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Abstract

Deep research systems represent an emerging class of agentic in-
formation retrieval methods that generate comprehensive and well-
supported reports to complex queries, and/or answers to hard-to-
locate factual questions. However, most existing systems rely on
dynamic commercial search APIs, which pose reproducibility and
transparency challenges, in addition to high costs. To address these
limitations, we introduce DEEPRESEARCHGYM as a free and open-
source search sandbox for reproducible research on deep research
systems. The sandbox provides a search API that indexes large-
scale public web corpora, namely ClueWeb22 and FineWeb, using a
state-of-the-art dense retriever and approximate nearest neighbor
search via DiskANN. It achieves comparable latency to popular
commercial APIs while ensuring stable document rankings across
runs. We demonstrate the sandbox’s utility through two use cases.
For training, we synthesize queries grounded in the indexed corpora
and show that search agents trained within the sandbox general-
ize to commercial search at inference time, enabling cost-effective
reinforcement learning. For evaluation, we extend the Researchy
Questions benchmark with LLM-as-a-judge metrics to measure
alignment with users’ information needs, retrieval faithfulness, and
report quality. Evaluation results show that system rankings remain
consistent when switching from commercial APIs to ours.
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1 Introduction

Recent advances in Large Language Models (LLMs) have driven a
transformation in information access paradigms, moving beyond
ranked retrieval toward systems capable of synthesizing compre-
hensive report-style responses to complex queries. These deep
research systems aim to address complex and open-ended infor-
mation needs, combining iterative retrieval with multi-step rea-
soning and generation, and autonomously navigating and evaluat-
ing diverse sources to either construct well-supported reports or
to find answers to hard-to-locate factoids. Prominent commercial
examples include OpenAl [31] and Perplexity [35] deep research
modes, which have demonstrated how these systems can signifi-
cantly enhance user experience when addressing intricate questions
requiring synthesis across multiple sources. Recent industry de-
velopments further underscore this shift, with both Google and
Microsoft moving towards Al-driven search tools [6, 49].
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As deep research systems become more common, they also intro-
duce novel challenges for research. Being agentic by design, these
systems rely on iterative search, retrieval, and reasoning over vast
collections of online data, making both evaluation and training
dependent on access to environments with diverse coverage, that
faithfully simulate real-world behavior. Yet, such infrastructures
remain scarce to the research community, forcing reliance on com-
mercial web search APIs. While convenient, these APIs introduce
critical limitations: their proprietary nature restricts transparency
in the retrieval processes, their continuous evolution undermines
reproducibility, and their cost prohibits large-scale training.

To address these challenges, we introduce DEEPRESEARCHGYM
as a free and open-source search sandbox for reproducible re-
search on deep research systems. At its core lies a search API built
upon web snapshots comprising millions of documents, namely
ClueWeb22 [33] and FineWeb [34]. The retrieval pipeline is com-
posed entirely of publicly available components, namely the docu-
ment collections, a state-of-the-art embedding model, and a scal-
able approximate nearest neighbor search index. This enables re-
searchers to audit system behavior, analyze retrieved evidence, and
rerun experiments under stable and reproducible search conditions.
We also provide code to support local deployment, allowing exper-
iments with different retrieval models and document collections.
We highlight three core contributions:

e Open search infrastructure. We release an open search
API that achieves strong retrieval quality with minimal loss
from approximate search, while maintaining response times
comparable to commercial APIs. Unlike volatile proprietary
services, retrieval results remain stable over time, ensuring
reproducibility across experimental runs.

e Corpus-grounded query generation for training. We
synthesize queries grounded in the indexed corpora and
use them to train search agents entirely within the sand-
box. Training on the live web typically requires thousands
of costly API calls and yields non-reproducible results. We
show that agents trained within DEEPRESEARCHGYM gen-
eralize effectively to commercial search APIs at inference
time, achieving learning gains comparable to agents trained
directly on commercial systems.

e Evaluation benchmark for deep research. Building upon
the Researchy Questions dataset [38], we adopt an LLM-as-a-
judge framework to assess generated reports along multiple
dimensions, including alignment with user intent, factual
grounding, and overall report quality. Results show that
systems using our API maintain report quality comparable
to those relying on commercial search services.

Our findings support DEEPRESEARCHGYM as a practical and scal-
able sandbox for deep research, validated by an adoption of ap-
proximately 14.4 million API queries processed during its first six
months of availability. Code, data, and documentation are available
at https://www.deepresearchgym.ai.

2 Related Work

Early work on Retrieval-Augmented Generation (RAG) systems
focused on improving performance on knowledge-intensive ques-
tion answering, by retrieving supporting documents from large
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corpora and conditioning generation on this evidence, in order
to enhance factual accuracy [21, 50, 58]. Building on this founda-
tion, several deep research systems have been optimized for short-
form factoid-style question answering. These include reinforcement
learning approaches that enable search agents to autonomously
navigate the web, issue iterative queries, and synthesize concise
responses [17, 46, 57], as well as prompt-based methods like Search-
o1 [23], which equip LLMs with the ability to trigger web searches
when encountering knowledge gaps.

A complementary line of work focuses on long-form report
generation frameworks. GPTResearcher [11] orchestrates agentic
workflows to coordinate planning, retrieval, and drafting across
hybrid data sources, incorporating techniques such as report plan-
ning [52] and query decomposition [8] to enhance long-form syn-
thesis, while enforcing completeness. Building on these paradigms,
other deep research systems emphasize agentic tool use to extend
reasoning capabilities beyond pure text-based retrieval [14, 29]. For
instance, OpenDeepSearch [2] combines iterative retrieval with
code execution for complex tasks. HuggingFace’s OpenDeepRe-
search initiative [16] follows similar directions in an open-source
framework, while emphasizing transparency and modularity.

A common limitation across the aforementioned systems is their
reliance on commercial web search APIs, such as Tavily [48] or
Serper [43], for document retrieval. These APIs provide limited
transparency into document indexing and ranking, are subject to
changes over time, and restrict the ability to replicate retrieval
conditions, posing challenges for reproducibility and evaluation.
Furthermore, several such services rely on large-scale scraping of
proprietary search engine result pages, particularly Google SERPs,
rather than maintaining independent search indexing and ranking
pipelines. Recent legal action by Google against SERP scraping
services [7] underscores the fragility of this dependency, motivat-
ing the need for research-oriented retrieval infrastructures. These
limitations extend beyond inference to training, as recent rein-
forcement learning approaches for search agents require thousands
of API calls per experiment [24, 46, 57], coupling both cost and
reproducibility to commercial services.

Parallel efforts have targeted the evaluation of deep research
systems’ quality. In particular, multiple benchmarks have driven
progress on short-form question answering, such as GAIA [26],
HLE [36], and FRAMES [20]. Concurrent to our work, BrowseComp-
Plus [10] curates a fixed 100K-document corpus for short-form fac-
toid QA, aiming to isolate retriever contributions to answer correct-
ness. Our framework differs in scope, providing a search API over
large-scale web corpora that supports cost-effective agent training
and report evaluation under reproducible retrieval conditions.

Recent work has also introduced frameworks that addressed
the challenges of evaluating long-form synthesis. FACTScore [27]
and SAFE [53] decompose outputs into atomic claims and verify
their factual consistency against external sources. For retrieval-
augmented systems, ARES [41] and RAGChecker [40] offer mod-
ular evaluations that explicitly link generated claims to retrieved
evidence. Long?RAG [37] extends this approach by introducing Key
Point Recall (KPR), which evaluates how well long-form answers
capture essential content from retrieved sources by measuring cov-
erage of salient points.
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Table 1: Retrieval performance of DEEPRESEARCHGYM’s
search API, measured over the Researchy Questions test set.

Relevance Eval ANNS Eval

L MRR@10 nDCG@10 R@100 | R@10 R@100
100 4834 39.40 78.06 | 90.01 88.72
200 4839 39.49 7827 | 9263  91.01
300 48.41 39.50 7835 | 93.87  92.64
400  48.44 39.52 7839 | 9472  93.68
500 4845 39.55 7843 | 9539 9439

3 DeepResearchGym: API Search Sandbox

This section presents DEEPRESEARCHGYM as an open-source frame-
work designed to support reproducible research on deep research
systems. To address the challenges related to the reliance on com-
mercial web search APIs, DEEPRESEARCHGYM offers a controlled
sandbox environment built on large-scale web corpora. We begin
by describing the underlying web corpora, followed by an overview
of the dense retriever and the ANN indexing approach used to en-
able efficient search. Finally, we outline the API interface, including
available endpoints and supported arguments.

3.1 Web Corpora

DEeePRESEARCHGYM indexes three large-scale web datasets, namely
the English subsets of ClueWeb22 A and B [33], and the FineWeb
CC-MAIN-2024-51 snapshot [34].

ClueWeb22 was collected in 2022 and comprises approximately
10 billion web pages. It is organized into three categories, each
representing different segments of the web. Category B, known as
ClueWeb22-B, approximates the super head of the web, encompass-
ing the most frequently visited pages (e.g., pages from Wikipedia,
major news outlets, and other top domains). It includes around
200 million web pages, with approximately 87 million in English.
These pages were sampled based on their likelihood to satisfy user
information needs, as estimated by a commercial search engine’s im-
portance scoring. Low-quality and spam pages were filtered during
sampling to enhance the dataset’s overall quality.

To mitigate potential coverage concerns and ensure that systems
can be exposed to a broader spectrum of web content, we also
provide access to ClueWeb22-A. This larger subset encompasses
approximately 1 billion English pages from the mostly head of the
web, offering a more diverse mix of frequently visited websites.

In turn, FineWeb is a large-scale English web corpus collected
from 96 Common Crawl snapshots between 2013 and 2024. It com-
prises approximately 15 trillion tokens of cleaned and deduplicated
web data. The dataset employs rigorous filtering, deduplication,
and quality control measures, resulting in a high-quality resource
for tasks such as LLM training. To mitigate temporal constraints as-
sociated with ClueWeb22, we focus on the latest 2024 crawl, which
includes over 180 million documents capturing more recent trends
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Figure 1: Latency percentiles while varying K for DEEPRE-
SEARCHGYM (left), and latency comparison with two commer-
cial APIs for K = 10 (right).

compared to earlier data. This makes the collection valuable for
queries that require up-to-date information, reflecting the evolving
nature of web content and user interests.

3.2 Search Indexes

To enable efficient state-of-the-art retrieval across the above cor-
pora, we built a dense retrieval backend combining state-of-the-art
embedding models and approximate nearest neighbor search.

Our choice of embedding model was guided by three require-
ments: strong retrieval performance across diverse domains, sup-
port for long document contexts, and openly available model weights.
Among the models we tested, MiniCPM-Embedding-Light [15, 32]
best satisfied these criteria. The model leverages bidirectional atten-
tion mechanisms [4] and weighted mean pooling [28], supporting
documents with up to 8192 tokens. On the BEIR benchmark [51], it
achieves a zero-shot nDCG@10 of 55.27, outperforming alternatives
such as bge-large-en-v1.5 [3] and jina-embeddings-v3 [19].
While we serve MiniCPM-Embedding-Light as the default model,
all code for indexing and serving is open-source, allowing researchers
to substitute with a retriever of their choice.

We index the document embeddings using DiskANN [47]. Each
corpus is partitioned into independent shards of 25 million docu-
ments, which are separately indexed for distributed deployment.
During search, shards are queried in parallel, and the top-ranked
results are merged to produce a final ranking.

To assess the retrieval effectiveness of our search system, we
evaluated it on the Researchy Questions test set. This experiment
used ClueWeb22-B as the corpus, since the Researchy Questions rel-
evance labels are grounded on it. Table 1 presents the retrieval per-
formance, considering the number of retrieved documents K = 100,
while varying L, i.e. a Disk ANN search-time parameter that controls
the size of the candidate neighbor list explored during search. In-
creasing L boosts ranking quality by allowing for more exploration
of the search graph, but reduces query throughput. We provide met-
rics computed given the ground-truth clicked documents (MRR@n,
nDCG@n, and R@n), as well as approximate nearest neighbor recall
(ANN R@n), computed based on exact-search results. The results
with increased L indicate that the error introduced by ANN search
is low, thus solidifying the retrieval quality of our backend.
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Figure 2: Query log analysis: length distribution (left), and 25 most common first-words (right).

3.3 Retrieval API

DEEPRESEARCHGYM provides a retrieval API designed to support
deep research systems over the aforementioned corpora. The API
exposes two primary endpoints: (i) a /search endpoint, which
accepts a text query and returns a ranked list of documents from
the selected corpus, and (ii) a /fetch endpoint, which retrieves the
archived textual content of a document given its URL. Users can
choose which corpus to use through an API parameter.

The /search endpoint supports document retrieval over the
previously introduced corpora. As for search-time DiskANN pa-
rameters, our API defaults to a dynamic behavior of L = K X5, since,
by definition, min(L) = K. Since deep research systems typically
issue queries sequentially rather than in batches, we evaluate our
APT’s latency in this single-query setting, comparing it to commer-
cial alternatives. Figure 1 presents the results, with the left panel
showing percentile-based end-to-end latency for our API across
different values of K (the number of retrieved documents), and with
the right panel comparing latency against commercial APIs for
K =10, i.e. a common setting for deep research systems. Our API
consistently yields sub-second latency, outperforming commercial
search services.

In turn, the /fetch endpoint addresses a specific challenge in
deep research systems supported by static web corpora. During
generation, systems retrieve documents via the /search endpoint,
accessing versions captured during the crawl. Their final reports
cite the original URLs associated with these documents. However,
the live content of such URLs may have changed or disappeared
since the original crawl. To mitigate this discrepancy, the /fetch
endpoint serves archived snapshots of documents as captured dur-
ing the crawl, ensuring that the original content of URLs cited
in reports can be retrieved post-generation. This design enables
the construction of isolated deep research pipelines that are inde-
pendent of dynamic or degraded external sources. The endpoint
maintains a median latency of 0.09 seconds per single request.

4 DeepResearchGym Usage Analysis

During its first six months of availability, our API recorded 14.4
million search requests from 558 unique IP addresses across 25
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countries. We analyzed this query log to characterize usage patterns,
presenting key statistics here. In separate work, Ning et al. [30]
detail a large-scale analysis of the logs from DEEPRESEARCHGYM,
studying how search sessions unfold and retrieved evidence is used.

We first classified a representative sample of queries in our log us-
ing a standard web search taxonomy that considers informational,
navigational, and transactional intents. Prior studies of general-
purpose search engines report that around 50% of queries are infor-
mational [9]. In contrast, our logs reveal that approximately 90%
of the queries are informational, suggesting that users primarily
employed the service for knowledge-seeking purposes, as expected
from deep research systems.

Figure 2 (left) shows the query length distribution. The average
query length is 8.38 words, which is considerably higher than that
of typical web search queries, generally reported between 3 and
4 words [5, 39]. This further suggests that queries are more com-
plex, consistent with the goals of deep research systems. Figure 2
(right) displays the top-25 most frequent first words, highlighting a
dominance of WH-questions (e.g., who, when, and what) and geo-
spatial terms (e.g., location, country), another pattern consistent
with information-seeking behavior.

5 DeepResearchGym for Search Agent Training

Training search agents through reinforcement learning needs thou-
sands of search API calls. For instance, an experiment with 10,000
queries, 16 trajectories per query, and 4 searches per trajectory,
results in 640,000 API calls — costing up to US$640 with Serper or
US$5,000 with Tavily. For multiple experimental runs this becomes
expensive, besides being subject to evolving API behaviors. In con-
trast, DeepResearchGym is free and returns stable results across
runs, enabling cost-effective and reproducible experimentation.

In this section, we empirically show that agents trained using
DEEPRESEARCHGYM's search API generalize to both unseen bench-
marks and commercial search environments, validating the frame-
work as a practical free training environment. We focus on short-
form question answering rather than long-form report generation,
as this setup is more efficient to train and rewards are easier to
establish, while maintaining the core search behaviors.
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Table 2: Search agent performance before and after reinforcement learning with different search engines. The entries marked
with “~” correspond to cases where the benchmark requires live web content, unavailable in ClueWeb22.

Method Search Train Search Infer GAIA WebWalker HLE ClueWeb-Test
Qwen3-1.7B [18] (no training) Serper 8.7 19.1 6.2 16.9
Qwen3-1.7B [18] (no training) ClueWeb - - - 13.2
Qwen3-1.7B + RL (Live Web) Serper Serper 18.4 35.4 6.9 24.5
Qwen3-1.7B + RL (DEEPRESEARCHGYM) ClueWeb ClueWeb - - - 18.8
Qwen3-1.7B + RL (DEEPRESEARCHGYM) ClueWeb Serper 20.3 29.7 7.0 22,6

5.1 Sandboxed Query Synthesis

Existing approaches synthesize training queries grounded on the
live web, either by starting from an arbitrary document and corre-
sponding link structure, or by explicitly leveraging a commercial
search engine during multi-hop query generation [12, 22, 45]. This
couples query generation to commercial APIs and produces queries
that may not be answerable using static corpora.

We adapt these approaches to be grounded over ClueWeb22
instead. Given a root Wikipedia document from ClueWeb22, we
prompt gpt-4.1-mini to generate queries targeting information
in that document. To introduce multi-hop reasoning, we leverage
the document’s link structure (i.e. inlinks and outlinks, restricted to
ClueWeb22) to identify related entities for constructing questions
requiring synthesis across multiple documents. We also employ
LLM-based selective obfuscation (e.g., replacing “PageRank” with
“Google’s original ranking algorithm”) to remove directly searchable
terms while preserving enough information to identify the answer.

All generated queries undergo validation via LLM judging to
ensure they are (i) answerable using our search API, (ii) have a
single correct answer, and (iii) require search rather than relying
solely on parametric knowledge.

5.2 Agent Training and Inference

Following prior work [18], we train a search agent with Qwen3-
1.7B [56] as the backbone LLM, equipped with three actions: search,
summarize context, or answer. Training follows GRPO [44], using
LLM-as-a-judge soft-match rewards between agent responses and
ground-truth answers. We compare two configurations: First, we
train with a commercial search API (Serper) on synthetic data from
AFM-Web-Agent [22]. Second, we consider the aforementioned
synthetic questions grounded over ClueWeb22 rather than the live
web, and train with DEEPRESEARCHGYM’s APL Both configurations
train on 5,000 queries. The RL training is conducted for 150 steps,
with a batch size of 32 and a group size of 8 for GRPO.

At inference time, we evaluate under two scenarios. First, to
isolate the effect of training infrastructure, both agents are evalu-
ated on standard benchmarks, using Serper to query the live web
regardless of which API they were trained with.

Second, to provide an in-distribution comparison, we evaluate
each agent using its respective training API on ClueWeb-Test, i.e.
a curated subset of the benchmarks that is covered by ClueWeb22.
We construct this subset by filtering GAIA, WebWalkerQA, and
HLE with a validation agent (Gemini-2.5-Flash), retaining the 53
queries it solves at pass@5 while issuing at least one search call.
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Table 3: Sample of the Researchy Questions dataset with
hyperlinks to labeled relevant documents.

Query References

Is the COVID vaccine dangerous ~ URL1, URL2, URL3, URL4, URL5
URL1, URL2, URL3, URL4, URL5

URL1, URL2, URL3, URL4, URL5

Why is there a chip shortage

Can there be knowledge that is
independent of culture?

5.3 Results

Table 2 presents pass@1 success rates on three standard agentic
search benchmarks: GAIA [26], WebWalkerQA [54], and HLE [36].
ClueWeb-Test is a smaller 53-query subset from these benchmarks,
answerable using ClueWeb22, for which we report pass@4. Al-
though this subset is small, both setups exhibit comparable relative
improvements, which supports the use of DEEPRESEARCHGYM as a
stable environment for probing training dynamics.

Furthermore, the ClueWeb-trained agent generalizes effectively
to commercial search at inference, matching or exceeding the
Serper-trained baseline on GAIA and HLE, though trailing on Web-
WalkerQA. While an expected performance gap exists between
search backends, these results confirm that DEEPRESEARCHGYM en-
ables cost-effective and reproducible training, where learned search
strategies transfer across both engines and evaluation distributions.

6 DeepResearchGym for Report Evaluation

We further demonstrate the sandbox’s utility by instantiating a
benchmarking protocol for long-form report generation. We eval-
uate multiple deep research systems and show that rankings re-
main consistent when switching from commercial APIs to DEEPRE-
SEARCHGYM’s. While the sandbox is agnostic to the specific evalua-
tion task, we introduce this protocol to fill a gap in the evaluation
landscape, and provide empirical observations using our APL

6.1 Researchy Questions

Evaluating deep research systems requires queries that naturally
drive extensive information exploration and synthesis. The Re-
searchy Questions dataset [38] was curated specifically to capture
such queries. Rather than featuring simple factoid questions, the
dataset consists of approximately 96,000 real-world information-
seeking queries that led users to engage with multiple documents
during search sessions, as measured by aggregated click distribu-
tions over the ClueWeb22 dataset.
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Table 4: Comparison of deep research systems on the Researchy Questions test set using (i) each system’s original commercial
search API, (ii) DEEPRESEARCHGYM’s ClueWeb22 API, and (iii) DEEPRESEARCHGYM’s FineWeb API. Scores are judged by
gpt-4.1-mini-2025-04-14. The system marked with * is not tailored for long-report generation.

Relevance Faithfulness Quality

Svstem Commercial ClueWeb FineWeb Commercial ClueWeb FineWeb Commercial ClueWeb FineWeb

4 KPR KPC KPR KPC KPR KPC Prec Rec Prec Rec Prec Rec Clar Ins Clar Ins Clar Ins
perplexity-sonar-deep 7250 112 - - - - 55.65 99.22 - - - - 89.50 89.26 - = - -
gpt4-search-preview 40.01  1.69 - - - - 57.68 56.11 - - - - 7013 59.13 - - - -
GPTResearcher 60.61 1.52 64.67 142 6447 154 89.11 94.29 8536 90.82 87.42 9241 86.37 81.52 83.70 78.01 8290 77.73
OpenDeepSearch 3292 097 4281 084 40.73 086 8586 97.78 81.32 9482 82.70 95.19 59.20 47.04 6148 49.51 61.25 50.01
HuggingFace-DeepSearch  33.00 0.81 35.22 1.35 38.16 1.32 0.35 0.29 0.10 0.10 0.12 0.13 57.52 4798 58.34 5236 55.81 47.62
Search-R1* 552 0.81 495 0.80 545 0.96 0.00 0.00 0.00 0.00 0.00 0.00 9.48 11.87 9.07 11.18 9.70 12.10

The heavy engagement with diverse sources reflects the essential
challenges deep research systems are designed to address: synthe-
sizing information across multiple perspectives, reconciling con-
flicting evidence, and constructing comprehensive responses. While
the dataset was originally introduced for evaluating retrieval per-
formance, its properties make it a strong foundation for studying
long-form generation grounded in multi-document evidence. In the
next subsection, we describe the proposed evaluation methodology,
which extends the use of Researchy Questions to benchmark report
generation with deep research systems.

Analyzing the queries (Table 3) reveals a trade-off between the
reproducibility provided by static web corpora and the limited abil-
ity of such corpora to support evaluations that depend on recent
events. Questions such as “why is there a chip shortage” may require
post-cutoff updates, while queries such as “can there be knowledge
that is independent of culture” rely on conceptual knowledge that
remains stable across time. To quantify this, we categorized test
queries into temporally stable versus temporally evolving, lever-
aging gpt-4.1-mini. The large majority (81.6%) are temporally
stable, with only 18.4% involving evolving topics. In both cases,
the static corpus provides controlled access to all ground-truth
evidence available up to the snapshot date.

6.2 Long-form Report Evaluation Metrics

Deep research systems that focus on providing report-like answers
face multiple challenges inherent to long-form generation evalua-
tion [55], where outputs must be assessed not only for linguistic
fluency and informativeness, but also for factual grounding and
content relevance. We propose a tri-faceted evaluation framework
that assesses the alignment with user information needs, factual
grounding, and overall quality of generated answers.

Report Relevance: As the primary metric for assessing user
satisfaction, we evaluate how well the generated reports address the
user’s underlying information needs. Given that Researchy Ques-
tions instances are derived from real-world web search sessions, we
leverage the set of documents clicked by users as a proxy for ground-
truth information targets. Following the Key Point Recall (KPR)
methodology [37], we extract salient points from each ground-truth
document using an LLM guided by structured prompts, capturing
the core content users engaged with. We then assess each generated
report for semantic inclusion of these key points, computing the
KPR score as 1\1—4 Z?’il cj, where M is the total number of key points
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and c; indicates whether key point j is supported by the report, as
judged by an LLM.

To complement recall, we also compute Key Point Contradiction
(KPC), which measures whether the report introduces statements
that conflict with any key points. This score captures potential
misinformation or misleading content, defined as ﬁ 2?11 d;, where
d; is 1 if the report contradicts key point j, as judged by the same
LLM used for the KPR metric. Together, these metrics provide a
user-centered assessment of both coverage and factual consistency
relative to real-world search intents.

Retrieval Faithfulness: Beyond relevance, we assess the factual
grounding of generated reports, adapting the LLM-as-a-judge ap-
proach of the TREC-RAG evaluation process [50]. Our citation eval-
uation pipeline follows a three-stage process. First, factual claims
are extracted from the report, along with any URLs referenced as
support for each claim. Second, the content of each cited source
is retrieved from the corresponding URL(s). Finally, an LLM is
prompted to assess whether the cited source adequately supports
the corresponding claim.

Given a report, we compute the primary metrics established by
the TREC-RAG evaluation. Citation recall measures the proportion

. . o e . Nu
of factual claims that include at least one citation, i.e., N:“:Cl‘, where

Neited represents the number of claims with citations aild Niotal
represents the total number of claims. This metric quantifies how
consistently the system grounds its assertions in external evidence.

In turn, citation precision evaluates the quality of citations for
claims that include references. Each claim-citation pair receives a
support score s;, where full support (score = 1) means all key aspects
of the claim are fully supported by the cited source; partial support
(score = 0.5) means some aspects of the claim are supported, but the
support is incomplete; and no support (score = 0) means the cited
source does not substantively support the claim or is irrelevant.

Citation precision is then computed as the average score across all
, 1 Z}«\idted s;.
Neiteq ~i=1

Report Quality: To capture aspects of writing quality and ana-
lytical depth, we employ an LLM-as-a-Judge protocol [13], prompt-
ing a strong LLM to evaluate each answer along two key dimen-
sions: clarity, reflecting logical coherence and linguistic fluency;
and insightfulness, capturing analytical nuance and the depth of
reasoning presented. These dimensions are commonly used in long-
form generation evaluation [25, 42] and provide evidence of the

presentation quality of the generated content.

cited claims, i.e.
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6.3 Experimental Setup

To evaluate the current landscape of deep research systems, we con-
ducted a systematic benchmarking study, following the evaluation
protocol described in the previous section. We used a subset of the
previously introduced Researchy Questions dataset, namely the top
1,000 queries from the test set, ranked by the number of documents
clicked during the original search sessions. This ranking naturally
favors queries that drive extensive exploration, aligning with the
overall goals of report-generating deep research systems.

We benchmark commercial systems (perplexity-sonar-deepsearch
and gpt4-search-preview) and open-source systems (GPTResearcher,
OpenDeepSearch, and HuggingFace-DeepSearch). We also include
Search-R1 as a lower-bound reference, as it focuses on short-form
answers. All systems are evaluated in default configurations using
gpt-4.1-mini-2025-04-14 as the judge. For open-source systems,
we evaluate under two retrieval settings. We consider each system’s
default commercial API, as well as DeepResearchGym’s API, show-
ing independent results for the ClueWeb and FineWeb corpus. For
the commercial systems, the search backend cannot be re-routed
due to their proprietary integration, so we report only their native
search configuration.

6.4 System-Level Evaluation

Table 4 presents results under two retrieval configurations: each
system’s original commercial API, and DEEPRESEARCHGYM’s APIL
Despite Researchy Questions being grounded on ClueWeb22, we
also provide results when searching over FineWeb.

The results show that systems maintain their relative perfor-
mance rankings across both retrieval settings, confirming that DEEP-
ReSEARCHGYM’s search API provides sufficient retrieval quality to
support effective report generation.

We also observe consistent patterns in the relative difficulty of
different evaluation dimensions. Even top-performing systems like
perplexity-sonar-deepsearch and GPTResearcher achieve notably
higher scores in report quality metrics (Clarity, Insight) compared to
information coverage metrics (KPR), suggesting that linguistic flu-
ency has outpaced comprehensive content synthesis. This pattern
holds across both retrieval environments, indicating an intrinsic
challenge in deep research that transcends retrieval infrastructure.

The evaluation also reveals a trade-off in commercial systems,
which tend to produce strong narrative quality but sometimes with
reduced citation precision. Manual inspection of the results shows
two recurring issues: (1) citations are often used to support broad
sections instead of specific claims, and (2) some cited URLs cannot
be fully crawled. This points to a tension between narrative coher-
ence and precise evidence anchoring in current designs. For these
citation metrics, note that systems that do not present references
receive Faithfulness scores of 0.

We also evaluated the experiment summarized in Table 4 with
alternative LLM judges (Gemini-2.5-Pro and GPT-OSS-20B). While
absolute scores vary across judges, per-query assessments show
strong correlation on relevance (p ~ 0.8) and moderate correlation
on faithfulness and quality (p = 0.5).
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6.5 Query-level Analysis

To further investigate the consistency of system performance across
individual queries, we conducted a fine-grained analysis comparing
results obtained under each system’s original retrieval API, against
those obtained with DEEPRESEARCHGYM’s API, focusing only on
the systems geared towards long-report generation and explicit
references. Figure 3 presents scatter plots of per-query scores across
our three evaluation axes.

The analysis reveals distinct patterns across evaluation dimen-
sions. For relevance (KPR), stronger systems exhibit moderate to
high correlation, indicating that query-level retrieval effectiveness
is largely preserved when transitioning to DEEPRESEARCHGYM’s
corpus. However, mid-range queries show some score variability,
suggesting that certain information needs are more sensitive to
differences in retrieval infrastructure. In contrast, report quality
metrics demonstrate lower per-query correlation, despite high ab-
solute scores for top systems. This implies that while narrative
fluency and coherence are robust to retrieval changes, they are not
tightly coupled with individual query characteristics.

Retrieval faithfulness shows the lowest per-query correlation
across systems, indicating that this dimension is sensitive to differ-
ences in retrieved evidence. Changes in the retrieved documents
can shift not only how well claims are supported, but also the claims
themselves, leading to variation in citation faithfulness scores across
retrieval setups. While average scores across queries remain sta-
ble, with some individual queries yielding consistently high scores
across both sources, the broader pattern lacks alignment, with
most points scattered and no clear linear trend. This variability
underscores the importance of using a standard retrieval API when
benchmarking deep research systems, as it helps control for re-
trieval effects and ensures that observed differences stem from
model behavior rather than different access to evidence.

6.6 Human Evaluation

To validate our automatic evaluation protocol and assess its align-
ment with human judgments, we conduct a systematic human
evaluation study. The evaluation set comprises 210 queries with
their corresponding generated reports. For each query, we present
annotators with two reports generated by different systems, asking
them to select the better one based on overall informativeness, co-
herence, and factual accuracy. Seven annotators (all also co-authors
of this paper) participated in the study, with each query indepen-
dently evaluated by three different individuals. To mitigate potential
bias, the evaluation was conducted double-blind: annotators were
unaware of which systems produced each report, and system as-
signments were randomized across queries. Report presentation
order was also randomized to prevent positional bias, and ties were
disallowed to enforce binary preferences.

To assess inter-annotator reliability, we compute pairwise Co-
hen’s x scores across all annotated comparisons. The average pair-
wise k is 0.87, indicating a high level of agreement and supporting
the consistency of human judgments. Building on this, Table 5
presents Cohen’s k values measuring agreement between LLM-
based automatic judgments and human preferences across each
evaluation dimension, while Figure 4 presents pairwise win rates,
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Figure 3: Query-level correlation across metrics, when changing between commercial search (i.e., Serper) and our APIL.

Table 5: LLM versus human
agreement (Cohen’s k).

GPT-Researcher

Metric K OpenDeepsearch

KPR 0.72 HF-DeepSearch

Citation Precision 0.86 seorcht

Citation Recall 0.86

Clarity 0.89 Figure 4: Win rates compar-
Insightfulness 0.84 ing pairs of systems as judged

by human preferences.

showing the percentage of times each system was preferred over an-
other based on human annotations. The KPC metric was excluded
from the analysis in Table 5 due to a high rate of LLM-judged ties,
leaving insufficient samples for analysis. The results demonstrate
substantial agreement and the same trend regarding relative model
performance. This validates our LLM-as-a-judge evaluation proto-
col, strengthening confidence in the benchmark results presented
in the previous sections.

6.7 Qualitative Analysis

To understand where key-point recall breaks down, we performed
a qualitative analysis on GPTResearcher, the best-performing open-
source system in our benchmark. We took the 100 queries with
the lowest key-point recall and inspected them manually. In most
cases, the system produced an accurate report but missed the facet
or framing captured in the gold key-points. This typically occurred
when the query was underspecified relative to the more specific
information need reflected in the source documents. We group them
into three categories.
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Multi-facet coverage gaps account for 78.5% of missing key-
points and occur when a broad query admits several plausible
readings. GPTResearcher commits to the most salient interpreta-
tion and does not hedge across the remaining ones. On the query
“does the american population wish more autonomy in their work?”,
the system produced a thorough report on workplace autonomy
covering flexibility, remote work, and work-life balance. It did not
surface gold key-points tied to autonomy in adjacent senses, such
as undocumented workers and immigration policy, physician own-
ership of private practice, patient autonomy in medical ethics, and
generational framing.

Lens mismatches account for 17.9% of missing key-points and
arise when the report answers at a reasonable but different level
of abstraction than the gold sources. When asked “what makes
an athlete elite”, the system discussed psychological traits, training
environments, coaching relationships, and genetic factors, all defen-
sible aspects of elite performance. The gold key-points were drawn
from a source centered on neuromuscular mechanisms such as
brain-muscle communication, motor control centers, and training-
induced neural adaptation. The report is thematically correct but
never engages this framing, which the query does not single out as
the intended lens.

Domain misinterpretations account for 3.6% of missing key-
points and are the closest to a genuine failure, since ambiguous
terminology leads the system to research a different topic. For the
query “what role did indians play in the wars for empire?”, GPTRe-
searcher interpreted “Indians” as people from India and reported
on Indian troops in British imperial wars, whereas the gold doc-
ument focuses on “Indians” as Native American and Indigenous
peoples and discusses Aztec, Inca, and Maya societies and Indige-
nous alliances with European powers in eighteenth-century North
American conflicts.

Taken together, over 90% of the unrecovered key-points fall into
the first two categories and stem from query underspecification.
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Resolving them would require the system to determine which in-
terpretation, or whose information need, a query targets, which a
single zero-shot pass cannot do. Multi-turn clarification and per-
sonalization address this directly, as in recent work that adds mid-
process steering and persona modeling to long-horizon research
[1]. Our evaluation, like GPTResearcher itself, models a single-turn
setting and does not capture such interaction.

7 Conclusions and Future Work

DeepResearchGym. We offer a reproducible sandbox for develop-
ing and benchmarking deep research systems, providing a stable
cost-effective alternative to commercial search APIs. We aim to de-
part from full reliance on black-box commercial solutions, where al-
gorithms and data are not fully known. In contrast, DEEPRESEARCH-
GyM is open in terms of data and algorithms, allowing the commu-
nity to reproduce and measure scientific progress in deep research
agents. We release all components, including the retrieval API, the
query generation framework, the evaluation benchmark, and the
training and evaluation code, at https://www.deepresearchgym.ai.

Use cases. We empirically demonstrate that DEEPRESEARCHGYM
serves as a reliable research-grade complement to commercial re-
trieval infrastructures. Training-wise, we show that agents trained
exclusively within DEEPRESEARCHGYM generalize effectively to
commercial search at inference time, validating the framework as a
practical training environment. Beyond training, a benchmarking
experiment on long-report generation shows that systems main-
tain comparable performance when transitioning from proprietary
APIs to our transparent environment, confirming retrieval fidelity.
By isolating system behavior from fluctuating retrieval conditions
and API expenses, DEEPRESEARCHGYM provides a foundation for
reproducible and accessible research in deep research systems.

Follow-up Work. We are committed to expanding DEEPRESEARCH-
GyM’s coverage to recent web corpora, such as newer FineWeb
crawls, enabling evaluation of time-sensitive queries and emerging
topics. Moreover, the integration of domain-specific benchmarks
may further support assessment in high-stakes contexts such as
healthcare or law, where retrieval precision and factual reliability
are critical. For reproducibility, such extensions will be provided in
novel versioned endpoints.
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