is run through the same
executor. The search action is served by a com-
mercial search API (SearchCans /api/search)
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Item

Value

Environment backend

Qwen3-235B-A22B-Instruct

Decoding temperature 0
Maximum generated tokens 20480
Search result count NV 5

Browse truncation length
Context-linking policy

4096
context-linked browsing

Table 10: Synthetic environment settings. Main settings of the shared synthetic search—browse environment.

that forwards queries to live Google and returns
ranked title-URL—snippet lists in the same schema
as the synthetic environment. Requests carry no
explicit locale, country, or language parameter and
no date filter, so the provider infers the query lan-
guage from the query string itself. The number
of returned results per call matches the synthetic
setting.

The browse action fetches the requested URL
with a headless Chromium browser (Playwright)
and extracts main-body text with Trafilatura; when
extraction yields empty or near-empty content, we
fall back to a reader API and, failing that, to the
raw page text. Extracted text is truncated to the
same character budget as the synthetic environment,
so the two environments expose observations of
comparable length. Network timeouts, blocked
pages, and extraction failures are surfaced to the
policy as structured error observations and handled
by the same recovery path described above; they
do not silently terminate the episode.

All search responses are stored in a query-keyed
SQLite cache, and browse responses are keyed by
URL. Repeated calls within and across runs are
served from this cache, which fixes exactly which
documents each query returned for the duration of
the evaluation. Consequently the four evaluation
runs per checkpoint share one retrieval snapshot,
and differences across runs reflect policy sampling
rather than search-result drift. Because live web
content changes over time, absolute numbers ob-
tained from a snapshot collected at a different date
may shift, while comparisons within our snapshot
remain internally consistent.

E.5 Seed-Evaluation Decontamination

Our seed pool is drawn exclusively from
the official HotpotQA training split
(hotpot_medium_bridge). All evalua-
tion benchmarks (HotpotQA dev, 2WikiMulti-
HopQA dev, Bamboogle, MuSiQue dev, GAIA,
WebWalker, xbench, BrowseComp-zh) use

disjoint splits or independently constructed test
sets, ensuring no overlap with our seeds by
construction.

As a secondary audit, we performed exact and
normalized string matching on (question, answer)
pairs between the validated synthesized tasks and
all evaluation sets. The audit found zero exact-
match overlaps on questions and zero overlaps
on (question, answer) pairs across all eight bench-
marks. We therefore conclude that the reported
gains cannot be attributed to test-time leakage from
the seed source.

E.6 Pipeline Cost Comparison

Our synthetic environment uses Qwen3-235B-
A22B-Instruct to simulate both the search and
browse tools, so it incurs only LLM-token cost.
We compare its per-call and per-step cost with two
widely used real-web search APIs, Google Cus-
tom Search API and SerpAPI. All figures are based
on public list prices: Qwen3-235B-A22B-Instruct
on OpenRouter at $0.071 / 1M input tokens and
$0.10 / 1M output tokens; Google Custom Search
at $5 / 1,000 queries; SerpAPI pay-as-you-go at
roughly $0.01 / query. Our environment is fully
cacheable across runs and is not subject to API quo-
tas or temporal drift; in addition, both Google CSE
and SerpAPI return only search snippets, so any
browse-time evidence under real-web baselines re-
quires a separate scraping or reader service, whose
cost is not included in Table 11.

F Prompt Templates

This appendix documents the full prompt templates
used in the environment-aligned task synthesis
pipeline (Section F.1) and the inference-time search
agent (Section F.2).

F.1 Task Synthesis Agent Prompts

Table 12 gives an overview of all agents and their
roles. The complete prompts are listed below.
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Item (USD) Ours (Qwen3-235B sim.) Google CSE SerpAPI

Search call (avg.) 2.5x1074 5.0x1073 1.0x1072
Browse call (avg.) 5.0x107% — —
Synthesis per task 0.025 — —

Per GRPO step' ~2.5 ~12.8 ~25.6
Rate limit none strict quota quota
Reproducibility cacheable content drift content drift

Table 11: Pipeline cost comparison (USD), based on public list prices. Per-call costs of our environment are
estimated from average per-call token usage under Qwen3-235B-A22B-Instruct. TPer-GRPO-step cost assumes 64
questions x 8 rollouts x ~5 search calls each; numbers for Google CSE and SerpAPI cover search calls only and
exclude browse-side scraping or reader cost. Our synthetic environment is roughly 5 x cheaper than Google CSE
and 10x cheaper than SerpAPI, while remaining free of external rate limits and temporal drift.

Strategist Agent Prompt

System Prompt

You are a strategic decision-making agent for multi-hop question generation.
Your task is to analyze the current state, diagnose problems, and decide the
next action.

Goal: Generate challenging multi-hop questions that require multiple search
steps (4+ guideline). Available Actions: EXPAND (add hop), REFINE (increase
difficulty without new hops), ROLLBACK (undo last change), FINALIZE (output
result). Decision Factors: Solver Performance, Question Quality, Difficulty
Balance, Action History.

User Prompt (Template)

Original Question: {original_question}

Current Question: {current_question} | Answer: {answer}

Current Level: {current_level}/{max_levels} | Iteration: {iteration_count}
Action History: {action_history}

Latest Difficulty Report: {difficulty_report}

Solver Trajectory Summary: {solver_summary}

Output JSON: {"decision": "EXPAND" | "REFINE" | "ROLLBACK" |"FINALIZE",
"problem_diagnosis": ..., "root_cause": ..., "suggested_fix": 5o0o0g
"expand_target": ..., "confidence": ..., "reasoning": oo}

Figure 2: Strategist Agent prompt. The Strategist analyzes the current state and decides the next meta-action
(EXPAND / REFINE / ROLLBACK / FINALIZE).

Agent Role Prompt Ref.
Strategist Meta-action selection Figure 2
Expand Bridge-based hop addition Figure 3
Refine Difficulty enhancement Figure 4
Judge Trajectory evaluation Figure 5
Quality Gate Pre-verification filtering Figure 6
Answer Checker Semantic equivalence Figure 7

Table 12: Overview of synthesis agents and their prompt
references.

F.2 Inference-Time Search Agent Prompt

At inference time, the trained policy interacts with
the environment using the following prompt struc-
ture (Figure 8).
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Expand Agent Prompts

Step 1: Select Target Entity

Your task: Select ONE short entity from the question that can be replaced with
a related “bridge” entity.

Requirements: Must be a SPECIFIC entity (person, place, event, organization,
year); Must appear EXACTLY in the question; Must NOT be the answer; Choose
entities with rich cross-entity connections.

Input: Question: {question} | Answer: {answer} | Already used bridges:
{used_bridges}
Output JSON: {"target_entity": ..., "reasoning": ...}

Step 2: Select Bridge from Search Snippets

Given search results about “{target_entity}”, select a BRIDGE ENTITY that can
replace it.

Requirements: Must appear in search snippets; Must have a CLEAR factual
relationship with target; Must NOT directly reveal the target; Must be SPECIFIC
and SEARCHABLE; Must NOT contain the target entity string; Must NOT include
answer.

Input: Target: {target_entity} | Search Results: {search_snippets}

Forbidden entities: {forbidden}

Output JSON: {"bridge_entity": ..., "relationship": ..., "bridge_fact": oo00gp
"reasoning": coL )

Step 3: Rewrite Question

Rewrite the question by replacing “{target_entity}” with a description
referencing “{bridge_entity}”.

Requirements: MUST mention bridge explicitly; MUST NOT mention target directly;
Same answer; Grammatically correct; No entity repetition; Must not allow direct
one-step lookup (avoid pseudo multi-hop) .

Input: Original Question, Answer, Bridge Information (target, bridge,
relationship, fact)
Output JSON: {"replacement_phrase": ..., "new_guestion": c.ou )

Figure 3: Expand Agent prompts. Three-step process: select target entity, select bridge from search results, rewrite
question.

Refine Agent Prompt

System Prompt

You are a question difficulty enhancer. Your task is to FUZZ (obscure)
information in the question to make it more challenging.

FUZZ Rules: (1) Fuzz exactly ONE piece of information. (2) Resulting question
must remain clear with a unique answer. (3) Do NOT leave obvious direct hints.
Techniques: Remove Direct Hints, Attribute Substitution, Generalization.

FORBIDDEN: Do NOT introduce ambiguity; Do NOT contradict Known Facts; Do NOT
change the answer.

User Prompt (Template)

Current Question: {current_question}

Correct Answer (MUST NOT CHANGE) : {answer}

Known Facts: {known_facts} (bridge facts from previous EXPAND steps)

Strategist Analysis: Problem Diagnosis: {problem_diagnosis} | Suggested Fix:

{suggested_fix}

Previous Attempts: {previous_attempts}

Output JSON: {"refined_question": ..., "technique_used":

"remove_direct_hints"|"attribute_substitution"|"generalization", "fact_used":
"reasoning": o)

Figure 4: Refine Agent prompt. Increases difficulty by obscuring one piece of information without adding new
hops.
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Judge Agent Prompt

System Prompt

You are an expert evaluator for multi-hop question generation quality. Analyze
a solver agent’s attempt and provide a concise assessment.

Action Definitions: EXPAND (too easy, add hop), REFINE (shortcuts/leakage,
improve wording), ROLLBACK (broken/unsolvable), FINALIZE (correct and good
difficulty).

Difficulty Guidance: too_easy (0-3 steps or obvious shortcut), good (4+

steps with coherent path), too_hard (many steps but incorrect), broken
(logical/factual issues).

User Prompt (Template)

Original Question: {original_question} | Current Question: {current_question}
Ground Truth Answer: {ground_truth}

Solver Trajectory: {solver_trajectory} (full trace, truncated to 15K chars)
Solver Final Answer: {final_answer}

Output JSON: {"is_correct": Dbool, "total_steps": int, "difficulty_level":
"too_easy"|"good" |"too_hard"|"broken", "has_shortcut": bool,
"recommended_action": "EXPAND" | "REFINE" | "ROLLBACK" | "FINALIZE", "reason": ,
"suggestions": [...1}

Figure 5: Judge Agent prompt. Evaluates solver trajectories and recommends the next meta-action.

Quality Gate Prompt

System Prompt

You are a question quality gate for multi-hop question generation. Check
whether the question should proceed to solver verification.

Checks: (1) Uniqueness: unique, unambiguous answer. (2) Pseudo multi-hop:
detect structural shortcuts. IMPORTANT: Ignore whether a clue is “well-known”;
do NOT reject just because it is famous. Only mark shortcut if question text
explicitly contains target/answer. (3) Leakage: must not directly reveal the
answer.

User Prompt (Template)

Original Question: {original_qguestion} | Current Question: {current_question}
Gold Answer: {answer} | Bridge Context: {bridge_info}

Output JSON: {"pass": Dbool, "failed_checks": [...], "uniqueness":
{"is_unique": Dbool, ...}, "pseudo_multihop": {"has_shortcut": bool, ...},
"leakage": {"leaks_answer": bool, ...}, "rollback_reason": ..

Figure 6: Quality Gate prompt. Pre-verification check for uniqueness, pseudo multi-hop, and answer leakage.

Answer Checker (Semantic Equivalence) Prompt

System Prompt

You will be given a question, a solution and a ground truth answer. Your task
is to determine if the answer that the solution gives is equal to the ground
truth answer, ignoring minor differences in formatting, spacing, or notation.
You must respond in JSON format with a ‘equivalent’ field that is either true or
false.

User Prompt (Template)

Question: {question}
Solution: {predicted_answer}
Ground truth answer: {ground_truth}

Is the answer produced by the solution semantically equivalent to the
ground-truth answer? Respond in JSON format with only the ‘equivalent’ field.
Be strict and accurate.

Example response: {"equivalent": true}

Figure 7: Answer Checker (Semantic Equivalence) prompt. Used during synthesis validation and reward
computation.
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Inference-Time Search Agent Prompt

System Prompt

You are a helpful assistant designed to solve tasks using the provided tools.
Your task is to answer the user’s question by calling the appropriate tools.

1. You MUST provide your brief reasoning process before using any tool.

2. You MUST call at least one tool before giving a final answer, even if you
think you know the answer.

3. Tool calls must be wrapped in <tool_call>...</tool_call> and contain only
JSON.

4. Final answers must be wrapped in <answer>...</answer>.

Tools: [{"type": "function", "function": {"name" : "web_search", "parameters":
{"query": str, "num_results": int}}}, {"type": "function", "function":
{"name": "web_browse", "parameters": {"url": str, "max_chars": int}}}]

User Prompt (Template)

Task: Please answer the following question. You must use the provided tools to
search or browse for information before answering.

Question: {question}

Requirements: (1) Call at least one tool before answering. (2) Do NOT answer
from internal knowledge. (3) Final answer must cite evidence from tool results.
(4) Call only one tool at a time with brief reasoning. (5) Once complete,

output final answer in <answer></answer>.

Figure 8: Inference-time search agent prompt. The system prompt defines tool-call format and available tools;
the user prompt specifies the task.
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G LLM-as-Judge Robustness Analysis

Our evaluation relies on an LLM-based judge for
answer equivalence (Eq. 5). To verify that this
judge produces reliable scores, we conduct a hu-
man spot-check study. The judge prompt is shown
in Table 7.

G.1 Human Spot-Check Protocol

We randomly sample 100 question—answer pairs
from our evaluation outputs (100 distributed across
the eight benchmarks). Two human annotators in-
dependently label each pair as equivalent or not
equivalent to the ground-truth answer, following
the same semantic-equivalence criterion used by
the LLM judge. Disagreements between human
annotators are resolved by discussion. We then
compare the LLM judge decisions against the con-
sensus human labels.

G.2 Human-Judge Agreement

Table 13 reports the agreement between the LLM
judge and human consensus.

Metric Value
Human inter-annotator agreement  99.0%
LLM-Human agreement 96.0%
Precision (LLM, w.r.t. Human) 97.5%
Recall (LLM, w.r.t. Human) 92.9%
F1 (LLM, w.r.t. Human) 95.1%

Table 13: Human spot-check results. Agreement be-
tween the LLM judge (Kimi-K2.5) and human consen-
sus annotations on 100 randomly sampled evaluation
predictions. Human labels serve as ground truth.

G.3 Error Analysis

We categorize the cases where the LLM judge dis-
agrees with human consensus into the following

types:

Error Type Count %

FP (judge: equiv., human: not) 1 1.0
FN (judge: not equiv., human: equiv.) 3 3.0

Table 14: Error categorization. FP errors are mainly
partial-date matches (e.g., “1965” vs. “1965-08-09");
FN errors arise from synonyms or abbreviations that
humans accept but the judge rejects.

G.4 Qualitative Examples

Table 15 shows representative cases from the spot-
check, including both agreements and disagree-

ments, illustrating the judge’s behavior across dif-
ferent answer formats.

H Fine-Grained Reward Ablation

Table 7 in the main text compares answer-only
training with the full composite reward. Here we
provide a fine-grained ablation that removes each
auxiliary reward component individually to isolate
its contribution.

H.1 Experimental Design
Recall the composite reward (Eq. 4):

R(r,z) = Z

ke{acc,entity,uniq,decomp}

)\kRk (7—7 ZL’),

with default weights (0.5,0.3,0.1,0.1). For each
ablation variant, we disable one auxiliary compo-
nent (setting its weight to zero) and train under oth-
erwise identical settings: same training-task subset,
backbone (Qwen2.5-7B-Instruct), and hyperparam-
eters. This isolates the behavioral and accuracy
impact of each reward signal.

H.2 Results and Analysis

Table 16 reports the results. Each auxiliary reward
component addresses a distinct failure mode; re-
moving any one of them degrades the full system,
but through qualitatively different mechanisms.

Query uniqueness (R,niq) is the most critical
auxiliary signal. Removing R, causes the
most severe collapse: overall accuracy drops from
44.61 to 20.01, with the deep-search average falling
to just 4.45. The PerQDup ratio rises sharply from
7.18 to 16.17, indicating that the model falls into
a repetitive querying loop—issuing the same or
near-identical queries without making progress. Al-
though AvgSearch is the highest among all variants
(5.92), these additional search steps are largely re-
dundant. This suggests that without an explicit
incentive to diversify queries, the model degener-
ates into a perseverative search pattern that wastes
its interaction budget on duplicate retrievals.

Original-question decomposition (R2gccomp) pre-
vents lazy search. Removing Rgccomp leads to
the second-largest accuracy drop (44.61 — 33.36).
The most telling signal is the OrigQ metric: it
surges from 1.02 to 30.95, meaning nearly one-
third of all queries are verbatim copies of the orig-
inal question. Without this penalty, the model de-
faults to a shortcut strategy: submitting the orig-
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Question (abbrv.) Predicted Ground Truth Judge Human Note

HKCU 2025 QS rank im- 10 10 v v Exact match; trivial case.

provement over 20207

Restaurant near a theatre off Dongzhimen Shuan Dongzhimen v v Extra branch-name suffix;

Metro Line 13? Rou (Dongzhimen Shuan Rou core entity matches.

branch)

Go player Zhan Ying’s 2024 4W-12L OW=2L X X Clearly wrong; both agree

record? not equivalent.

Country not in WWI, when 1965 1965-08-09 v X FP: Judge accepts year-

founded? only; humans require full
date.

Ticket text of a porcelain Porcelain Palace Thousand-Year X v FN: Humans accept abbrevi-

palace attraction?

Porcelain Palace,
Eternal Treasure

ation; judge rejects.

Table 15: Qualitative examples from the human spot-check. The “Judge” and “Human” columns show binary
equivalence decisions. The last two rows illustrate the two disagreement types (false positive and false negative).

Variant | Acc Ent Uniq Dec | MH Avg. DS Avg. Avg. | AvgSearch AvgBrowse PerQDup| OrigQl
Answer Only v - - @ — 50.98 29.85 4041 2.13 0.41 8.98 43.99
w/o Entity v ooo— v v 50.98 31.73  41.35 3.18 1.36 2.82 2.40
w/o Uniqueness | v v — v 35.58 4.45 20.01 5.92 1.25 16.17 1.25
w/o Decomp v v v — 39.73 27.00 33.36 3.53 1.27 7.32 30.95
Full v v v v 55.90 3333  44.61 4.00 1.70 7.18 1.02
Table 16: Fine-grained reward ablation on Qwen2.5-7B. v indicates that the component is enabled; “— indicates

that it is removed.

inal multi-hop question directly to the search en-
gine rather than decomposing it into targeted sub-
queries. This fundamentally undermines the multi-
step reasoning process that deep-search tasks re-
quire.

Entity coverage ([Rcnity) has the smallest
but still meaningful impact. Removing Rengity
causes the mildest degradation: accuracy drops
modestly from 44.61 to 41.35. Interestingly,
PerQDup drops to its lowest value (2.82) and OrigQ
remains low (2.40), suggesting that the remaining
uniqueness and decomposition rewards already en-
force reasonable query diversity. However, the
gap to the full reward (3.26 points) is concentrated
on multi-hop QA benchmarks (MH Avg. 50.98
vs. 55.90), where bridge-entity traversal is most
important. Browse usage also decreases slightly
(1.36 vs. 1.70), consistent with the hypothesis that
entity coverage encourages page-level inspection
of intermediate entities.

Summary. The three auxiliary rewards target
complementary failure modes: Rniq prevents de-
generate repetition, Rgecomp prevents lazy verba-
tim querying, and Rentity encourages thorough
entity traversal. Their combined effect is super-

additive: no single-component ablation recovers
the full reward’s performance, confirming that shap-
ing the search process requires addressing multiple
behavioral dimensions simultaneously.

I Qualitative Case Studies

We present four representative interaction trajecto-
ries comparing SYNSEARCH with baselines. Each
case is shown as side-by-side panels—baseline on
the left ( red tint ) and SYNSEARCH on the right
( blue tint )—to highlight differences in search
strategy. Both agents receive the same system
prompt and tools (web_search, web_browse).
Tool responses are lightly abbreviated, retaining all
snippets that influenced the agent’s decisions.

J Artifact Licenses and Intended Use

We use publicly available benchmarks and pre-
trained models under their respective licenses
or terms of use. Specifically, the evaluation
benchmarks (HotpotQA, 2WikiMultihopQA, Bam-
boogle, MuSiQue, GAIA, WebWalkerQA, xbench,
BrowseComp-zh) are accessed through their of-
ficial releases and used in accordance with their
stated terms. The backbone language models
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Baseline

SYNSEARCH

T1
Think “I need to find relevant information about
Suzanne Farrington’s mother and her place of death.”
Search web_search (“Suzanne
Farrington’s mother place of death”)
Result [1] “Suzanne Farrington, Vivien Leigh’s only child. She
passed away presumably at home in Lower Zeals, Wiltshire. ..”
[5] “Suzanne Farrington was the only child of film star Vivien Leigh.”
= “Suzanne Farrington passed away in Lower Zeals.
This appears to be the place of death of Suzanne
Farrington’s mother.”

Answer: Lower Zeals x

T

Think “I need to first gather information about Suzanne
Farrington and her mother.”

Search web_search (“Suzanne
Farrington’s mother’s place of

death”)

Result [1] “Suzanne Farrington, Vivien Leigh’s only child. She
passed away. ..in Lower Zeals...” [5] “...only child of film star Vivien
Leigh.”

T2

Think “Mother was Vivien Leigh. The result mentions
Suzanne passed away in Lower Zeals—however, this
refers to Suzanne’s death, not her mother’s. I need to
search for Vivien Leigh’s death.”

Search web_search (“Wivien Leigh’s
place of death”)

Result [2] “Death: 8 Jul 1967 (aged 53). Belgravia, City of
Westminster, Greater London.” [3] “Found dead. . . in the fashionable
Belgravia district.”

T3

Think “I will visit the Wikipedia page for Vivien Leigh
to verify her death location.”

Browse web_browse (“en.wikipedia.org/
wiki/Vivien_Leigh”)

Result “Vivien Leigh. .. was found dead in her London
apartment. ..”

T4

Think “Wikipedia confirms London. Searching for the
exact address.”

Search web_search (“Wivien Leigh place
of death”)

Result [1]“8 July 1967...London, England.” [2] “The death at 54
Eaton Square in Belgravia.”

= “Vivien Leigh died at 54 Eaton Square, Belgravia,
London.”

Answer: London (Belgravia) v/

Table 17: Case 1 2WikiMultiHopQA). Where was the place of death of Suzanne Farrington’s mother? Ground

Truth: London. The baseline confuses Suzanne’s death with her mother’s after one search; SYNSEARCH identifies

the bridge entity (Vivien Leigh) and verifies via multi-step search and browsing.

(Qwen2.5, Llama3.1, Qwen3) are used under the

licenses provided by their respective developers.

The SYNSEARCH source code and synthetic task

data are intended solely for academic research.
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en.wikipedia.org/wiki/Vivien_Leigh

Baseline SYNSEARCH

T1-T40 T1
Think The baseline repeatedly queries “1928 Summer Think “I need data on athlete counts per country at the
Olympics athletes by country” and browses Wikipedia, 1928 Olympics.”
Olympics.com, and other pages across 20 searches and Search web_search (Y1928 Summer
19 browses (40 turns total). Despite extensive effort, it Olympics athletes per country”)

fails to locate structured per-country athlete counts and
incorrectly identifies Malta as having the fewest athletes.

Answer: MLT x

Result [1] Wikipedia: “706 athletes from 40 nations competed.”
[3] olympedia.org: “NOCs at the 1928 Amsterdam.”

T2

Think “olympedia.org seems promising for structured
data.”

Search web_search (%1928 Summer
Olympics athletes per country list”)

Result [1] olympics.com: general overview.
[3] olympedia.org/editions/9: “NOCs..."

T3

Think “I’ll browse olympedia.org directly for the
structured table.”

Browse web_browse (“olympedia.org/
editions/9/countries”)

Result Structured table with athlete counts: CUB: 1M/0F = 1 total;
HAL: 2M/OF = 2; BUL: 5M/OF = 5; MLT: 9M/0OF =9; . ..

= “CUB (Cuba) has the smallest total: 1 athlete.”
Answer: CUB v/

Table 18: Case 2 (GAIA). What country had the least number of athletes at the 1928 Summer Olympics? If there’s
a tie, return the first alphabetically. Give the I0OC country code. Ground Truth: CUB. The baseline exhausts 20
searches and 19 browses over 40 turns yet answers incorrectly; SYNSEARCH locates the answer in just 2 searches
and 1 targeted browse. Note that the baseline panel is an uncapped diagnostic run: under the 15-step budget used
for all quantitative results (Appendix E) it never emits an answer and instead loops on near-duplicate queries, so
we lifted the cap for this panel only in order to show where the trajectory ends up. Step counts in this panel are
therefore not comparable to the capped numbers reported in the main tables.
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Baseline

SYNSEARCH

T1
Think “I need Zhan Ying’s 2024 official match record.”
Search web_search (same query)

Result [1] “Zhan Ying’s 2022 record: 4W-12L." [3] Sina Sports:
“Zhan Ying’s record this year was only 4W-12L.”
= Accepts “4W-12L" without verifying which year
“this year” refers to.

Answer: 4W-12L x

T
Think “I need Zhan Ying’s 2024 official match record.”

Search web_search (“Zhan Ying 2024 Go
match record”)

Result [1] “Zhan Ying competed in two official Go matches in 2024,
both losses. May 13 lost to Ding Kewen; Sep 21 lost to Chen Xinyang.”
[3] Sina Sports: “...record this year was only 4W—12L.”

T2

Think “Conflicting data: OW-2L vs. 4W—12L. I need to
verify the Sina article to check which year ‘this year’
refers to.”

Browse web_browse (“unifuncs.com/s/
DPZ64pIz")

Result Aggregated analysis page confirming two 2024 losses; also
citing Sina Sports article mentioning “4W-12L" without clear year

attribution.

T3
Think “The ‘4W-12L’ figure needs source verification.
I’ll read the original Sina article.”

Browse web_browse (“sports.sina.com.cn/
go/2024-11-27/doc-incxparp3742867.
shtml”)

Result Article text: “In 2022, affected by the pandemic, Go events
were sharply reduced; Zhan Ying’s record that year was only 4W-12L."
= “The 4W-12L figure refers to 2022, not 2024. For
2024 official matches: OW-2L.”

Answer: OW=-2L v

Table 19: Case 3 (xbench). What is Go player Zhan Ying’s win—loss record in official matches in 2024? Ground
Truth: 0 wins, 2 losses. The baseline accepts an unverified figure (4W-12L) that conflates years; SYNSEARCH uses
web_browse to trace the source article and correctly disambiguates the time period.
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Baseline

SYNSEARCH

T1
Think “I will search for the two papers.”

Search web_search (verbatim question)

“...first authors are Ding Jiangang...” (name truncated).
= Directly outputs the incomplete snippet.
Answer: Ding Jiangang x

(Never calls web_browse; second author’s full name missing.)

Result Results include a HuggingFace dataset link and a snippet:

T1

Think “I need to find both papers on the university
website.”

Search web_search (“Chang’an

Univ. Info. Eng. + ESWA")

Result [1]it.chd.edu.cn/info/1053/1247: sea-surface detection.
[2] it.chd.edu.cn/info/1053/1262: lane-changing.

T2

Think “Found two relevant university news pages.
Browsing the first one.”

Browse web_browse (“it.chd.edu.cn/info/
1053/1247.htm”)

Result Full page (7521 chars, not truncated): ... first author Ding
Jiangang, advisor Prof. Li Wei. .. Sw-YoloX: An anchor-free detector
based transformer for sea surface object detection.”

T3

Think “First author confirmed: Ding Jiangang. Now
browsing the second page.”

Browse web_browse (“it.chd.edu.cn/info/
1053/1262.htm"”)

Result Full page (6834 chars, not truncated): “...teacher Wang
Zhen published as first author. .. A Dynamic Cooperative Lane-changing
Model for Connected and Autonomous Vehicles.”
= “The two first authors are Ding Jiangang and Wang
Zhen.”

Answer: Ding Jiangang and Wang Zhen v/

Table 20: Case 4 (WebWalker). Who are the first authors of two papers published by the School of Information
Engineering at Chang’an University in Expert Systems with Applications, on sea-surface object detection and
cooperative lane-changing, respectively? Ground Truth: Ding Jiangang and Wang Zhen. The baseline searches
once with the verbatim question, obtains only a partial answer, and never browses; SYNSEARCH locates and browses
the university’s news pages to extract both authors precisely.
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