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Abstract

Deep search agents, which aim to answer
complex questions requiring reasoning across
multiple documents, can significantly speed
up the information-seeking process. Collect-
ing human annotations for this application is
prohibitively expensive due to long and com-
plex exploration trajectories. We propose an
agentic pipeline that automatically generates
high-quality, difficulty-controlled deep search
question-answer pairs for a given corpus and
a target difficulty level. Our pipeline, SAGE,
consists of a data generator which proposes
QA pairs and a search agent which attempts to
solve the generated question and provide ex-
ecution feedback for the data generator. The
two components interact over multiple rounds
to iteratively refine the question-answer pairs
until they satisfy the target difficulty level. Our
intrinsic evaluation shows SAGE generates ques-
tions that require diverse reasoning strategies,
while significantly increases the correctness
and difficulty of the generated data. Our ex-
trinsic evaluation demonstrates up to 23% rela-
tive performance gain on popular deep search
benchmarks by training deep search agents
with our synthetic data. Additional experiments
show that agents trained on our data can adapt
from fixed-corpus retrieval to Google Search at
inference time, without further training.1

1 Introduction

Large language models (LLMs) are increasingly
used as agents which interact with external en-
vironments and solve complicated tasks, such as
coding (Jimenez et al., 2024; Dong et al., 2025),
e-commerce and social forum discussion (Zhou
et al., 2024; Peeters et al., 2025). Recently, there
is a growing interest in building search-augmented

*Work performed during an internship at Google Cloud
AI Research. Corresponding author: fx2079@nyu.edu,
{rujunh, chenyulee}@google.com

1The code and data will be released at https://github.
com/carriex/sage.

agents that retrieve and reason about external in-
formation to solve complicated questions (Trivedi
et al., 2023; Asai et al., 2024; Jin et al., 2025).
High-quality, complex question–answer pairs are
pivotal for training and evaluating capable search
agents. Yet, such high quality data is not easily
accessible and costly for humans to annotate (Wei
et al., 2025; Krishna et al., 2025).

Earlier work on retrieval-augmented genera-
tion (RAG) primarily focuses on questions where
one search suffices to provide the necessary con-
text (Joshi et al., 2017; Kwiatkowski et al., 2019;
Han et al., 2024). Subsequent datasets (Yang et al.,
2018; Trivedi et al., 2022) extended this setting
to multi-hop reasoning. However, questions in
these benchmarks typically require no more than
four retrieval and reasoning steps. Furthermore,
their dependence on extensive human annotation
or pre-existing structural information (e.g. inter-
document links) makes such approach difficult to
scale to tasks that demand longer reasoning and
search chains, limiting their applicability.

To address the limitations of prior work, we pro-
pose an agentic data generation pipeline that lever-
ages search-augmented LLMs to generate high-
quality, challenging data for training and evaluat-
ing deep search agents. In contrast to most existing
search-augmented QA datasets, which begin with
a question and then retrieve supporting evidence to
find the answer (Dunn et al., 2017; Kwiatkowski
et al., 2019), our pipeline adopts reverse formu-
lation to ensure the faithfulness of the generated
data (Wei et al., 2025). Specifically, given a ran-
domly sampled document from a corpus and a tar-
get difficulty level, our pipeline employs a search-
augmented data generator to iteratively search and
reason, generating an initial question–answer(QA)
pair grounded in the retrieved evidences.

We find that reverse generation alone is not suffi-
cient to consistently produce correct QA pairs that
require a targeted number of search steps. As the
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Figure 1: Illustration of our proposed method: (1) we first employ a data generator (Agen) to generate an initial
question, answer (QA) pair with a target number of search steps S for difficulty control. Our framework then (2)
collect execution traces from search agent (Asearch) and (3) provide the execution feedback for the data generator
agent to re-generate a QA pair. In this example, the initial QA pair generated does not satisfy the target step S=4.
After re-generation with search agent’s feedback, the new QA pair is both correct and difficult. Noticeably, the
question complexity increases from q0 to q1.

target number of steps increases, the data generator
increasingly fails to generate correct QA pairs that
satisfy the target difficulty level. This reveals a
common pitfall: a mismatch between the data gen-
erator’s intended search plans and the actual num-
ber of search steps required to answer the question,
as illustrated in Figure 1. Our observations inspire
us to propose a dual-agent framework, which con-
sists of a data generator agent and a search agent.
The data generator agent first generates an initial
draft of the question and answer pair. The gener-
ated question-answer pair is validated by a search
agent to solve the question. We collect multiple
traces from the search agent to gather feedback
of the correctness and difficulty of the generated
data. These execution traces are fed into the data
generator to produce a new QA pair.

Experiment results show that our frame-
work, SAGE (Steerable Agentic Generation with
Execution Feedback), significantly increases the
quality of the generated data as measured by cor-
rectness and difficulty. We further conduct ex-
periments on training search agents with our gen-
erated data, showing 27% relative improvements
on in-domain evaluation set and up to 23% rel-
ative improvement for out-of-domain evaluation

data (Trivedi et al., 2022; Krishna et al., 2025)
across two model sizes (3B and 7B). Our analy-
sis reveals that the generated data requires more
diverse reasoning types than existing benchmarks.

2 Background

2.1 Search agent
Given an input question q, a search agent Asearch

issues search queries (s0, s1, ... si) to a retrieval
tool T to gather information in a multi-turn manner
before providing the final answer a. Following the
ReACT (Yao et al., 2023) framework, the agent al-
ternates between outputting reasoning traces si and
issuing search queries si, outputting a sequence
of {r0, s0, r1, s1, ...ri, si,a}. We omit the infor-
mation returned by the search tool in the notation,
which will be appended as input to the LM after si.

2.2 Training a search agent
While earlier work (Trivedi et al., 2023; Yao et al.,
2023; Li et al., 2025b) explored prompting an
LLM to use a search tool, recent work has shown
that further training the model with either super-
vised learning (Asai et al., 2024) or reinforcement
learning (Jin et al., 2025; Nakano et al., 2021) is
beneficial. Supervised fine-tuning requires a set
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Dataset Annotation # search ↑ Avg@8 ↓
Large-scale training data

NQ Human 1.3 83.1
HotpotQA Automatic 2.1 82.9
Musique Automatic + human 2.7 64.4

Small-scale evaluation data
FRAMES Human 3.2 74.3

SAGE Automatic 4.9 79.5

Table 1: Comparison with other multi-hop question
answering datasets. To estimate dataset difficulty, we re-
port both average number of searches (# search) and av-
erage performance of 8 samples from search-augmented
gemini-2.5-flash.

of question q∗, answer a∗, as well as gold tra-
jectory which consists of sub-queries, reasoning
trace and information returned from search tool:
{r0, s0, d0, r1, s1, d1...ri, si, di}. As it is expen-
sive to collect gold trajectories (Nakano et al., 2021;
Asai et al., 2024), recent work (Jin et al., 2025) pro-
poses training a search agent using reinforcement
learning with outcome reward that measures the
quality of the final answer a via exact match with
a gold answer a∗. While training the model with
reinforcement learning eliminates the need for gold
trajectories, a set of high quality (q, a) pairs are
essential for training a capable search agent.

2.3 Existing training and evaluation data

We review widely adopted datasets for training a
search agent in Table 1. While there are large-scale
data annotated by human, they primarily consist
of questions requiring a small number of steps to
answer, as indicated by # search in Table 1. Hot-
potQA (Yang et al., 2018) and Musique (Trivedi
et al., 2022) consist of multi-hop data, constructed
through automatic or partially automatic pipelines.
As constructing such a dataset can be cognitively
heavy and time consuming for human, recent effort
focuses on relatively small-scale human annotated
evaluation set to benchmark performances of LLM
agents (Krishna et al., 2025; Wei et al., 2025).

Concurrent work such as WebDancer (Wu et al.,
2025) and WebShaper (Tao et al., 2025) propose
automatic training data construction pipeline. They
focus on the setting of using a browsing tool as the
retriever, which is non-trivial to reproduce (Chen
et al., 2025) and expensive to train due to excessive
API costs. Moreover, their large-scale data is not
yet publicly available. We provide a more compre-
hensive discussion of prior and concurrent efforts

to synthetically generate deep search training data
in Section 6.

3 Generating Synthetic Data for Deep
Search Agent: SAGE

Our goal is to generate (question, answer) pairs
that require a search agent to issue multiple calls
to a search tool and reason over the retrieved infor-
mation before deriving the final (question, answer)
pair. Our framework consists of the following com-
ponents: a data generator agent Agen, a search
agent Asearch, a retrieval model T and a corpus D
containing a set of documents. In this section, we
describe each component of our framework. The
full procedure is outlined in Algorithm 1 and we
include the implementation details such as prompt,
decoding setting in Section A.2 in the appendix.

3.1 Initial data generation with difficulty
prompt

Given an input document d randomly sampled from
a corpus D, a data generator agent is instructed to
generate an initial (question, answer) pair {q, a}
by iteratively issuing search query (s0, s1, ... si)
interleaved with reasoning traces to collect relevant
information from the corpus (Line 8 in Alg 1). The
iterative process ends when the agent outputs an
initial {q, a} pair. The exact prompt used for this
process is in Figure 4 in appendix.

Difficulty prompt. Questions can have various
levels of difficulty depending on the number of
search and reasoning steps. We propose to use the
number of steps S required by the search agent
as a proxy measure for difficulty. Specifically, we
include the target search step S in the input prompt
to the data generator agent and instruct it to reason
and plan in order to produce a question that requires
the target number of search steps to solve.

3.2 Verifying the generated data

Generated data can be incorrect or require less than
the specified number of search steps to solve. To
verify the quality of the generated data, we use a
search agent Asearch to solve the generated ques-
tion (Line 12 in Alg 1). Given the generated ques-
tion q, the search agent iteratively issues search
queries before producing an answer a′. As the
search agent itself is imperfect and may fail to
find a solution for a valid (q, a) pair, we sample
K traces from the search agent. We focus on two
criteria for data quality:
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Algorithm 1 Agentic Data Generation with Execution Feedback
Require: Agen: data generator agent; Asearch: search agent; d: input document; S: target search steps; K: number of search

traces; R: max feedback rounds.
1: Tgen ← ∅, Tsearch ← ∅ ▷ Initialize accumulated Agen and Asearch traces.
2: IS_CORRECT← False, IS_DIFFICULT← False
3: for r ∈ {0, . . . , R} do
4: if IS_CORRECT ∧ IS_DIFFICULT then
5: break
6: else
7: if r = 0 then
8: (q, a, tgen)← Agen(d, S) ▷ Generate initial (question, answer) pair
9: else

10: (q, a, tgen)← Agen(q, a, S, Tgen, Tsearch) ▷ Re-generate the question and answer with execution feedback
11: end if
12: (a⋆, S⋆, tsearch, IS_CORRECT, IS_DIFFICULT)← RUNSEARCHAGENT(q, a, S,K,Asearch) ▷ Collect execution.
13: Tgen ← Tgen ∪ {tgen}, Tsearch ← Tsearch ∪ {tsearch} ▷ Append generator and search traces.
14: end if
15: end for
16: if IS_CORRECT then
17: return (q, a) ▷ Return correct pairs only.
18: end if

Algorithm 2 Verification with search agent
1: function RUNSEARCHAGENT(q, a, S,K,Asearch)
2: T ← [ ] ▷ All traces (a′

k, S
′
k)

3: M← [ ] ▷ Correct traces where a′
k = a

4: for k ∈ {1, . . . ,K} do
5: (a′

k, S
′
k, t

′
k)← Asearch(q)

6: append (a′
k, S

′
k, t

′
k) to T

7: append (a′
k, S

′
k, t

′
k) toM if a′

k = a
8: end for
9: IS_CORRECT← (|M| > 0)

10: if IS_CORRECT then
11: (a⋆, S⋆, t⋆)← argmin(a′,S′,t′)∈M |S′| ▷ Pick

correct trace with least number of steps
12: else
13: (a⋆, S⋆, t⋆)← UNIFORMSAMPLE(T ) ▷

Otherwise pick a random trace
14: end if
15: IS_DIFFICULT← (|S⋆| ≥ S)
16: return (a⋆, S⋆, t⋆, IS_CORRECT, IS_DIFFICULT)
17: end function

• Correctness: which measures whether the
generated (q, a) pair is correct. We treat
pass@K performance of answer produced by
the search agent (a′) against the generated
answer a as correctness, following previous
work (Shi et al., 2025a).

• Difficulty: minimal number of search steps
required among the correct traces from the
search agent as an estimate of difficulty. If
the number of search steps is greater than or
equal to the target search step S, we consider
the generated data as difficult enough.

Algorithm 2 describes this verification process.
Generating complex (q, a) pairs requiring mul-

tiple search steps is non-trivial as it involves inter-
action with the retrieval tool. As revealed by our

evaluation in Table 2, the data generator alone is
only able to generate 18% of the data that satisfy
both the correctness and difficulty constraint, when
tasked to generate questions that require 3 to 7 steps
to solve. We visualize the per-step performance in
Figure 2, which further reveals that the data gen-
erator fails more frequently when attempting to
generate questions requiring more search steps.

3.3 Generation with Execution Feedback

Failure to generate a correct (q, a) pair requiring the
target number of search steps reveals a discrepancy
between the data generator’s trajectory and search
agent’s trajectory. For instance, two steps planned
by the data generator might be solved with a single
search step by the search agent, as we later analyze
in Section 5.3. Can we leverage both trajectories
to reconcile such discrepancy? Instead of merely
leveraging search agent’s execution results as a
filter (Shi et al., 2025a), we propose to leverage the
execution traces as feedback for the data generator.

Concretely, we feed both the data generator’s
traces and the search agent’s traces, each containing
the retrieved documents, back to the data generator.
which is now tasked to output an updated (question,
answer) pairs (Line 3-15 in Alg 1). This process
can be conducted in an iterative manner, alternating
between generating a new question and collecting
execution feedback from the search agent for the
updated (q, a) pair. Finally, we filter out (q, a)
pairs for which none of the execution trace from
the search agent arrives at the same answer as the
data generator’s answer (pass@K=0).
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System Data Quality Difficulty
% corr ↑ % pass↑ Avg@4↓ # search↑

Baseline
Agen w/o S 84 - 86.3 3.2
Agen 71 18 87.4 3.3
+1 resample 77 27 84.5 3.8
+2 resample 81 38 80.3 4.3
+3 resample 84 47 80.1 4.8

Ours: SAGE
+1 feedback 77 31 83.2 4.1
+2 feedback 83 42 80.4 4.6
+3 feedback 87 50 79.5 4.9

Table 2: Evaluation of data quality. We report the por-
tion of correct (% corr) and portion of successful (%
pass: data that are correct and require at least S steps to
solve) generation out of all generated data. We measure
difficulty of the correct portion of the generated data
(pass@4=True) by Avg@4 and # search steps needed.

4 Experiments

We conduct intrinsic evaluation of our methods
by measuring the correctness and difficulty of the
generated data in Section 4.2. We further conduct
downstream evaluation in Section 4.3 by training
search agents on our generated data.

4.1 Experiment setting
Input corpus and retrieval setting. We use
the 2018 Wikipedia dump as our input cor-
pus (Karpukhin et al., 2020). Following (Jin et al.,
2025), we use E5 (Wang et al., 2022) as the re-
triever module. The number of returned passages
for each search call is set to 3.

Data generation pipeline setting. We use
gemini-2.5-flash as the LLM which acts as both
the data generator and the search agent. The maxi-
mum number of search steps are set to 20 for both
the data generator model and the search agent. We
report results with input target S set to 3 to 7 steps.

4.2 Intrinsic evaluation
Baselines. We compare our method with (1)
Data generator without difficulty prompt: we
prompt the data generator to generate a compli-
cated question which requires multiple steps to
solve without pre-specifying a target search step S;
(2) Initial data generator model: we present the
result of the initial data generator model; (3) Re-
sampling: instead of using execution feedback to
update the (question, answer) pair, we re-sample an-
other pair from Agen for samples that are incorrect
or not difficult enough. This is similar to best-of-K

sampling with the search agent’s execution result
as the verifier. Note that both the resampling base-
line and SAGE can be conducted in multiple rounds.
We report results for up to 3 rounds.

Evaluation. We report various metric to measure
the quality of the generated data: % correct: this
reports the proportion of data out of all generated
data that has pass@K=1, we set K as 4; % pass:
this measures the proportion of data that is both
correct and require the search agent at least S step
to solve. Note that this metric is undefined for the
baseline with no difficulty control. We further re-
port two difficulty metrics for the questions that
are correct: Avg@4: this measures the average per-
formance of the search agent out of 4 traces. A
lower Avg@4 indicates a more difficult question.
Number of search steps: the number of search
steps required by the search agent to solve the ques-
tion. We estimate this with the minimal number
out of the correct traces. For correctness, we use
LLM-as-a-judge against the answer proposed by
the data generator as the reference answer.2

Results. Table 2 summarizes the results. Com-
paring Agen with its variant without the target step
S, we observe that explicitly including the target
step in the prompt leads to a slight increase in the
number of search steps required. However, Agen

alone struggles to generate questions that require
the specified number of steps, achieving only an
18% pass rate. Resampling and incorporating exe-
cution feedback substantially improve the success
rate and yield more challenging questions overall.
Among the two strategies, execution feedback con-
sistently outperforms resampling across different
numbers of rounds. Figure 2 further breaks down
performance by target step, showing that feedback
provides greater benefits than resampling as the
target step increases, indicating its effectiveness
for generating more complex questions. We thus
only use samples generated with execution feed-
back in our downstream evaluation. We include
example questions generated by SAGE in Table 7 in
the Appendix.

4.3 Downstream evaluation

We conduct extrinsic evaluation of data generated
by SAGE by using it to train search agents. We adopt
the Search-R1 (Jin et al., 2025) framework to train

2We use gemini-2.0-flash as the LLM and the exact
prompt is included in Table 6
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Training Data Backbone Model In-domain Out-of-domain
3-hop 4-hop 5-hop 6-hop 7-hop AVG Musique FRAMES

- gemini-2.0-flash 68.7 55.7 50.3 43.3 41.3 51.9 25.2 45.9
- gemini-2.5-flash 80.0 67.0 57.3 48.7 37.3 58.1 28.0 50.0

NQ + HotpotQA QWEN-3B 25.3 12.0 15.3 11.7 15.0 15.9 11.4 13.3
Musique QWEN-3B 37.3 20.0 18.3 19.0 17.1 22.4 19.4 21.5
Ours QWEN-3B 42.3 26.7 25.3 25.0 23.3 28.5 19.9 23.8

NQ + HotpotQA QWEN-7B 45.0 26.3 25.7 24.7 23.6 29.1 18.9 26.2
Musique QWEN-7B 48.3 28.7 24.7 25.0 21.2 29.6 21.6 25.0
Ours QWEN-7B 55.7 38.0 35.7 37.3 24.0 38.1 22.3 32.3

Table 3: Downstream evaluation: performance of search agents on complex question answering datasets. We report
performance using LLM as a judge against reference answers. Each of the data split contains 300 sampled data
points. All models search for up to 10 turns.
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Figure 2: Percentage of correct and difficult data for
target steps of 3 to 7 for various methods. Updating the
question with execution feedback further improves the
data quality compared to resampling, particularly with
more target search steps.

the agents and compare with agents trained with
existing public data.

Baselines. We consider models trained on pub-
licly available question answering data: (1)
NQ+HotpotQA: a combination of Natural Ques-
tion (Kwiatkowski et al., 2019) and Hot-
potQA (Yang et al., 2018), which consists of 150K
data. This is the training data used by Search-
R1 (Jin et al., 2025); (2) Musique (Trivedi et al.,
2022): consisting of multi-hop questions requiring
two to four hops, the training split contains 20K
data. We also compare with the performance of the
prompting-based search agents using gemini-2.0-
flash and gemini-2.5-flash as the agent.

Evaluation setting. We evaluate on various
downstream question answering datasets that are
grounded in Wikipedia: (1) In-domain: we report
performance for testing data generated with SAGE.
We generate 300 test data for each target search
step and report the per-step performance as well
as the average performance. We also consider two
out-of-domain datasets: (1) Musique: which con-

tains 2 to 4-hop questions; we randomly sample
300 data for each hop and report the average per-
formance. (2) FRAMES (Krishna et al., 2025):
which contains multi-hop questions created by hu-
man annotators. We report the results on a ran-
domly sampled set of 300 questions. We evaluate
the performance with reference-based LLM-as-a-
judge using gemini-2.0-flash, which outputs a
binary judgment given the reference answer.

Data generation setting. We generate data us-
ing gemini-2.5-flash as both the data generator and
search agent. Similar to Section 4.2, we use E5 as
the retriever system and the 2018 Wikipedia dump
as the corpus. For all dataset generation settings,
we filter out questions that require less than two
search steps and generate 20K data for training,
such that the training set size is the same as our
baselines. We report results for data generated with
two rounds of feedback and conduct ablation stud-
ies on using data generated with different number
of rounds in Section 5.1.

Model and training setting. We conduct exper-
iment with two model variants: Qwen-2.5-3B-
Instruct and Qwen-2.5-7B-Instruct (Yang et al.,
2024). For NQ+HotpotQA, we directly infer-
ence with the Search-R1 checkpoints3. For models
trained with musique and our data, we train the
models using reinforcement learning with the re-
ward defined as reference-based LLM-as-a-judge
using gemini-2.0-flash. All models are trained
with PPO (Schulman et al., 2017). Following prior
work (Jin et al., 2025), we apply loss masking to

3https://huggingface.co/PeterJinGo/
SearchR1-nq_hotpotqa_train-qwen2.5-7b-it-em-ppo
and PeterJinGo/SearchR1-nq_hotpotqa_train-qwen2.
5-3b-em-ppo.
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the retrieved information. We include the imple-
mentation details in Section A.3 in the Appendix.

Retrieval settings. For all training experiments,
we use E5 as the retriever and the 2018 Wikipedia
dump as the corpus, matching the set-up used for
data generation. For inference, we use the same
set-up except when evaluating on FRAMES, where
we use the 2023 Wikipeida dump4 to align with its
data construction process (Krishna et al., 2025).

Results. Table 3 reports downstream perfor-
mance of models trained on different QA datasets.
Across both QWEN-3B and QWEN-7B, training
on our generated data yields consistent gains over
NQ + HotpotQA and Musique on in-domain eval-
uations. For QWEN-3B, training on our data in-
creases average accuracy from 15.9% (NQ + Hot-
potQA) and 22.4% (Musique) to 28.5%, show-
ing 27% relative improvement. For QWEN-7B,
while training on Musique provides only a marginal
improvement over NQ + HotpotQA (29.6% vs.
29.1%), training on our data further boosts average
accuracy to 38.1%, leading to 29% relative im-
provement. Training on our data also improves per-
formance on out-of-domain datasets. On FRAMES,
training on our data enables relative improvement
of 11% for QWEN-3B and 23% for QWEN-7B.
Notably, on Musique, QWEN-7B trained on our
data achieves higher accuracy (22.3%) then directly
on the in-domain Musique data (21.6%).

4.4 Evaluation with Google Search

While our method generates challenging (q, a)
pairs using a fixed corpus (e.g. Wikipedia), we
further ask whether search agents trained with re-
trieval over a fixed corpus can generalize to other re-
trieval tool. To this end, we evaluate agents trained
with Wikipedia-based retrieval on benchmarks that
require Google search.

Datasets and settings. We evaluate on three
benchmarks that require Google search: (1)
GAIA (Mialon et al., 2023); (2) Browsec-
omp (Wei et al., 2025) and (3) Humanity’s Last
Exam(HLE)-search (Phan et al., 2025). For
GAIA, we report results on the text-only subset
with 103 questions. For Browsecomp, we evaluate
on a randomly sampled subset of 200 questions.
For HLE, we evaluate on a subset of questions that
required search as classified by Gemini-1.5-pro,

4https://huggingface.co/datasets/wikimedia/
wikipedia/viewer/20231101.en

Training data GAIA Browsecomp HLE-Search

QWEN-3B
NQ + HotpotQA 12.5 1.0 5.0
Musique 13.5 1.0 4.0
Ours 18.8 1.0 5.5

QWEN-7B
NQ + HotpotQA 14.6 1.6 4.5
Musique 15.6 2.1 8.0
Ours 24.0 2.6 7.0

Table 4: Results on deep search benchmarks using
Google Search, with a maximum of 10 queries for GAIA
and 20 for other benchmarks.

following prior work (Han et al., 2025). During in-
ference, we replace Wikipedia-based retrieval with
Google Search using the Serper API 5, retrieving
the top three snippets per search query.

Results. Table 4 reports the results. We ob-
serve a promising trend indicating that training
search agents with retrieval over a fixed corpus
(e.g. Wikipedia) enables effective transfer when
using a different retrieval tool (e.g. Google Search).
Training on data generated by our pipeline leads
to substantial improvements on GAIA compared
to training on existing large-scale training data, for
both 3B and 7B models (36% and 50% relative
improvements compared to the strongest baseline
respectively). We also observe improvement on
Browsecomp, which consists of multi-step search
questions, for the QWEN-7B model. QWEN-3B
achieves similarly poor performance (1.0% accu-
racy) across the three training datasets, likely be-
cause the questions are too challenging for a 3B
model. On HLE, gains are more modest for both
models, likely due to the substantial domain shift
toward highly specialized scientific questions.

5 Analysis

5.1 Ablation on feedback rounds

In Section 4.3, we report downstream evaluation
on training with data generated with SAGE with
two rounds of feedback. How does the number
of rounds impact downstream performance? We
conduct an ablation study on training QWEN-7B
model on data generated with 0-3 rounds of feed-
back. For all settings, we keep the training data
size the same (20K) and filter out questions that
require less than two search steps.

5https://serper.dev/

3340

https://huggingface.co/datasets/wikimedia/wikipedia/viewer/20231101.en
https://huggingface.co/datasets/wikimedia/wikipedia/viewer/20231101.en
https://serper.dev/


Round Downstream Performance Difficulty
In-domain Musique FRAMES Avg@4↓

0 33.6 18.7 29.0 86.3
1 33.6 19.5 29.3 83.2
2 38.1 22.3 32.3 80.4
3 34.1 20.9 28.1 79.5

Table 5: Ablation on training QWEN-7B on data gener-
ated with different numbers of feedback rounds.
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Figure 3: Distribution of reasoning types required to
answer questions in Musique and our generated dataset.
Our data spans a broad set of reasoning types, resulting
in a more balanced distribution compared to Musique.

Results are reported in Table 5. We report down-
stream performance on the in-domain testing set,
averaged across questions requiring 2-7 search
steps, as well as on Musique and FRAMES. We
additionally report difficulty of the generated data,
measured by Avg@4. We see improvement for
both in-domain and out-of-domain datasets when
increasing the number of feedback rounds from
0 to 2, confirming the effectiveness of incorporat-
ing execution feedback. Note that zero feedback
round is equivalent to using the initial data genera-
tor only. We do not see further improvement when
increasing the number of feedback to three rounds,
despite that the data generated with three rounds
of feedback being more difficult compared to those
with two rounds. This suggests that increasing data
difficulty alone is insufficient and highlights the
need for more principled data curation strategies
that balance difficulty and learnability.

5.2 Reasoning strategy analysis
Solving deep search questions require the agent to
be able to issue search queries as well as reason
about the retrieved documents. We conduct an anal-
ysis focusing on the reasoning strategies required
to solve questions generated by our pipeline.

Setting. We collect search trajectory by prompt-
ing gemini-2.5-flash as the search agent. We sam-
ple 100 trajectories that lead to the correct answer
for our generated data and Musique respectively.
We then prompt gemini-2.5-flash to first (1) identify

Category Percentage

Easy data
Superficial complexity 13%
Multi-query collapse 21%
Overly specific question 31%
Information co-location 35%

Incorrect data
Ambiguous question 7%
Data generator error 19%
Search agent error 20%
Search agent retrieval failure 54%

Table 6: Error categorization for (q, a) pair generated
by the initial data generator.

the types of reasoning strategies present in these
search trajectories and (2) for each trajectory, label
the presence of the reasoning strategies for each
step. We include the prompt, definition for each
strategy, as well as implementation details of the
analysis in Section A.4 in the Appendix.

Results. Figure 3 shows the distribution of rea-
soning types required to solve questions in our
dataset and Musique, note that a single question
typically requires multiple strategies. SAGE pro-
duces questions that span a broader range of rea-
soning types, including conflict resolution, hypoth-
esis generation, self-correction, calculation, and
temporal reasoning. In particular, calculation and
temporal reasoning are rare in Musique (5% and
8%, respectively) but appear more frequently in our
data (35% and 32%), resulting in a more balanced
distribution across reasoning categories.

5.3 Analyzing data generator’s error

To better understand the main causes of the data
generator’s failure to produce correct and appropri-
ately difficult (q, a) pairs, we analyze the discrep-
ancies between the data generator’s trajectories and
the execution traces of the search agent. Specifi-
cally, we prompt gemini-2.5-flash to compare these
two traces and categorize the error into error pat-
terns. We identify four common failure patterns for
the two error type (easy data and incorrect data).
Results are reported in Table 6 and the prompt used
for the analysis is in Section A.4 in the appendix.

For easy data, we observe that most errors stem
from misalignment between the data generator’s
intended difficulty and the actual difficulty required
by the search agent to solve the question, which is
often influenced by the external environment. For
instance, 35% of the generated question exhibit in-
formation co-location, where multiple pieces of
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information required to answer the question occurs
in the same document in the corpus; 21% of the
generated data exhibits multi-query collapse, in
which information from different documents can be
retrieved by the retrieval tool using a single query.
Both phenomena reduce the number of search steps
required to answer the question. This analysis mo-
tivates our method as such discrepancy is only dis-
coverable via execution feedback.

For incorrect data, the misalignment between
the search agent’s answer and the data generator’s
answer most commonly arises from failure on the
search agent, including retrieval failure or reason-
ing errors. While we do not distinguish these data
from truly incorrect data and filter them out for
training, future work could explore verifying the
correctness of (q, a) pairs unsolved by the search
agent. Around 20% of the incorrect data is at-
tributable to errors made by the data generator, such
as hallucinating ungrounded steps in the question
generation process. The remaining 7% of data in-
volves ambiguous question which leads to different
answer found by the search agent.

6 Related Work

Deep Search. Early retrieval-augmented gener-
ation (RAG) systems typically perform a single
retrieval step before generating an answer (Lewis
et al., 2020; Gao et al., 2023). Recent agentic
RAG approaches aim to support deep search, in
which models iteratively interleave retrieval and
reasoning to solve questions requiring multiple
search steps. Trivedi et al. (2023) is among the
earlier work that explore a prompting-only strat-
egy that guides model to alternate between search
and reasoning until reaching an answer. Search-o1
(Li et al., 2025c) furthre improves deep search by
incorporating in-document reasoning to filter out
irrelevant retrieved information. Search-R1 (Jin
et al., 2025) proposes training search agents follow-
ing the ReACT framework (Yao et al., 2023) us-
ing outcome-based reward. Subsequent works (Lu
et al., 2025; Wu et al., 2025) all adopt RL training
paradigm as high-quality SFT trajectories for deep
search agent is difficult to collect at scale. We also
adopt the Search-R1 training framework for our
downstream evaluation.

Synthetic data generation for deep search. We
review several concurrent works on synthetic data
generation for deep search. WebDancer (Wu et al.,
2025) adopt reverse QA generation and difficulty

filtering, using either web pages or Wikipedia,
while WebShaper (Tao et al., 2025) rely on struc-
tured signals such as knowledge graphs or explicit
entity relations to construct complex questions.
WebSailor (Li et al., 2025a), WebPuzzle (Shi et al.,
2025b) and WebExplorer (Liu et al., 2025) generate
challenging questions by progressively obscuring
information around seed entities. In contrast, our
approach takes in a random passage and leverages
strong LLM-based data generator and search agent
to flexibly synthesize challenging (q, a) pairs with-
out relying on high-quality knowledge graphs or
manually imposed structure.

We further note that many concurrent works (Wu
et al., 2025; Shi et al., 2025b; Tao et al., 2025; Liu
et al., 2025; Li et al., 2025a) depend on commercial
retrieval APIs (e.g., Google Search) during data
generation. This substantially increases the cost
for both data generation and model training due to
the large number of intermediate search queries re-
quired. Our pipeline is instead grounded in a fixed
corpus, while experiments in Section 4.4 demon-
strate promising transfer to using Google Search
at inference time only. We summarize a compari-
son between our work and the concurrent works in
Table 8 in the appendix. Finally, existing baseline
training datasets (Kwiatkowski et al., 2019; Yang
et al., 2018; Trivedi et al., 2022) are constructed ei-
ther through human annotation, automatic pipeline
leveraging Wikipedia structure or a combination
of both. To our best knowledge, these are the only
other publicly available training data for search
agents grounded in Wikipedia.

7 Conclusion

We introduce an agentic pipeline, SAGE, to auto-
matically generate deep search data for a given
corpus. Our framework consists of a data gener-
ator agent that generates complicated question as
well as answers, and a search agent that provides
execution feedback by attempting to solve the ques-
tion. We conduct comprehensive evaluation on
both intrinsic data quality and downstream eval-
uation, training search agents with our generated
data. Evaluation on in-domain and out-of-domain
evaluation set demonstrates the effectiveness of our
framework.

Limitations

Proposed method. Our dual-agent framework
currently relies on a fixed search agent to provide
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execution feedback for the data generator agent
to evolve the generated data. Future work can ex-
plore co-evolving both agents (e.g., through iter-
ative training), which could further enhance the
quality of the generated data and hence the capabil-
ity of the search agent. We adopt pass@K=1 as the
correctness criterion for the generated data, which
serves as a practical approximation but may still ad-
mit hallucinated or incorrect content. Future work
could investigate more robust verification methods
for identifying correct (q, a) pairs that the exist-
ing search agent cannot solve (pass@K=0). Our
work also only focuses on generating high-quality
(q, a) pairs for RL training. Exploring methods to
construct high quality supervised fine-tuning tra-
jectories to train search agents can be a promising
direction.

Experimental setting. While we evaluate our
method using both intrinsic evaluation and down-
stream evaluation, our experiments do not explore
alternative reinforcement learning algorithms such
as GRPO (Shao et al., 2024), nor model scales be-
yond 7B parameters. We only experiment with gen-
erating data from a single general domain corpus,
Wikipedia. Future work can explore generating
deep search data for other domain-specific corpus,
such as legal or scientific domains.
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Figure 4: Prompt used for initial data generator.

Prompt used for initial data generator.

Your task is to generate a complicated question that will require a search agent target_search_step
search steps to answer by gathering information using a search engine.
You will first reason about the initial document and plan for gathering comprehensive information
inside <think> and </think>.
You will then call a search engine by <search> query </search> and it will return the top searched
results between <information> and </information> to collect information.
You must conduct reasoning inside <think> and </think> first every time you get new information.
You will call the search engine for n_search_step steps. After n_search_step searches, you must
provide the question inside <question> and </question>, the answer inside <answer> and </answer>,
and the answering step inside <answering steps> and </answering steps>. You can use your own
knowledge to construct the search query, but the final answer and each of the answering step must be
supported by the information you gathered from the search engine.
The question should be understandable standalone as the agent will use the question to search for
information without access to the initial document.
An example question: How much did the film in which Jake Gyllenhaal played his second lead role
gross in its initial run at the box office?
Avoid How and Why question.
The answer should be answer_type and short.
Make sure the answer is correct and **unique** for the question generated.
Initial document: context

A Appendix

A.1 Use of large language models (LLMs)
We acknowledge the use of LLMs (e.g. ChatGPT) for editing the text to correct grammatical errors
and improve clarity and flow. All core scientific content and research ideas were authored solely by the
authors.

A.2 Implementation details for SAGE
For data generator and search agent, we set temperature to 1 and disable thinking for gemini-2.5-flash.
If the data generator does not generate a (q, a) pair after issuing the maximum number of search calls,
we force it to generate a (q, a) pair by appending “<think>I have used up all the search budget
and I will use the existing information to formulate a new plan and generate the
question, answer, and answering plans.” to the prompt.

Data generator setting We include the prompt used for the initial data generator agent in Table 4; and
the prompt for feedback in Figure 7 and Figure 8.

Search agent setting We include the prompt used for search agent in Table 5.

LLM-as-a-judge setting We include the prompt used for reference-based LLM-as-a-judge in Prompt 6.
We use gemini-2.0-flash with temperature 0.

A.3 Implementation details for training the search agent
PPO objective. We conduct downstream evaluation by training search agents with the Proximal Policy
Optimization (PPO)(Schulman et al., 2017). It optimizes the language model by maximizing the below
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Figure 5: Prompt used for search agent.

Prompt used for search agent.

Answer the given question by using a search engine.
You will first reason about the question inside <think> and </think>, for instance, break down the
question into multiple sub-questions that you will search for.
You must call a search engine by <search> query </search> and it will return the top searched results
between <information> and </information>.
Try to formulate the search query in the form of a question.
After receiving the information, you must reason about it inside <think> and </think> before issuing
a new query or providing the final answer.
Each of your reasoning step should be grounded in the retrieved information. Do not use your own
knowledge, but you can use commonsense knowledge or arithmetic knowledge.
Do not use your own knowledge to write the query, the query should be based on the question and
the retrieved documents.
Do not infer the entities in the question, but you can use the entities in the retrieved documents to
write the query.
You can search as many times as your want. Try to break down the question for each search query
and gather comprehensive information.
If you have gathered enough information to answer the question, you can provide the answer to the
query inside <answer> and </answer>, without detailed illustrations.
Generate an answer based on the retrieved information, instead of your own knowledge.
This is an example answer: <answer>Beijing</answer>. Question: question

objective in Figure 9, with πtheta and πold representing the current the previous policy model; I(yt)
representing whether the loss masking apply to the token, we apply loss masking to retrieved document
(I(yt) = 0). ε is a clipping hyperparameter, and the advantage estimate At is computed using Generalized
Advantage Estimation (Schulman et al., 2015).

Training details. For training the search agent, we set the learning rate of the policy LLM to 1e-6 and
that of the value LLM to 1e-5. Training is conducted for 500 steps, with warm-up ratios of 0.285 and
0.015 for the policy and value models, respectively. We use Generalized Advantage Estimation (GAE)
with parameters λ = 1 and γ = 1. Training is conducted on a single node with 8 H100 GPUs. We use
a total batch size of 512, with a mini-batch size of 256 and a micro-batch size of 64. The maximum
sequence length is set to 8,192 tokens, with a maximum response length of 1024 and a maximum length
of 1000 tokens for retrieved content. We set the maximum number of retrieval calls to 8.

A.4 Analysis details
We include the prompt for reasoning strategy analysis in Prompt 10, which also presents the definition for
each of the category.

3347



Figure 6: Prompt used for reference-based LLM-as-a-judge.

Prompt used for reference-based LLM-as-a-judge.

Judge whether the following [response] to [question] is correct or not based on the precise and
unambiguous [correct_answer_list] below. Each answer in the [correct_answer_list] is separated by
a comma.
[question]: question
[response]: model_answer
Your judgment must be in the format and criteria specified below:
extracted_final_answer: The final exact answer extracted from the [response]. Put the extracted
answer as ’None’ if there is no exact, final answer to extract from the response.
[correct_answer_list]: gold_answer
reasoning: Explain why the extracted_final_answer is correct or incorrect based on [cor-
rect_answer_list], focusing only on if there are meaningful differences between answer in the [cor-
rect_answer_list] and the extracted_final_answer. Focus on recall, i.e. if the extracted_final_answer
covers all the points in the answer in the [correct_answer_list]. It is ok if it provides more details.
It is also ok if the extracted_final_answer misses minor point from the correct_answer, as long as it is
evident that they are referring to the same thing. Do not comment on any background to the problem,
do not attempt to solve the problem, do not argue for any answer different than [correct_answer_list],
focus only on whether the answers match. Ignore capitalization.
correct: Answer ’yes’ if extracted_final_answer matches any of the answers in [correct_answer_list]
given above, or is within a small margin of error for numerical problems. Answer ’no’ otherwise, i.e.
if there is any inconsistency, ambiguity, non-equivalency, or if the extracted answer is incorrect.
confidence: The extracted confidence score between 0% and 100% from [response]. Put 100 if there
is no confidence score available.

Example questions

Previous question: On what date did Tottenham Hotspur win their first major trophy, a feat that made them the only
non-league club to achieve it, while under the chairmanship of the individual who took office the year before the club’s
establishment at its original ground, colloquially known as "The Lane"?
Previous answer: April 27, 1901
Updated question: What was the date of the replay match in which the player, who notably scored goals in every round
of Tottenham Hotspur’s first major trophy victory, helped his team secure that trophy after the club had become a limited
company under a chairman who served until 1943?
Updated answer: April 27, 1901

Previous question: What is the death date of the actor who sang songs in the 1944 film that was Naushad’s first musical
success?
Previous answer: 2 August 1979
Updated question: What is the death date of the actor, born in Gujranwala, who sang songs in Naushad’s first musical
success film of 1944?
Updated answer: 2 August 1979

Previous question: What was the precise date Sir Frank Whittle, a key figure honored at the Midlands Air Museum,
received his knighthood as Knight Commander of the Order of the British Empire (KBE) for his pioneering work on the
jet engine?
Previous answer: July 1, 1948
Updated question: What was the precise date of the military retirement of the figure whose heritage center is located
within the museum adjacent to the former Electric Railway Museum site?
Updated answer: 26 August 1948

Table 7: Example question generated and updated by our pipeline.
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Figure 7: Prompt used for incorporating execution feedback to update the incorrect (question, answer) pair.

Prompt used for incorporating execution feedback to update the incorrect (question, answer)
pair.

You will be given an output from a question generator agent, which generates a complicated question,
answer pair; as well as the output from a search agent, which attempts to solve the question generated
in a fixed number of turns.
The answer from the search agent is not the same as the data generator agent. You task is to examine
their traces and output the correct question, answer pair based on their retrieved documents. You can
update either the question, the answer or both.
You will first reason about why is there a discrepancy between the search agent’s answer and the
data generator’s answer. Output your reasoning trace inside <reason> and </reason>. You will then
reason about how to update the question answer pair to make sure it is correct and requires the agent
target_step search step to answer. A search step is defined as a call to the search tool. Output your
reasoning trace inside <think> and </think>. For factual information, you should ONLY rely on the
context provided for the data generator agent and the documents retrieved by both the data generator
and search agent (inside <information> and </information>).
If you find it non-trivial to update just the question and answer, you can generate a new question
answer pair ONLY based on the retrieved documents.
The updated question should require the search agent at least target_step search steps to answer.
However, the answer should be short, such as an entity, a date or a number. The question should
be understandable standalone, as the search agent will solve the question without access to the
documents (they will need to search for them).
When you are ready to provide the new question, answer pair, you can provide the question inside
<question> and </question>, the answer inside <answer> and </answer>, and the search step inside
<search steps> and </search steps>. For each search step, output the exact search question; the
sub-answer to the search question; and the retrieved document from the search agent and data
generator agent’s output that supports the sub-answer. Make sure each step is absolutely needed to
answer the question and there is no short cut. Tip: use retrieved document from different steps so
avoid two sub-queries being solved by one search query.
# Data generator agent
Prompt: data_generator_agent_prompt
Agent’s output: data_generator_agent_response
# Search agent
Prompt: search_agent_prompt
Agent’s output: search_agent_response
# Your output

Name Retriever Explicit structure Input

WebDancer (Wu et al., 2025) Google Search Inter-page hyperlinks Web page or seed entity
WebShaper (Tao et al., 2025) Google Search Knowledge graph and inter-page hyperlinks Webpage
WebSailor (Li et al., 2025a) Google Search Knowledge graph Seed entity
WebPuzzle (Shi et al., 2025b) Web Search Pre-selected rare entities Web page or seed entity
WebExplorer (Liu et al., 2025) Google Search No Seed entity

SAGE (Ours) Wikipedia-based No Passage

Table 8: Comparison with concurrent work on synthetic data generation for search agents. “Explicit structure” refers
to reliance on predefined or constructed graphs, entity links, or formal schemas during data generation. None of the
concurrent work open-sources large-scale training data.
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Figure 8: Prompt used for incorporating execution feedback to update the easy (question, answer) pair.

Prompt used for incorporating execution feedback to update the easy (question, answer) pair.

You will be given an output from a question generator agent, which generates a complicated question,
answer pair to be solved by a search agent for at least target_step **search** steps; as well as the
output from a search agent, which attempts to solve the question generated. The search agent is able
to solve the question in less thantarget_step search steps. Your task is to update the question so
that it requires the search agent more steps to solve.
You will first reason about why the search agent is able to solve the question in fewer steps. Output
your reasoning trace inside <reason> and </reason>. You will then reason about how to update the
question so that it will require more search steps. For factual information, you should ONLY rely
on the context provided for the data generator agent and the documents retrieved by both the data
generator and search agent (inside <information> and </information>), without relying on other
information not in the retrieved context. Output your reasoning trace inside <think> and </think>. If
you find it non-trivial to update the plan, you can generate a new question answer pair ONLY based
on the retrieved documents.
The updated question should require the search agent at least target_step search steps to answer.
Note that some of the answering steps do not involve search and thus do not count. However, the
answer should be short, such as an entity, a date or a number. The question should be understandable
standalone, as the agent will solve the question without access to the documents (they will need to
search for them).
When you are ready to provide the new question, answer pair, you can provide the question inside
<question> and </question>, the answer inside <answer> and </answer>, and the search step inside
<search steps> and </search steps>. For each search step, output the exact search question; the
sub-answer to the search question; and the retrieved document from the search agent and data
generator agent’s output that supports the sub-answer. Make sure each step is absolutely needed to
answer the question and there is no short cut. Tip: use retrieved document from different steps so
avoid two sub-queries being solved by one search query.
# Data generator agent
Prompt: data_generator_agent_prompt
Agent’s output: data_generator_agent_response
# Search agent
Prompt: search_agent_prompt
Agent’s output: search_agent_response
# Your output

JPPO(θ) = Ex∼D, y∼πold(·|x;R)


 1∑|y|

t=1 I(yt)

|y|∑

t=1:I(yt)=1

min
( πθ(yt | x, y<t;R)
πold(yt | x, y<t;R)

At, clip
(
rt(θ), 1− ε, 1 + ε

)
At

)



Figure 9: PPO objective for training search agents.
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Figure 10: Prompt used for reasoning strategy analysis.

Prompt used for reasoning strategy analysis.

You will be given a question and a trace of a search agent solving this question. You will analyze and
categorize the behavior for each of the thinking step.
Below are some example categories, please feel free to propose new ones as you see appropriate:
- Information inference: the agent makes an inference based on the piece of information in the
retrieved document in its reasoning.
- Conflict resolution: the agent reasons about conflicting information in the documents and makes a
decision.
- Calculation: The agent performs numerical calculation.
- Temporal reasoning: The agent performs temporal reasoning, such as deriving duration between
two dates.
- Self-correction: The agent recognizes that the previous search failed to yield the required information
(a list of stations). It re-evaluates its state, confirms its goal, and decides to try a more specific search
query.
- Hypothesis Generation: The agent makes a guess / hypothesis that is not grounded in the retrieved
documents.
Output format: only return the list of strategies for each step:
- Step i: [list of strategies]
- Step i+1: [list of strategies]
Question: question Agent’s reasoning trace: agent_trace
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