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ABSTRACT

Deep research agents, which synthesize information across diverse sources, are
significantly constrained by the sequential nature of reasoning. This bottleneck
results in high latency, poor runtime adaptability, and inefficient resource allo-
cation, making today’s deep research systems impractical for interactive applica-
tions. To overcome this, we introduce ParallelResearch, a novel framework for
efficient deep research that transforms sequential processing into parallel, runtime
orchestration by dynamically decomposing complex queries into tree-structured
sub-tasks. Our core contributions are threefold: (1) an adaptive planner that
dynamically allocates computational resources based on query complexity; (2) a
runtime orchestration layer that prunes redundant paths to reallocate resources
and enables speculative execution; and (3) a fully-asynchronous execution in-
frastructure that enables concurrency across both research breadth and depth.
Experiments on two benchmarks show up to 5x speedups with comparable final
report quality, and consistent quality improvements with the same time budgets.

1 INTRODUCTION

Deep research systems, which can generate long-form responses by synthesizing information from
diverse resources given an open-ended query, have become increasingly powerful with the advances
in LLM-based agents. While the state-of-the-art systems can create high-quality reports for deep
research tasks, including literature review (Haman & §k01n1’k, 2025)) and policy analysis (Gambrell,
2025)), their efficiency is still limited: such systems often take tens of minutes to respond. This
latency can break users’ cognitive flow (Igbal & Horvitz, [2007)), incur high context-switching costs
(Mark et al., [2008)), and degrade overall experience.

Much of this inefficiency stems from poor runtime orchestration. Existing systems typically rely
on sequential planning and reasoning (Xu & Peng, 2025), leading to unnecessary latency when
opportunities for parallel branching and speculative exploration are under-utilized. These systems
typically plan ahead of research. However, the value of subqueries or deeper investigation often
becomes clear only after partial research progress, but current systems rarely prune low-value paths
or reallocate resources at runtime.

To address these challenges, we propose ParallelResearch, a framework designed for efficient deep
research that integrates adaptive planning and runtime orchestration on a fully-asynchronous exe-
cution infrastructure. ParallelResearch treats deep research as a dynamic, tree-structured traversal,
where a complex query is decomposed into concurrent subqueries that dynamically populate the
research tree. The objective is to maximize response quality under a time budget by adjusting the
tree structure and reallocating resources across promising research paths.

At the core of ParallelResearch is an adaptive planner that weighs the expected information gains be-
fore and after each research step, expanding breadth and deepening paths only when the information
gain justifies the overheads. This allows ParallelResearch to flexibly allocate resources depending
on nature, scope, and complexity of each query.

*Work done during internship at Adobe Research.
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Figure 1: Overview of ParallelResearch: the Planning Nodes adaptively decompose queries into
parallel subqueries executed by Research Nodes for findings, which may recursively trigger deeper
planning. The adaptive planner expands (1) breadth to explore prior-research and regulates (2)
depth to pursue promising paths post-research. The runtime orchestration layer monitors progress
and reallocates resources through (3) scheduling signals mid-research. A fully-asynchronous exe-
cution infrastructure enables flexible concurrency across both breadth and depth.

However, planning alone is insufficient. Since research is inherently iterative and non-linear, newly
emerged evidence mid-research may reshape priorities. Paralle]Research incorporates a runtime or-
chestration layer that monitors ongoing research findings, evaluates them against goal satisfaction
and quality rubrics, and makes live adjustments. This mechanism allows the system to terminate
low-value or redundant branches early and reallocate computational resources toward more promis-
ing paths. More importantly, it allows speculative execution by launching child tasks before parent-
level planning decisions are finalized, thereby reducing latency and accelerating throughput.

This tight feedback loop between planning and research execution produces a highly dynamic re-
search tree that evolves at runtime. To handle this, ParallelResearch employs a fully-asynchronous
execution infrastructure to schedule all the planning, research, and orchestration tasks in a unified
pool with thread-safe state management. This enables concurrent exploration of multiple research
paths and allows non-blocking orchestration to adapt the tree structure.

To evaluate the effectiveness of Paralle]Research, we conduct experiments on two recent deep re-
search benchmarks, DeepResearchGym (Coelho et al.l [2025) and DeepResearch Bench (Alzubi
et al.,[2025). Compared to the baseline, Paralle]Research can consistently improve research through-
put, producing research reports of the same quality with up to 5x speed-ups, or even higher quality
within the same time.

The key contributions of this work are:

* A formal formalization of deep research tasks as a tree-structured optimization problem.

* An adaptive research planner for dynamic, context-aware decisions on task branching and
deepening.

* A runtime orchestration layer for task monitoring, speculative execution, and resource re-
allocation.

* A fully asynchronous execution infrastructure enabling concurrent planning, research, and
orchestration across breadth and depth of the evolving tree.

* A comprehensive empirical evaluation on three model families across two benchmarks,
demonstrating ParallelResearch’s significant improvements in terms of research through-
put, quality, and efficiency.
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2 RELATED WORKS

2.1 DEEP RESEARCH AGENTS

Building on earlier tool-use frameworks like WebGPT (Nakano et al.,[2021)) and ReAct (Yao et al.,
2023b)), recent deep research agents — including GPT-Researcher (Elovic},2023), Open Deep Search
(Alzubi et al.| |2025)), and LangChain’s Open Deep Research (Langchain, 2025) — decompose com-
plex queries into tool-augmented subtasks. To standardize evaluation, emerging benchmarks like
DeepResearchGym (Coelho et al.,[2025) and DeepResearch Bench (Du et al.|2025) introduce LLM-
as-a-judge protocols tailored for complex research questions.

Despite these advances, current systems typically rely on fixed, pre-specified parameters for con-
trolling the research structure. Their orchestration strategies are dominated by sequential execution
or coarse-grained parallelism (Xu & Peng| [2025), which limits adaptability. As a result, when in-
formation quality shifts during execution, these systems either waste compute or incur unnecessary
latency. ParallelResearch addresses these limitations by introducing a runtime orchestration layer
that couples fully-asynchronous execution across both depth and breadth. Unlike prior static ap-
proaches, it adaptively expands or prunes subqueries in real time based on intermediate evidence,
enabling more efficient and responsive deep research.

2.2 PARALLEL AND SPECULATIVE REASONING

Token- and action-level acceleration methods such as speculative decoding (Leviathan et al.| 2023
Miao et al., 2023} |Cai et al) 2024)) and speculative reasoning for fast inference (Pan et al., 2025}
Yang et al., [2025) reduce latency via draft-and-verify or multi-token prediction. At the reasoning
level, Dynamic Parallel Tree Search (Ding et al., |2025) accelerates Tree-of-Thoughts by expanding
and pruning nodes in parallel, while ParaThinker (Wen et al.| 2025) and Parallel-R1 (Zheng et al.,
2023)) instill native parallel reasoning. These improve efficiency and accuracy but still rely on static
branching. Inspired by these works, ParallelResearch advances parallelism to the workflow level: it
not only reallocates compute and prunes branches dynamically, but also supports speculative execu-
tion—allowing branches to expand without delay and later discarding them if evidence shows they
are unnecessary.

2.3 AGENT WORKFLOW ORCHESTRATION

Recent work compiles high-level goals into executable agent graphs via MCTS-guided code search
(Zhang et al. 2024), evolutionary populations of heterogeneous workflows (Niu et al., 2025), and
modular activity-on-vertex graphs (Zhang et al.| |2025a). These systems mainly optimize offline and
then execute largely fixed graphs, and their runtime control over partially executed graphs remains
limited. Production frameworks such as AutoGen (Wu et al.,[2023)), LangGraph (LangChain, |2024),
DSPy (Khattab et al.| 2024)), and OpenAl Swarm (OpenAl, [2024) provide valuable abstractions for
multi-agent pipeline control.

More recently, hierarchical frameworks like OWL (Hu et al.l [2025) deploy domain-agnostic plan-
ners with specialized workers using task decomposition and reactive adaptive, while AgentOrchestra
(Zhang et al.,[2025c)) unifies tools, environments, and agents via TEA Protocol for agent-level coor-
dination. Cognitive Kernel-Pro (Fang et al.,2025) focuses on cognitive architecture and memory for
knowledge integration, and OAgents (Zhu et al.| 2025)) provides a modular infrastructure for agent
design and evaluation. For runtime adaptation, Co-Sight (Zhang et al., 2025b) embeds replanning
rules in its agentic planner, smolagents (Roucher et al., [2025) employs interval-based replanning
up to fixed step limits, and dynamic workflow systems (Gao et al.| [2025; Nie et al., 2025) enable
intelligent agent resource allocation.

However, these systems usually operate at agent-level granularity without research-specific opti-
mizations. ParallelResearch uniquely addresses this with the tree-structured formulation and nodel-
level orchestration, enabling finer-grained resource reallocation capabilities like parallel branching,
speculative execution, and early termination of redundant paths. This allows ParallelResearch to
dynamically adapt the research workflow in response to the evolving information with maximized
efficiency.
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Figure 2: Trade-offs between deep research tree structure and response quality. Left figure (a)
varies depth (breadth fixed at 4) and right figure (b) varies breadth (depth fixed at 3); in each, the rop
plot shows Quality metrics with sub-metric Support on the right y-axis, while the bottom plot shows
Relevance (left) and Faithfulness (right). The red labels along the x-axis give total node counts as a
proxy for computational cost. Early increases raise quality, but gains saturate as cost escalates.

3 BACKGROUND

3.1 PROBLEM FORMULATION

Deep research tasks involve tackling complex, open-ended queries by iterative reasoning, gathering
diverse information, and synthesizing knowledge into comprehensive responses.

We formalize such a task as follows: a user query ¢ € Q, where Q is the space of natural language
queries. The goal is to produce a response € R by integrating knowledge from retrieved context
C = {c1,ca,...,c,} sourced from a corpus D (e.g., web searches or local documents). During
this process, research findings F' = {f1, fo, ..., fm }, comprising reasoning traces and summarized
insights, are iteratively derived from the context.

Consequently, the response is generated as
r=o(q,C,F), (D

where o : Q x 2¢ x 2F" — R is a synthesis function that aggregates and processes the inputs to
maximize quality metrics like factual accuracy, comprehensiveness, and relevance. Here, 2¢ and
2F" denote the power sets of C' and F, representing all possible subsets of contexts and findings.
In practice, these are subsets collected during the research process, and o is typically implemented
with an LLM.

To solve such tasks scalably, a deep research framework must balance thorough exploration with
computational efficiency. Traditional sequential pipelines like linear retrieval-augmented genera-
tion (RAG) often struggle with complex queries, incurring high costs due to repetitive traversals or
premature convergence to suboptimal research direction. Given the hierarchical and multi-faceted
nature of deep research, it is natural to model the process as a tree structure, like in Tree of Thoughts
(Yao et al., [2023a)).

Formally, we model the process as a directed tree 7 = (N¥ U N E) with disjoint node sets of
planning nodes N* and research nodes N,

A planning node n”” decomposes a query ¢ into a finite set of subqueries:

nP(q") = {dh.....ap}, o eQ )

Here, ¢™ can be either the initial query or a previously decomposed subquery. The tree root is there-
fore the planning node n/’ that receives the initial query q. The number of decomposed subqueries
b, = [n?’(¢")| is defined as the breadth at this research level.
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Each subquery ¢7' further instantiates a research node nR(q?), which retrieves information from the
corpus D and performs reasoning:

n(q)) = (Cqp, Fyp), 3)
producing a set of local context Cq» C C' and research findings Fy» C F.

Optionally, a research node can be deepened by spawning a child planning node that further decom-
poses ¢, after which the alternating process of planning and research continues recursively. The
depth d] of the tree is defined as the number of research-node layers along the longest root-to-leaf
path.

The final response r7 can then be synthesized as

rr =0 |4, U CZ‘, U Fi ) (4)

n,ENE n,ENE

by aggregating each research node’s local contexts and findings across the tree. The response quality
can be subsequently measured by an evaluation function E(r).

However, fixing the depth and breadth of the tree can lead to suboptimal performance: shallow trees
might insufficiently explore complex topics, while overly deep or wide trees can waste substantial
resources on simple tasks. Therefore, the core challenge is to orchestrate the tree structure at runtime
to maximize the response quality within a time budget ¢,x.

Formally, we aim to solve the optimization problem:

argmax E(r7) st t(T) < tmax ®)
T
where ¢(7) denotes the end-to-end latency of the research tree including all nodes and edges.

3.2 MOTIVATING EXPERIMENTS

Following the above formulation, we investigate how the tree structure can affect response quality
in deep research tasks. We evaluate an existing deep research framework, GPT-Researcher (Elovic}
2023)), on a set of 100 complex queries randomly sampled from DeepResearchGym (Coelho et al.,
2025)). We varied the research tree’s maximum depth and breadth hyperparameters and measured
performance across multiple metrics.

Depth In Figure [J[a), increasing depth from 1 to 2 yields the largest gain, with overall quality
score rising sharply from 77.00 to 80.95. Beyond depth 3, the curves flatten. Extra depth produces
only marginal quality improvements while node number grows exponentially. Notably, Relevance
and Faithfulness peak at depth 3 and then decline, as deeper searches bring in peripheral sources and
redundant materials, diluting core evidence and complicating the write-up compression.

Breadth A similar pattern can be observed when varying the breadth. In Figure (b), widening
the tree from breadth 1 to 2 delivers a substantial quality gain with a moderate increase in nodes.
Quality continues to improve up to breadth 4, after which the gains taper off.

To summarize, initial increases in depth or breadth are valuable, but returns diminish as node counts
escalate. This highlights that a one-size-fits-all approach is inefficient. Adaptive planning is essential
to tailor depth and breadth to each query’s complexity, optimizing the quality-cost tradeoff.

4 PARALLELRESEARCH

ParallelResearch consists of three core components: (1) an Adaptive Research Planner, (2) a Run-
time Orchestration Layer, and (3) a Fully-Asynchronous Execution Infrastructure. Together,
these components dynamically expand and prune the research tree 7 in real time and execute sub-
tasks concurrently.



Published as a workshop paper in Lifelong Agent @ ICLR 2026

Planning Node Research Node c. ParallelResearch

Ve ~N Fully-Asynchronous Execution Infrastructure

_________________

a. Sequential Planning & Research [ '

e mne mme ma s BN L E R L LDt
Global Task Pool
b. Coarse-grained Parallelization

\1"0 r
Layer-wise / Group-wise @ <: £
/V

@

o

A

@
D> > H
B—P<
E
c
\A\‘I
I\ J J

Sa

/e |\

Figure 3: Sequential processing and coarse-grained parallelization at layer or group level force
nodes to wait for slow dependencies and introduce unnecessary latency. ParallelResearch enables
fully asynchronous execution by submitting task nodes to a global pool; child nodes (e.g., D, E, F)
can start as soon as their parents (2, B) finish, without waiting for unrelated nodes such as C.

4.1 ADAPTIVE RESEARCH PLANNING

To efficiently navigate vast information spaces, it is essential to adapt the breadth and depth of re-
search to the scope, nature, and complexity of each query. For example, broad queries like “What
is the impact of climate change?” can be decomposed into multiple subqueries that address dis-
tinct aspects. In contrast, more specific questions like “What’s the process for developing film in a
darkroom?” require less exploration but demand greater focus and precision.

Therefore, we propose an adaptive research planner that decomposes the query ¢ into b,, subqueries
at each planning node n” € N, conditioned on the current query ¢” and the accumulated findings
F'. Concretely, the planner applies a breadth policy 7:

nP(qn) :'/Tb(qnvF) = (bnv{q?’7qyn})a (6)

where b,, denotes the branching factor (i.e., the number of subqueries) and {q7, ..., qg‘n} are the
generated subqueries. The key decision is to choose b,, to balance the expected utility of broader
exploration against the additional computation incurred by executing the spawned research nodes:

b
b, = arg max E[AUlg(b |¢", F) — /\ZAt(nR(q;-‘))}, @)
be[lybmax] j:1
where Uig(b | ¢", F') estimates the expected information gain (Quinlan, |1986) from decomposing
into b subqueries, t(nR(qu)) denotes the expected latency of running the corresponding research
node, and A > 0 controls the tradeoff between response quality and computational overhead.

Once a research node finishes, a depth policy 7, decides whether to further deepen the current
branch based on the local query ¢° and findings F; at each research node nf € N%. Specifically,
w4 compares the expected information gain from one additional research-node layer to the expected
additional latency incurred, and deepens only when the gain-per-latency ratio exceeds a threshold:

. B E[AUIG(qia Fl)]
m4(q 7Fi)_H{IwFW >T},

where AUig(q*, F;) denotes the expected information gain from deepening the current branch,
At(q", F;) denotes the corresponding expected incremental latency, ¢ > 0 is a small constant for
numerical stability, and 7 is a threshold that controls diminishing returns. The output is a binary
decision whether to deepen the current research path.

(®)

In our work, m, and 74 are implemented with LLMs for decision-making. However, the proposed
formulation is policy-agnostic and can be also instantiated using hand-crafted heuristics or learned
models, e.g., via reinforcement learning.
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Algorithm 1 Runtime Orchestration

Require: Hyperparameters Py, W i
1: function ORCHESTRATOR(nE, ¢', C;, F)
2:  nP.terminate + False > Initialization

3: Async Execute node nf‘, update C;, F; and parent
4: Async Plan child queries
5:  for each child query ¢’ do
6: Async Speculatively execute nf with Cj, F
7: Async ORCHESTRATOR(n Y, ¢/, Cj, F})
8: end for
> Continuous monitor at each level
9: while not n/*.terminate do
10: Update C;, F; from an and descendants n?
11: Pass C;, F; to parent node ‘
12: Async Evaluate (¢;,1;) + m,(q%, Ci, F;)
13: if ¢; > Ppyin and ¢; > Uy then
14: nlt terminate < True
15: Kill node nl* > Early termination
16: for each descendant 1. do > Pruning
17: Kill nf and descendants recursively
18: end for
19: end if
20: if nf* and all children finished/killed then
21 nlt.terminate < True
22: end if

23: end while
24: end function

4.2 RUNTIME ORCHESTRATION

To address the dynamic and evolving nature of research, where priorities can shift as new evidence
emerges, breadth planning conducted prior-research and depth planning performed post-research
can be limiting. Furthermore, depth planning can also delay the exploitation of promising research
paths until decisions are finalized.

To mitigate these, we introduce a runtime orchestration layer that dynamically manages the research
tree 7 using mid-research signals for resource reallocation. Each research node n*(g?) is continu-
ously monitored by an orchestration policy 7, conditioned on the local query ¢*, real-time context
C;, and accumulated findings F;:

mo(d", Ci, Fr) = (¢4, i), ©)

where ¢; € [0,1] denotes a goal-satisfaction score and ; € [0,1] denotes a quality score. The

orchestration layer uses these signals to determine whether to continue scheduling work on node i:

CONTINUE(?) = I{¢); > Pin A ¥; > Upin}, (10)

where ®,,,;, and ¥,;,, are thresholds for goal satisfaction and quality, respectively. In our imple-
mentation, 7, is instantiated with an LLM.

More importantly, this mechanism enables speculative execution: child nodes can be spawned and
deepen the tree without awaiting the parent’s planning decision. Child nodes’ findings update the
parent’s C; and F}, even after the parent’s research completes, enabling recursive and adaptive task
management. As shown in Algorithm[I} upon evaluation at each hierarchy, low-yield nodes and their
descendants are terminated early once the research goal is satisfied, pruning the subtree dynamically.

4.3 FULLY-ASYNCHRONOUS EXECUTION INFRASTRUCTURE

To maximize efficiency in traversing the evolving research tree 7, ParallelResearch incorporates a
fully-asynchronous execution infrastructure that enables concurrent processing across multiple axes:
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Table 1: Overall evaluation results on DeepResearch Bench under flexible time budgets, judged by
Gemini-2.5-flash and Gemini-2.5-pro. ParallelResearch (-AP, -RO) refers to the abla-
tion without adaptive planning and runtime orchestration. Commercial deep research agents’ results
are directly from the DeepResearch Bench Leaderboarqﬂwith no latency statistics reported.

Method Throughput RACE FACT
#Nodes Latency Overall Comp. Depth Inst. Read. Cit. Acc. Eff. Cit.

Grok Deeper Search - - 38.22 36.08  30.89 4659 42.17 73.08 8.58
Perplexity Research - - 40.46 39.10  35.65 46.11 43.08 82.63 31.20
OpenAl Deep Research - - 46.45 46.46 4373 4939 4722 75.01 39.79
Gemini-2.5-Pro Deep Research - - 49.71 49.51 4945 50.12  50.00 78.30 165.34
GPT-Researcher 23.12 554.41s  41.15 38.58  37.55 46.03 45.62 65.58 9.40
ParallelResearch (-AP, -RO) 27.88 207.06s  41.33 38.61 38.09 46.01 45.80 70.06 17.35
ParallelResearch 39.30 367.88s  41.92 39.55 38.61 46.36 45.83 58.25 22.94

Table 2: Evaluation of deep research frameworks on DeepResearchGym under fixed time budgets.
Scores are assessed by gpt—4.1-mini-2025-04-14 and averaged over 5 runs. All metrics
reported with 95% confidence intervals.

Throughput Quality Relevance Faithfulness
# Nodes Overall Clarity Depth Balance Breadth Support Insight KPR KPC ()  Cit. Recall
2 minutes
GPT-Researcher 8.00£0.18 74.06+0.88 78.66+1.94 88.88+0.70 84.70+0.80 90.64 +£0.27 21.22+3.39 80.26+1.88 54.50%2.16 0.76£0.35 85.54+1.77
ParallelResearch 1942+ 131 79.78+£0.80 83.88+1.06 90.26+0.22 87.36+0.47 91.10+0.27 40.10£3.91 8598+1.01 6229+2.00 0.73+0.26 94.71 +0.87
ParallelResearch (-AP) 8.94+097 79.44+0.76 86.64+0.68 90.58 +0.24 87.26+0.72 92.22+0.39 33.80+3.88 86.16+1.15 62.73+1.99 0.77+0.25 84.88+1.78

ParallelResearch (-AP, -RO) 21.14 £ 1.01 78.88+0.96 82.10+1.37 89.04+0.75 85.36+1.02 89.94+0.92 39.62+391 87.22+0.86 66.72+2.01 0.43+0.21 94.36+0.86

10 minutes

GPT-Researcher 23.94£0.83 79.52£0.80 82.78+1.27 89.96+0.41 86.60+0.51 90.64 +0.44 39.48+£3.91 87.64+0.78 63.88+1.88 0.61 £0.27 95.53 +0.80
ParallelResearch 98.43£0.19 83.90£0.78 83.08+1.25 90.52+0.43 88.08+0.55 94.42+0.44 58.10£3.81 89.18+0.46 66.16+1.93 0.55+0.22 95.96+ 1.03
ParallelResearch (-AP) 62.32+£9.84 83.12£0.79 82.80+1.30 90.60 +0.31 87.86+0.59 93.88+0.43 54.20+3.94 89.38+0.25 68.42+1.91 0.56+0.23 97.57 £ 0.49

ParallelResearch (-AP, -RO) 68.00 +0.00 82.69+ 1.04 83.28+1.32 89.42+0.95 87.44+0.87 92.46+0.76 56.24+3.85 87.32+1.14 66.44+198 051021 96.52+0.65

breadth (parallel subqueries at the same level), depth (speculative deepening of paths), and across
the runtime orchestrators at different recursive hierarchies in Algorithm [T}

The engine operates by submitting all research nodes n!* to a global asynchronous task pool as soon
as they are planned and orchestrated. Each node is parameterized by its local query ¢°, depth d;,
parent identifier, and a unique status identifier. Dependencies are enforced dynamically: a child
node nf’ becomes eligible for execution only once its parent n2 completes its initial research phase,
but speculative spawning allows planning and partial execution to begin earlier under the runtime
orchestrator’s guidance.

ParallelResearch’s engine leverages non-blocking asynchronous calls, allowing tasks to progress in-
dependently. This approach mitigates bottlenecks inherent in sequential or coarse-grained parallel
execution, where nodes must wait for unrelated dependencies to complete. For instance, as illus-
trated in Figure[3] child nodes (e.g., D, E, F) can initiate immediately upon their respective parents’
(&, B) completion, without delays from slower siblings like C.

5 EXPERIMENTS

5.1 BENCHMARKS AND EVALUATION METRICS

We evaluate our method on two deep research benchmarks.

DeepResearch Bench (Du et al.| [2025) comprises 100 PhD-level research tasks across 22 distinct
fields. These tasks were designed by domain experts based on a statistical analysis of over 96,000
real-world user queries from search-enabled LLM interactions. We use the whole English subset
with 50 questions for evaluation. The benchmark proposes two evaluation frameworks: RACE for
report quality and FACT for citation trustworthiness.

* RACE:
— Comprehensiveness: Evaluates thorough coverage of relevant aspects, including diverse per-
spectives and key subtopics, ensuring understanding without omissions.
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— Depth: Assesses level of detail, analysis, and insights beyond surface-level, including causes,
impacts, and trends.

— Instruction following: Checks adherence to query requirements, ensuring alignment with intent
by following the topic and answering directly.

— Readability: Assesses clarity through structure, language, and ease of understanding.

¢ FACT:
— Effective citation count: Measures factual abundance by counting the number of unique, rele-
vant citations that effectively support key statements in the report.
— Citation accuracy: Evaluates citation trustworthiness by assessing the proportion of citations
that effectively support the referenced claims.

DeepResearchGym (Coelho et al.l [2025) is an open-source evaluation sandbox for deep research
systems. The benchmark consists of 1,000 complex, high-engagement queries from the Researchy
Questions dataset (Rosset et al., [2025)). Due to resource constraints, we randomly sampled 100 for
evaluation. To ensure representativeness, we performed rigorous statistical validation with Mann-
Whitney U, Kolmogorov-Smirnov, and equivalence testing in Appendix Table 3] showing no
significant distributional differences between our sample and the full dataset across all feature di-
mensions (p > 0.05, Cohen’s d ranging from —0.234 to 0.070). It employs an LLM-as-a-judge
protocol to assess generated reports along three dimensions:

* Quality: Measures the report quality with a rubric of fine-grained criteria, including clarity, depth,
balance, breadth, insightfulness, and support.

* Relevance: Measures how well the generated reports satisfy the information needs.

« Faithfulness: Measures the report and citation factuality.

5.2 EVALUATION SETUP

To ensure a fair and controlled evaluation where performance differences can be attributed solely
to our runtime orchestration, we implement ParallelResearch on top of GPT-Researcher system
(Elovic, 2023) and treat the original GPT-Researcher as baseline. Although our approach is system-
agnostic, adopting a single, stable baseline allows us to isolate the effect of orchestration while
keeping all other components fixed. We use the search API from DeepResearchGym across all
experiments for consistency.

On DeepResearch Bench, we allow the system to freely execute with a maximum breadth and depth.
On DeepResearchGym, we set maximum execution times at 2 and 10 minutes to reflect realistic
usage scenarios:

* The 2-minute cutoff reflects human multitasking behavior, where information workers spend an
average of ~2-3 minutes on events or tools before task switching (Gonzalez & Mark! 2004).

* The 10-minute threshold matches the average duration of a “working sphere” (Gonzalez & Mark|
2004) and is supported by evidence from high-performance computing (Schlagkamp & Renker,
2015)) and crowdsourcing tasks (Bernstein et al., 2011}, indicating that a 10-minute window pre-
serves task continuity without slowdown.

5.3 RESULTS

DeepResearch Bench. To assess our system’s performance relative to other deep research agents,
we evaluate it under flexible time budgets on DeepResearch Bench. As shown in Table [ Paral-
lelResearch achieves substantial efficiency gains, processing 39.3 nodes on average while reducing
latency by 1.51 x compared to the baseline.

In terms of quality, our proposed framework consistently improves across all RACE sub-metrics.
Compared to the ablation without adaptive planning and runtime orchestration, ParallelResearch in-
curs higher latency but conducts more research at a comparable throughput, highlighting a favorable
trade-off between efficiency and comprehensiveness. Importantly, ParallelResearch also achieves
a performance competitive with commercial systems like Grok Deeper Search and Perplexity Re-
search, narrowing the gap with proprietary agents. Beyond quantitative metrics, we also provide a
detailed case analysis of Paralle]Research’s adaptability across diverse scenarios in Appendix

'https://huggingface.co/spaces/Ayanami0730/DeepResearch-Leaderboard
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DeepResearchGym. Under fixed time budgets, ParallelResearch consistently delivers superior
throughput, processing substantially more research than the GPT-Researcher baseline (up to 4.11x
in the 10-minute setup), as shown in Table 2] Per-component ablations with 95% confidence inter-
vals isolate the contribution of each mechanism, demonstrating statistically significant gains from
adaptive planning and runtime orchestration, which enable speculative execution without compro-
mising quality.

Beyond throughput, ParallelResearch also improves overall response quality, with clear improve-
ments in balance, breadth, and insight metrics. These gains highlight its ability to maintain a robust
trade-off between expansive coverage and focused analysis, particularly under tight time constraints.
Notably, the overall quality of ParallelResearch with 2-minute execution even surpasses that of the
GPT-Researcher baseline with 10 minutes, demonstrating a 5 x speed-up while preserving quality.

To validate generalizability, we also experiment on open-source
Qwen3-235B-A22B-Instruct. Results in Appendix Table [6] indicate that ParallelRe-
search achieves a consistent 5x quality-preserving speedup, confirming that our efficiency
improvements transfer across model families.

Overall, these results underscore ParallelResearch’s capacity for efficient deep research across di-
verse benchmarks, model families, LLM judges, and time constraints.

6 ANALYSIS

To provide deeper insights into Paralle]Research’s robustness and practical viability, we conducted
comprehensive analyses on evaluation reliability, failure patterns, and economic efficiency.

Evaluation Reliability. To validate the reliability of LLM-as-a-judge evaluations, we conducted
inter-rater analysis across five independent runs in Appendix[B.2] Table[d] The Intraclass Correlation
Coefficient (ICC) scores are consistently above 0.85 (mostly >0.9) across all metrics and systems,
indicating excellent consistency and reliability of the LLM judges. This confirms that our evaluation
protocol can produce stable and trustworthy assessments.

Failure Analysis. To understand when ParallelResearch excels or struggles, we analyzed perfor-
mance patterns across different query types in Appendix [C.2] Figure ] ParallelResearch achieves
a 70% win rate overall, with superior performance on knowledge-intensive and reasoning-intensive
queries where adaptive planning effectively balances breadth and depth. These query types benefit
most from dynamic resource allocation across multiple research branches. However, performance
limitations emerge primarily for ambiguous or incomplete queries where the optimal decomposition
strategy is unclear, suggesting opportunities for future improvements in intent clarification mecha-
nisms.

Economic Cost Analysis. Cost profiling in Appendix [F} Table [7] shows orchestration overhead
accounts for only 7% of total LLM API costs, while early pruning saves 3.39x more than orches-
tration costs. A 2-minute ParallelResearch run costs $0.21 and outperforms a 10-minute baseline
costing $0.39. Sensitivity analysis (Appendix Table |3) confirms ParallelResearch maintains
efficiency at 2 minutes with strategic time utilization, achieving strong gains in Support metrics
(+16-18, p<0.001) versus the baseline’s less efficient sensitivity.

7 CONCLUSION

By formulating efficient deep research as a tree-structured optimization problem and exploiting par-
allelism across nodes, ParallelResearch achieves significant improvements in research throughput
and response quality through adaptive planning, runtime orchestration, and a fully-asynchronous
execution infrastructure. Future work includes incorporating richer modalities beyond text and ex-
ploring tighter integration with human-in-the-loop feedback to further improve policies’ decision-
making.
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ETHICS STATEMENT

This work does not involve private data or sensitive information. Experiments were conducted using
publicly available resources. While our framework aims to improve the efficiency and quality of
deep research systems, we acknowledge the broader risks of misuse, including the potential ampli-
fication of biased or unreliable information. Responsible deployment requires careful selection of
data sources, robust fact-checking, and adherence to ethical standards.
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Table 3: Statistical comparison between the sampled set’s 100 questions and the whole Deep-
ResearchGym’s 1000 questions. MW represents the Mann-Whitney U test. KS represents the
Kolmogorov-Smirnov test. TOST stands for the Equivalence Testing with Two One-Sided Tests.

Sampled Set DeepResearchGym MwW KS , TOST p-value .
Score Type Mean + SD Mean + SD p-value p-value Cohen’s d (6=0.5xSD) Equiv?
Decompositional 0.735 £ 0.088 0.734 £ 0.087 0.9563 0.9348 0.013 0.0000 Yes
Nonfactoid 1.022 +0.085 1.017 £0.083 0.2800 0.5207 0.070 0.0000 Yes
Ambiguous 0.710 + 0.697 0.797 £ 0.735 0.2819 0.9898 -0.119 0.0001 Yes
Incompleteness 1.390 + 1.580 1.527 + 1.546 0.2330 0.9433 -0.088 0.0000 Yes
Assumptive 0.920 £2.226 0.964 £2.122 0.1772 0.6794 -0.021 0.0000 Yes
Multi-faceted 7.140 £ 1.149 7.115 £1.250 0.9458 1.0000 0.020 0.0000 Yes
Knowledge-intensive 6.510 + 1.559 6.822 +1.307 0.0526 0.5990 -0.234 0.0057 Yes
Subjective 5.060 +£2.716 4.999 +2.666 0.6871 0.9433 0.023 0.0000 Yes
Reasoning-intensive 6.480 +1.144 6.600 + 1.188 0.1535 0.3537 -0.101 0.0001 Yes
Harmful 0.000 + 0.000 0.000 + 0.000 1.0000 1.0000 — — —

Note: TOST p-value < 0.05 indicates two groups are statistically equivalent within margin 6.

A IMPLEMENTATION DETAILS

A.1 EXPERIMENTAL SETUPS

For model configuration, we use gpt—4.1-mini-2025-04-14 for the main research process-
ing, and 03-mini-2025-01-31 for implementing the policies in Equations|[6} [§] and [0] for adap-
tive research planning and runtime orchestration.

To ensure fair comparisons among deep research systems, we impose a maximum execution time
for research trees. Once the time cut-off is reached, the research process terminates immediately,
and the system generates a response based on the findings and context gathered up to that point. To
allow all systems to fully utilize their time budgets, we set the maximum tree depth to 10 and the
maximum breadth to 4 within the GPT-Researcher framework. To provide additional flexibility, the
adaptive research planning module may expand the breadth up to 6 when necessary.

Additionally, to control the computational costs introduced by the runtime orchestration layer, we
set an interval of 8 seconds between successive evaluations of goal satisfaction and research quality.

B EVALUATION ROBUSTNESS AND RELIABILITY

We evaluate the reliability of our evaluation by analyzing whether (1) our evaluation sample repre-
sents the broader benchmark population and (2) LLM judges produce consistent measurements.

B.1 SAMPLE REPRESENTATIVENESS

Evaluating all 1000 DeepResearchGym questions requires excessive compute and LLM token con-
sumption. Due to the resource constraints, we randomly sampled 100 questions and validated this
subset’s representativeness by comparing its distributional properties against the full dataset, based
on the characterizations data from the original Researchy Questions dataset (Rosset et al., [2025]).

Table [3] shows that Mann-Whitney U and Kolmogorov-Smirnov tests yield p > 0.05 across all
dimensions, indicating no significant distributional differences. TOST equivalence tests (p < 0.05)
confirm statistical equivalence within a medium effect size, and Cohen’s d values are small (-0.234 to
0.070). These results confirm our sample accurately represents the DeepResearchGym benchmark.

B.2 LLM JUDGE RELIABILITY

Deep research evaluation is challenging due to report length and complexity, making manual as-
sessment costly. We adopt LLM-as-a-judge protocols and verify their consistency via inter-rater
reliability analysis. We ran the judge five times on identical inputs and measured agreement using
the Intraclass Correlation Coefficient (ICC).
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Table 4: Inter-rater reliability analysis using Intraclass Correlation Coefficient (ICC) across three
systems under two time constraints. Higher ICC values indicate stronger agreement between multi-
ple runs of the LLM judge.

Time Budget System Quality KPR KPC Citation Recall
GPT-Researcher 0.917%%  0.995%*  0.968%* 0.979%%*

2 minutes ParallelResearch (-AP, -RO)  0.909%*  0.996**  0.991%** 0.932%*
ParallelResearch 0.890*  0.994%*  0.966** 0.961%*
GPT-Researcher 0.859%  0.995%*  (0.994** 0.985%%*

10 minutes ParallelResearch (-AP, -RO)  0.942%*  0.996** 0.975%* 0.969%%*
ParallelResearch 0.882%  0.991** 0.962%* 0.979%*

Note: * Good reliability (0.75 < ICC < 0.90), ** Excellent reliability ICC > 0.90).

Table 5: Statistical significance of performance metric changes from 2-minute to 10-minute time
budgets, evaluated via independent samples t-tests (A represents mean change).

Metric GPT-Researcher ParallelResearch (-AP, -RO) ParallelResearch

A t-value p-value A t-value p-value A t-value p-value
Quality
Overall +5.46% % 9.03 <0.001 +3.81 %% 5.27 <0.001 +4.12%%* 7.21 <0.001
Clarity +4.12%%% 3.49 <0.001 +1.18 1.22 0.224 -0.80 -0.96 0.339
Depth +1.08%* 2.60 0.010 +0.38 0.62 0.538 +0.26 1.06 0.288
Balance +1.90%** 3.93 <0.001 +2.08%* 3.04 0.002 +0.72 1.95 0.052
Breadth +0.00 0.00 1.000 +2.52%%% 4.15 <0.001 +3.32%%% 12.64 <0.001
Support +18.26%%* 6.90 <0.001 +16.62%%* 5.93 <0.001 +18.00%#* 6.45 <0.001
Insightfulness +7.38%%% 7.10 <0.001 +0.10 0.14 0.891 +3.20%%* 5.67 <0.001
Relevance
KPR +9.37%#%%* 6.40 <0.001 -0.28 -0.20 0.845 +3.88%* 2.73 0.006
KPC () -0.15 -0.66 0.508 +0.08 0.52 0.604 -0.18 -1.06 0.289
Faithfulness
Citation Recall +9.99%#* 10.09 <0.001 | +2.16%%* 3.92 <0.001 | +1.25 1.81 0.070

Note: Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05.

Table @] shows ICC scores exceeding 0.85 across all metrics and systems, with most surpassing 0.90
(excellent reliability). Quality metric ICCs range from 0.859 to 0.942, while KPR and KPC exceed
0.96. Citation Recall scores are between 0.932 and 0.985. These high ICC values validate the
consistency and reproducibility of our LLM-based evaluation.

C PERFORMANCE ANALYSIS

We analyze system performance across time budgets and query characteristics to understand success
and failure modes.

C.1 TIME BUDGET SENSITIVITY ANALYSIS

We examine performance scaling when increasing the time budget from 2 to 10 minutes (5 x). Table
[3 shows GPT-Researcher significantly improves across nearly all metrics with more time. Parallel-
Research (-AP, -RO) shows selective gains in quality and breadth but minimal improvement in clarity
or depth. ParallelResearch displays a distinct pattern: significant overall quality gains (+4.12) are
driven by breadth (+3.32), support (+18.00), and insightfulness (+3.20), with minimal changes in
clarity and depth. This indicates ParallelResearch’s adaptive planning and orchestration prioritize
expanding coverage and strengthening evidence over refining already adequate aspects, effectively
optimizing the quality-cost tradeoff.

C.2 SUCCESS AND FAILURE PATTERN ANALYSIS

We analyze question characteristics to identify where ParallelResearch excels or struggles rela-
tive to GPT-Researcher.Specifically, we divided the 100 DeepResearchGym questions into two
groups based on the 10-minute time budget results: 70 questions where Paralle]Research achieved
higher overall quality than GPT-Researcher (“Wins”), and 30 questions where it performed worse
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Figure 4: ParallelResearch performance analysis (v.s. GPT-Researcher baseline, 10 min). We com-
pare the average characterization scores for the 70 questions where ParallelResearch Wins (outper-
forms the baseline) against the 30 questions where it Loses. Scores are plotted across five characteri-
zation dimensions (x-axis) from the Researchy Questions dataset (Rosset et al}[2025)) and evaluated
with respect to six quality sub-metrics.

(“Loses”). For each group, we computed the average scores across five key characterization dimen-
sions from the Researchy Questions dataset: decompositional, multi-faceted, knowledge-intensive,
reasoning-intensive, ambiguous, and incomplete. We then analyzed these patterns across six quality
sub-metrics: overall quality, clarity, depth, balance, breadth, and support.

Figure [] shows ParallelResearch outperforms the baseline on “knowledge-intensive” and
“reasoning-intensive” questions, achieving better clarity, depth, balance, and breadth. This aligns
with our design: adaptive planning broadens exploration, while orchestration focuses on high-value
paths. Conversely, ParallelResearch underperforms on “ambiguous” and “incomplete” questions.
Ambiguity may confuse the adaptive planner or cause the orchestrator to prematurely prune paths.
This suggests a need to improve orchestration policies for handling ambiguous queries.

D CASE ANALYSIS

We illustrate ParallelResearch’s adaptability with three research trees (all 2-minute cutoff). Case
1 (Figure [3)) shows wide expansion for a broad topic (non-alcoholic cocktails), capturing diverse
perspectives. Case 2 (Figure[6) shows a compact tree for a narrow query (cislunar situational aware-
ness), terminating early to save resources. Case 3 (Figure /) deepens analysis based on user con-
straints. Since thinking models shape planning and orchestration, the framework generates explicit
reasoning traces that aid decision interpretation and error tracking.

In particular, we examined the execution logs and analyzed the reasoning traces to gain a clearer
understanding of the decision-making process during runtime orchestration. The user query explic-
itly requests “only cites high-quality, English-language journal articles”. Consequently, when the
orchestrator detects that a node does not satisfy this research goal, it terminates the branch early to
avoid unnecessary computation. In this specific case, the orchestrator’s reasoning trace is shown
below.

Reasoning Trace 1

The current research progress mainly comprises news articles, reports, and policy discussions
rather than high-quality, peer-reviewed English journal articles specifically focused on Al-driven
labor market restructuring. While the materials are relevant to the broader topic, they do not meet
the stringent criteria of academic journal quality necessary to fully satisfy the research goal. The
findings provide useful context and cover significant aspects of AI’s impact on the labor market,
but they lack the depth, methodological rigor, and academic sourcing expected from high-quality
journal articles. Consequently, although there is moderate progress on the subject, key elements
of the goal remain unmet, suggesting that it would be more cost-efficient to redirect or deepen
the research efforts rather than continuing on the current path.
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Table 6: Evaluation of deep research frameworks on DeepResearchGym using the open-source
Qwen3-235B-A22B-Instruct-2507 model for all the operations. Scores are assessed by
gpt-4.1-mini-2025-04-14 and averaged over 5 runs. All metrics reported with 95% confi-
dence intervals.

Throughput Quality Relevance Faithfulness
# Nodes Overall Clarity Depth Balance Breadth Support Insight KPR KPC (}) Cit. Recall
2 minutes
Baseline 394+0.18 8226092 87.68+1.26 91.38+0.39 87.54+0.93 93.94+0.69 46.80+4.20 86.20+1.25 65.25+2.09 0.47+0.21 79.83 +2.02

ParallelResearch  10.90 £ 0.69 84.91 £ 0.76 89.22+0.62 96.72+0.41 89.00 £0.66 96.22 +0.43 48.16+4.04 90.12+0.43 69.37 £2.00 0.93+0.29 74.56 £ 1.65

10 minutes
Baseline 15.14£0.31 83.48+0.79 85.56+0.97 90.14+0.31 87.58+0.67 91.04+0.50 58.92+3.82 87.66+0.98 68.59+1.88 0.47 +0.26 95.85+0.86
ParallelResearch 68.30 +10.04 87.68 +0.60 83.04 £0.99 93.84 +0.43 88.38 +0.57 94.44 +0.44 76.64 +3.04 89.76 +0.29 69.99 +2.05 0.98+0.31 93.78 +0.82

E GENERALIZATION TO OPEN-SOURCE MODELS

We evaluate whether ParallelResearch’s benefits transfer to open-source models, which offer cost
and privacy advantages but may differ in latency and capability. We test if core mechanisms (adap-
tive planning, runtime orchestration, and parallelization) remain effective.

E.1 EXPERIMENTAL SETUP WITH OPEN-SOURCE MODELS

We evaluated ParallelResearch using the open-source Qwen3-235B-A22B-Instruct-2507 (22B ac-
tivated parameters), deployed locally for all operations. Experimental settings matched our main
experiments, with gpt-4.1-mini as the judge, averaged over 5 runs (95% CI).

E.2 RESULTS WITH OPEN-SOURCE MODELS

Table [6] presents comprehensive results comparing GPT-Researcher baseline and ParallelRe-
search when both use the open-source Qwen3 model. Despite the higher latency of locally-served
Qwen3, ParallelResearch achieves substantial throughput gains: 2.77x improvement (10.90 vs 3.94
nodes) under 2-minute budget and 4.51x improvement (68.30 vs 15.14 nodes) under 10-minute bud-
get. These gains demonstrate that ParallelResearch’s parallel orchestration mechanisms effectively
compensate for individual operation latency.

Most remarkably, ParallelResearch’s 2-minute execution achieves higher overall quality (84.91 +
0.76) than the baseline’s 10-minute execution (83.48 + 0.79), representing a 5x speedup while main-
taining superior quality. This finding closely mirrors our results with proprietary models (Table 1),
confirming that ParallelResearch’s architectural benefits are model-agnostic.

Examining individual metrics reveals interesting patterns. The 2-minute executions achieve higher
scores in clarity, depth, and breadth compared to 10-minute executions. This counterintuitive re-
sult may reflect limitations in the open-source model’s ability to effectively manage long contexts
during information aggregation. However, 10-minute executions significantly outperform in support
(+28.48 points) and citation recall (+19.22 points), indicating that longer execution still substantially
benefits evidentiary quality and faithfulness.

Overall, these results validate that ParallelResearch can successfully transfer to open-source models,
making the approach practical for diverse deployment scenarios.

F EcoNoMIC COST ANALYSIS

While ParallelResearch introduces additional computational overhead through runtime orchestration
(periodic quality and goal satisfaction assessments), it also prunes low-value research paths early,
potentially reducing overall costs. Understanding the net economic impact requires detailed analysis
of token usage across all components. This section quantifies the monetary costs associated with
different systems and examines whether orchestration overhead is offset by efficiency gains.

Table[/| provides a detailed breakdown of LLM API usage and costs averaged across 100 DeepRe-
searchGym questions. We report both orchestration-specific costs (only applicable to ParallelRe-
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Table 7: LLM token usage and API cost analysis on DeepResearchGym with different time budgets.
All values are averaged over 100 questions. Orchestration metrics only apply to ParallelResearch.

Orchestration Usage Total Usage
Input Tokens Output Tokens Cost ($) Input Tokens Output Tokens Total Cost ($)

2 minutes

GPT-Researcher - - - 97,170 5,428 0.1258
ParallelResearch (-AP, -RO) - - - 176,147 9,355 0.2218
ParallelResearch 9,632 1,788 0.0185 155,409 10,031 0.2071

10 minutes

GPT-Researcher - - - 299,093 18,432 0.3941
ParallelResearch (-AP, -RO) - - - 424,488 28,496 0.5629
ParallelResearch 25,646 4,756 0.0491 487,023 36,409 0.6811

search) and total system costs including all operations (planning, web search, retrieval, reasoning,
and report generation).

Under the 2-minute budget, ParalleIResearch’s orchestration layer consumes 9,632 input tokens and
1,788 output tokens per question on average, costing $0.0185. This represents only 8.9% of the total
system cost ($0.2071). Under the 10-minute budget, orchestration costs rise to $0.0491 but remain
just 7.2% of total costs ($0.6811). These figures demonstrate that runtime orchestration introduces
minimal overhead relative to overall system costs.

Comparing total costs across systems reveals important tradeoffs. GPT-Researcher baseline costs
$0.1258 (2-min) and $0.3941 (10-min). The ParallelResearch (-AP, -RO) system (without adap-
tive planning and orchestration) costs $0.2218 (2-min) and $0.5629 (10-min), showing that adding
parallelization alone increases costs by 76% and 43% respectively. ParallelResearch costs $0.2071
(2-min) and $0.6811 (10-min). While ParallelResearch incurs 65% and 73% higher costs than the
baseline, it explores 2.1x and 4.5x more research nodes while achieving superior quality (Table 1).
Importantly, ParallelResearch’s 2-minute execution ($0.2071, Quality: 83.82) achieves comparable
quality to the baseline’s 10-minute execution ($0.3941, Quality: 83.74) at roughly half the cost,
demonstrating substantial economic efficiency.

The key insight is that ParallelResearch achieves better cost-quality tradeoffs by intelligently allo-
cating computational resources. While absolute costs increase moderately, the system delivers dis-
proportionate quality improvements by focusing resources on high-value research paths and pruning
redundant exploration. The orchestration overhead (7-9% of costs) is far outweighed by the gains
from improved resource allocation.
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