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Abstract

Deep Research Agents (DR-Agents) extend
LLMs with multi-step retrieval, tool use, and in-
termediate computation to solve complex prob-
lems. However, their execution logs often con-
tain redundant context, noisy evidence, and
brittle dependencies among intermediate de-
cisions. As a result, final answers can be sen-
sitive to irrelevant or weakly verified informa-
tion. We propose DualResearch, a log-based
post-processing framework for answer recon-
struction. Given a query and a completed DR-
Agent log, DualResearch normalizes the log
into event records and constructs two evidence
graphs: a breadth semantic graph for declara-
tive evidence and a depth causal graph for pro-
cedural provenance. It then retrieves breadth
nodes and depth paths, assigns higher weights
to retrieval channels with more concentrated re-
tained candidate distributions, and jointly con-
siders relevance and cross-view agreement to
select evidence for reconstruction; the concen-
tration measure reflects retrieval confidence
rather than factual correctness. Experiments
on HLE, GAIA, and GPQA show consistent
accuracy improvements over underlying DR-
Agents and controlled log-reuse baselines.

1 Introduction

Large language models (LLMs) have shown strong
capabilities in complex problem solving (Achiam
et al., 2023; Zhang et al., 2025), yet they still strug-
gle to organize evidence reliably across long rea-
soning contexts (Li et al., 2024; Huang and Chang,
2023; Ahmed and Devanbu, 2023). When a task
requires multiple pieces of evidence, intermedi-
ate computations, or cross-step consistency, a sin-
gle generation pass may mix relevant and irrele-
vant context, miss verified intermediate results, or
produce answers that are only weakly grounded
in the available evidence (Shojaee et al., 2025).
These limitations create a need for systems that can
actively gather evidence, invoke tools, and main-
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tain intermediate reasoning states over extended
problem-solving processes.

This need has led to a set of approaches com-
monly referred to as Deep Research Agents (DR-
Agents) (Jones, 2025; Hu et al., 2026, 2025; Team
et al., 2025). DR-Agents extend LLMs with re-
trieval, tool use, and multi-step execution (Schick
et al., 2023), allowing them to gather external evi-
dence, run tools, and update intermediate conclu-
sions over a longer reasoning process. Figure 1
shows a representative case: when answering the
question “Which of these Turing Machines halts
after the most number of steps and what is the num-
ber of steps?”, a DR-Agent may retrieve transition
tables, generate simulation code, execute simula-
tions, and compare the resulting halting steps.

However, as DR-Agents proceed through multi-
step retrieval, tool use, and intermediate reasoning,
their execution processes often collect redundant
context, conflicting intermediate results, loosely
grounded evidence spans, and brittle dependencies
between tool outputs and later conclusions (Liu
et al., 2024a,b). These artifacts can make the final
answer sensitive to irrelevant context or weakly
verified evidence (Huang et al., 2025). At the
same time, the execution process produces reusable
traces, retrieved facts, tool outputs, intermediate
artifacts, and validation signals. Completed logs
record these traces and therefore provide the input
for post-hoc answer reconstruction.

A natural baseline is to reuse the completed log
as flat text or retrieved chunks (Lewis et al., 2020).
However, this representation obscures the distinc-
tion between declarative facts and procedural prove-
nance, and it makes it difficult to track which in-
termediate results were produced, consumed, and
verified during execution (Trivedi et al., 2023). As
a result, answer reconstruction can remain sensi-
tive to noisy log segments and weakly supported
reasoning paths.

We propose DualResearch, a post-processing
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Figure 1: Overview and motivating case for DualResearch.

Left: performance comparison on the HLE benchmark,

where DualResearch outperforms strong baselines across diverse domains. Right: a case on the “Turing Machine

halting steps” problem, where a DR-Agent reaches an inco
execution constraints, while DualResearch retrieves breadth
gated pair fusion, and reconstructs the correct answer from

framework for DR-Agents. Given a query and a
completed execution log, either represented as se-
quential logs or as a native task structure such as a
DAG, tree, or planner-executor state, DualResearch
first normalizes the trace while preserving the orig-
inal dependencies. It then builds two complemen-
tary evidence views: a breadth semantic graph that
captures declarative evidence and a depth causal
graph that records procedural provenance. DualRe-
search retrieves candidate nodes from the breadth
view and causal paths from the depth view, assigns
higher weight to the view with a more concentrated
retained-candidate distribution, and selects a node-
path evidence pair based on semantic consistency.
The framework serves as an evidence-oriented read-
out over completed traces. It does not introduce a
new planning mechanism or alter the native orches-
tration process of the underlying agent.
In summary, our contributions are as follows:

1. We propose a post-processing framework that
maps completed logs to a normalized schema,
preserves explicit dependencies when avail-
able, and converts the log into structured evi-
dence for answer reconstruction.

2. We introduce a dual-graph retrieval and
entropy-gated fusion mechanism that com-
bines breadth semantic nodes for declarative
evidence with depth causal paths for procedu-
ral provenance.

Experiments on HLE, GAIA, and GPQA, to-
gether with cross-agent evaluations, show con-
sistent gains over the underlying DR-Agents
and controlled log-reuse baselines.
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rrect conclusion because of noisy retrieval and missing
semantic nodes and depth causal paths, applies entropy-
the selected evidence bundle.

2 Related Work

Deep Research Agents (DR-Agents) extend
search-oriented and tool-augmented language mod-
els to long-horizon problem solving. Recent work
studies DR-Agents as a general paradigm in which
LLM agents decompose tasks, retrieve external ev-
idence, invoke tools, and consolidate intermediate
results over multiple steps (Huang et al., 2025).
Systems such as OpenAl Deep Research (Ope-
nAl, 2025a) and Gemini Deep Research (Deep-
Mind, 2024) combine retrieval with reasoning to
generate evidence-grounded reports from hetero-
geneous sources. Multi-agent systems such as
OWL (Hu et al., 2025) organize agents into col-
laborative workflows, while InternAgent (Team
et al., 2025) builds closed-loop workflows for it-
erative hypothesis generation and experimenta-
tion. WebThinker (Li et al., 2025) emphasizes dy-
namic web-based reasoning, and SFR-DR (Nguyen
et al., 2025) studies reinforcement learning for au-
tonomous single-agent research.

Recent systems also expose increasingly diverse
orchestration structures. Flash-Searcher compiles
plans into DAGs for parallel execution (Qin et al.,
2026), FlowSearch maintains a dynamic structured
knowledge flow (Hu et al., 2026), and Parallel-
Research organizes research as a resource-aware
search tree (Nie et al., 2025). Together, these sys-
tems improve search, tool use, and long-horizon
reasoning in LLM agents.

These systems primarily improve online orches-
tration: how an agent expands, schedules, or ex-
ecutes a research process. DualResearch instead
reconstructs answers from completed logs. Dur-
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ing normalization, it preserves explicit dependen-
cies when available and provides an evidence-
oriented readout for answer reconstruction. Thus,
the method does not propose a new planning struc-
ture or replace the underlying agent’s orchestration.

Retrieval-Augmented  Generation (RAG)
grounds LLM outputs by retrieving external
evidence from a corpus (Ram et al., 2023; Fan
et al., 2024). Standard RAG retrieves top-ranked
text chunks from a vector index. This works well
for short-hop fact lookup, but it can fragment
evidence and ignore the structure of the reasoning
process (Gao et al., 2022, 2023; Chan et al., 2024;
Yu et al., 2024). Graph-based and dual-pathway
RAG methods further organize entities, claims,
and textual evidence through structured retrieval,
which improves evidence connectivity and global
context modeling (Edge et al., 2024).

These methods are primarily designed for static
corpora or knowledge bases. DR-Agent logs dif-
fer because they include retrieved text, tool invo-
cations, intermediate artifacts, computed results,
and validation signals. Recent dual-pathway and
graph-based RAG methods combine structured re-
lations with unstructured textual evidence, but both
channels usually describe factual content from a
corpus (Guo et al., 2024; Gao et al., 2025; Xu et al.,
2024). By contrast, DualResearch operates on exe-
cution logs, where part of the evidence describes
what was retrieved and another part describes how
intermediate results were produced, checked, and
used. In this sense, DualResearch is closer to
completed-log reconstruction than to conventional
corpus-level retrieval.

3 Method

As shown in Figure 2, given a query ¢ and a DR-
Agent log L, DualResearch first normalizes the
log into event records and then constructs a breadth
semantic graph for declarative evidence and a depth
causal graph for procedural provenance. It retrieves
breadth nodes and depth paths, fuses them into a
node—path evidence pair, and reconstructs the final
answer from the selected evidence bundle.

3.1 Graph Construction Pipeline

DR-Agents often expose logs in different formats,
so we map available log spans into normalized
event records. When a log contains explicit node
identifiers or dependencies, the normalization step
preserves them rather than inferring the same rela-

tions again. Each record keeps the minimal fields
needed for graph construction, including its role,
source span, tool metadata, produced outputs, exe-
cution status, variables, and validator information
when available. The parser only structures infor-
mation already present in the log; it performs no
new external retrieval and injects no outside facts.
The normalization and graph-extraction prompts,
parsing rules, and schema fields are given in Ap-
pendix A.

From the normalized events, a prompted extrac-
tion module constructs two typed graphs:

Gp = (Vp,Ep,Rp), Gp = (Vp,Ep,Rp),

ey
where Vg, Vp are node sets, F'g, Ep are typed
edge sets, and Rp, Rp store the extractor-assigned
confidence scores for breadth and depth edges, re-
spectively. The extractor follows a fixed schema
and outputs typed nodes, typed edges, evidence
spans, node confidence scores for auditing, and
edge confidence scores for retrieval. Each node
is stored as a structured record with fields such
as node ID, type, label, evidence span, and confi-
dence.

The breadth graph Gp stores declarative ev-
idence. Its nodes are ENTITY, DEFINITION,
FACTSPAN, and FORMULA; its edges include
semantic and evidential links such as mentions,
defines, aliases, supports, and part_of. The
depth graph G p stores procedural provenance. Its
nodes are ACTION, ARTIFACT, and VALIDATOR;
its directed edges encode execution relations such
as triggers, produces, consumes, verifies,
and follows.

Each extracted edge is assigned a confidence
score in (0, 1], stored as an edge attribute and used
by the retrieval stages below. We denote the con-
fidence of an edge e by rp(e) if e € Ep, and by
rp(e) if e € Ep. When a breadth edge explicitly
connects two nodes v and u, we use rg(v, u) as
shorthand for the confidence of that edge.

This separation determines the retrieval targets
used below. The breadth view retrieves nodes be-
cause it organizes declarative units such as entities,
definitions, facts, and formulas, whereas the depth
view retrieves ordered paths because it organizes
dependencies among actions, artifacts, and valida-
tors. The method does not require two physically
separate graph stores: the same distinction can be
implemented as typed projections over a unified
heterogeneous graph, provided that node-oriented
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Figure 2: Overview of DualResearch. From a query and a completed execution logs, DualResearch builds a breadth
semantic graph for declarative evidence and a depth causal graph for procedural provenance. The breadth layer
retrieves nodes via neighborhood-smoothed semantic similarity Sz, while the depth layer retrieves causal paths
using procedural coverage and path confidence Sp. Entropy-gated pair fusion with semantic agreement selects
(v*, p*), which is converted into an evidence bundle for answer reconstruction.

semantic retrieval and topology-aware provenance
retrieval remain separate.

The stage order follows distinct information
constraints. Normalization records source spans,
tool metadata, states, outputs, and checks already
present in the log; the breadth view retrieves
independently usable declarative units; and the
depth view retrieves ordered ACTION—ARTIFACT—
VALIDATOR paths because isolated steps do not
preserve how a result was produced, consumed,
and checked. The two candidate spaces are ranked
separately before node—path fusion, and the answer
model receives only the selected bundle.

3.2 Retrieval on Breadth Semantic Graph

For the breadth semantic graph G, DualResearch
ranks nodes by query-conditioned relevance. Re-
trieval is topology-aware: each node representation
is smoothed with reliable supportive one-hop neigh-
bors before it is matched to the query. Let Ng(v)
denote the supportive one-hop neighbors of v, and
let 75 (v, u) be the confidence score of the semantic
edge between v and .
The smoothed node representation is

- F0) + Xuensw) B0, U)f(u)‘

- 2

fB(v) L2 eny ) 780, 0) )
The breadth relevance score is

Sp(v|q) = cos (f(q), fp(v)) + 1. 5

2

We rank all breadth nodes by Sp(v | ¢) and retain
the top-K p nodes as V.

3.3 Retrieval on Depth Causal Graph

For the depth causal graph G p, DualResearch re-
trieves ordered causal paths rather than isolated
nodes. To obtain candidate paths, we start from
ARTIFACT nodes because they usually correspond
to intermediate results or candidate conclusions in
the original logging process. Therefore, all artifact
nodes can serve as path anchors Vgrt.

Starting from each artifact node, we trace back-
ward along directed dependency edges in Gp. Af-
ter leaving the anchor, tracing stops when the cur-
rent node has no parent or reaches another artifact
node. When a node has multiple parents, the traver-
sal branches along each dependency. Directly con-
nected VALIDATOR nodes that verify an included
artifact are then appended to the corresponding seg-
ment. This artifact-bounded tracing yields an initial
pool of candidate causal segments:

P = BackTrace(Gp, VH™). 4)

From the candidate path pool, DualResearch se-
lects paths for the query according to two criteria.
A useful path should cover the procedural steps
required by the query. Its dependency edges should
also be reliable according to the confidence scores
in the depth graph. We therefore construct a query-
specific procedural template O(q) and use it to
measure how well each candidate path matches the
required procedure.
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To construct O(q), we first identify the main
procedural sub-goals needed to answer the query.
Each sub-goal is then grounded to the most rele-
vant existing node in GGp. Sub-goals that cannot
be grounded to any existing depth-graph node are
discarded. The retained nodes are ordered accord-
ing to the sub-goal order in the query, yielding a
node-level procedural template

O(q) = [o1, ...

If no sub-goal can be grounded to an existing
node, we set procedural coverage to zero for all
candidate paths.

For a candidate path p, let O(p) denote the set of
depth-graph nodes contained in the path. For cover-
age computation, we view the procedural template
O(q) through its underlying node set. We define
procedural coverage as the fraction of template
nodes covered by the candidate path:

~ 10(g) N O(p)|
Covp ) =501

A path obtains full coverage when it contains all
nodes in O(g), even if it includes additional in-
termediate nodes. The grounded nodes in O(q)
specify the procedural evidence expected by the
query. They may appear at different positions in
G p, rather than forming a consecutive path seg-
ment. We define path confidence as the average
confidence of its dependency edges:

Conf(p) = |E1| Z rp(e), (6)

Pl ecE,

,Om], 0; € Vp.

6))

where F), is the edge set of path p. Candidates with
no dependency edge are discarded, so |Ep| > 1.

This simple form avoids over-penalizing longer
but valid reasoning chains while still favoring paths
supported by reliable dependencies. The final depth
score is

Sp(p | q) = aCov(p,q)+ (1 —a) Conf(p), (7)

where o € [0, 1] controls the trade-off between
procedural coverage and path reliability. We rank
P by Sp(p | ¢) and retain the top-K p paths as P;.

3.4 Entropy-Gated Pair Fusion of Breadth
Nodes and Depth Paths

The breadth channel returns top- K’ g nodes V;, and
the depth channel returns top-Kp paths P,. En-
tropy is computed only over these retained candi-
date sets, rather than over all graph nodes or all

possible paths. We first normalize the candidate
scores within each retained set into channel-wise
relevance distributions:

exp(Sp(v | q))
vev, xp(Sp(v' | q))’

exp(Sp(p | 9))
per, XP(Sp(P' | 9))

(v |q) =
>~ )]

ﬂD(pIQ)ZZ

The normalized entropies are then defined as

1
Hp(q) = ————— ]
5(q) g V. %; (v | q)logTg(v | q),
velq
1
Hp(q) = ———5= >_ 7n(p | ¢)logmp(p | q)-
10g|7)q‘ peP,

©)
If a candidate set has size one, its entropy is set to
zero. If no depth path is available, DualResearch
skips pair fusion and reconstructs the answer from
the retained breadth evidence, as described in Ap-
pendix A.2. Entropy measures how concentrated
each retrieval channel is over its retained candi-
dates; it does not verify factual correctness and is
not used as a stand-alone decision rule. We con-
vert the normalized entropies into channel weights
using a softmax over negative entropy:

exp(—Hp(q))
exp(—Hp(q)) +exp(—Hp(q))’
wp(q) =1 —wp(q).

wp(q) =

(10)
The negative-entropy softmax favors the channel
with more concentrated candidates, while the fi-
nal selection remains grounded in cross-channel
agreement and supporting evidence spans.
DualResearch scores each breadth—depth evi-
dence pair (v, p) € V, x P, by combining entropy-
gated channel relevance with cross-channel se-
mantic agreement. To estimate consistency, each
breadth node and depth path is represented as a
compact text by concatenating its available meta-
data and evidence, and both texts are encoded with
the same encoder f(-) used for retrieval. For no-
tational simplicity, we denote these textual rep-
resentations still as v and p. Their agreement is
computed as

cos (f(v), f(p)) +1
5 :

This score measures semantic alignment between
the two evidence texts rather than factual verifica-
tion. It helps avoid mutually incompatible evidence

C(va) =

(11)
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pairs, but shared or repeated errors can remain se-
mantically aligned.
The pair score is

F(v,plq) =1 - [ws(@)rs(v]q)
+wp(9)mp(p | q)] +AC(v,p),
(12)

where the first term measures entropy-gated chan-
nel relevance and the second term favors breadth
nodes and depth paths that discuss semantically
aligned evidence.

DualResearch selects the highest-scoring evi-
dence pair:
F(u,plq). (13

* %
v = ar max
(v*,p") 8 onax

The selected pair (v*, p*) is converted into a com-
pact evidence bundle for final answer reconstruc-
tion. The bundle summarizes the declarative ev-
idence from the breadth node and the procedural
provenance from the depth path with their meta-
data, evidence spans, and confidence information.
Given the original query ¢ and this structured bun-
dle, the LLM can generate the final answer ¢ using
only the provided evidence. This stage reconstructs
the answer from selected evidence rather than per-
forming new retrieval or additional tool execution.

4 Experiments

We evaluate DualResearch in a controlled log-reuse
setting. Section 4.1 describes the setting and base-
lines. Section 4.2 compares DualResearch with
baselines on the same completed InternAgent logs.
Sections 4.3—4.7 analyze components, performance
across DR-Agents, fusion behavior, stochastic sta-
bility, post-processing overhead, and a representa-
tive case study. Appendix provides full protocols
and supplemental results.

4.1 Experimental Setup

Baseline. Our main experiments use InternA-
gent (Team et al., 2025) as the underlying DR-
Agent. All baselines receive the same task ques-
tions and completed logs produced by InternA-
gent, with no external retrieval or tool execu-
tion. ReAct (Yao et al., 2022) performs an ad-
ditional reasoning pass over the retained answer
context without new tool calls; this context is
the completed log in the main InternAgent com-
parison, while Section 4.4 specifies the context

retained by each additional agent. Summarize-
then-Answer compresses the full log before recon-
struction, Naive-RAG performs flat vector retrieval
over log chunks, and LightRAG (Guo et al., 2024)
builds a graph-based RAG index over the same
evidence. GraphRAG (Edge et al., 2024) and Hip-
poRAG (Gutiérrez et al., 2024) provide stronger
graph-retrieval controls on GAIA and GPQA. This
setting isolates answer reconstruction from a com-
pleted log rather than from a new agent execution.

Implementation. All encoders use bge-small-en-
v1.5 (Xiao et al., 2024). We use Kp = Kp = 10
and @ = A = 0.5 throughout the main experi-
ments. The answer-reconstruction model is 04-
mini (OpenAl, 2025b), and the main reconstruction
experiments use temperature 0. Parser rules, JSON
schemas, the confidence rubric, cross-agent results,
and stochastic details appear in the Appendix.

Benchmark. GAIA (Mialon et al., 2023) is a
general artificial intelligence assistant benchmark
containing 466 real-world problems that require
multi-step reasoning, multimodal understanding,
web browsing, and tool use. Its task design is chal-
lenging for current models. We report results on
its validation set, which includes 165 problems.
Google-Proof Q&A (GPQA) (Rein et al., 2024) is
a graduate-level benchmark of 448 expert-written
multiple-choice questions in biology, chemistry,
and physics, designed to test advanced scientific
reasoning. We adopt the GPQA-Diamond subset,
which contains 198 questions curated to include
only items unanimously agreed upon by domain ex-
perts but often answered incorrectly by non-experts,
ensuring both reliability and difficulty. Human-
ity’s Last Exam (HLE) (Phan et al., 2025) is
a benchmark consisting of 2,500 expert-curated,
closed-form questions across eight domains. It eval-
uates advanced reasoning through multiple-choice
and exact-match tasks, including 2,158 text-only
questions and 342 text—image questions, thereby
supporting rigorous evaluation across modalities.

4.2 Comparison with Log-Reuse Baselines

Table 1 reports a comparison on HLE, where all
post-processing methods reuse the same completed
logs generated by InternAgent. In the Text-Only
setting, ReAct and Naive-RAG remain close to In-
ternAgent, while LightRAG improves the average
accuracy from 21.2% to 25.5%. DualResearch fur-
ther raises it to 29.7%, with gains across all eight
subsets. The All-Set setting shows the same trend:
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Table 1: Controlled log-reuse comparison on HLE. We report accuracy (%) for each HLE subset under the Text-Only
and All-Set settings. The best result in each column is bolded.

Setting Method Math Bio/Med CS/AI Physics Human. Chem. Engineer. Other Avg.
InternAgent 23.5 18.9 13.8 17.3 21.8 21.8 18.8 250 212
ReAct 244 14.3 12.0 17.0 20.5 15.8 144 176 194
Text-Only Naive-RAG 214 16.4 14.9 18.7 21.5 19.4 18.0 20.6 19.6
LightRAG 30.2 22.5 224 20.0 26.0 21.2 19.8 22.7 255
DualResearch ~ 32.2 28.4 26.8 24.3 29.5 25.7 29.7 30.1  29.7
InternAgent 23.5 18.9 17.4 15.7 19.2 18.2 16.2 20.6 204
ReAct 24.7 16.2 12.1 18.3 21.8 18.8 17.2 222 209
All-Set Naive-RAG 21.6 17.6 14.7 19.3 233 22.8 20.3 244 20.7
LightRAG 30.7 24.8 214 21.8 26.4 22.8 234 273  27.1
DualResearch  32.8 27.9 28.6 24.8 28.3 22.4 21.6 26.6  29.0

ReAct and Naive-RAG provide only small improve-
ments over InternAgent, LightRAG reaches 27.1%,
and DualResearch obtains the best overall average
of 29.0%. These results suggest that flat log reuse
is unreliable, whereas structured evidence organi-
zation provides a clearer benefit.

Tables 2 and 3 show consistent results on GAIA
and GPQA. On GAIA, DualResearch improves
the average accuracy to 71.52%, compared with
65.45% for InternAgent, 68.48% for GraphRAG,
and 69.09% for HippoRAG. The gain is largest on
Level-3, where DualResearch reaches 38.46%, sug-
gesting that the separation of declarative evidence
and procedural provenance is especially useful for
harder multi-step tasks. On GPQA-Diamond, Dual-
Research obtains the best overall result of 87.88%,
exceeding GraphRAG at 84.85% and HippoRAG
at 85.35%.

These log-reuse experiments show that com-
pleted execution logs contain useful evidence, but
simply rereading the full trajectory or retrieving
flat chunks does not extract it reliably. LightRAG
benefits from graph organization, but it does not
explicitly model execution dependencies or veri-
fied intermediate artifacts. DualResearch improves
on this by combining breadth-oriented semantic
anchors with depth-oriented causal provenance
through entropy-gated node—path selection, which
helps preserve useful factual coverage while filter-
ing redundant or weakly grounded log segments.

4.3 Component Analysis

We ablate DualResearch along four components:
the breadth graph, the depth graph, entropy-gated
channel weighting, and cross-channel semantic
agreement. The results show that the gains arise

Table 2: Controlled log-reuse accuracy (%) on GAIA.
Dashes indicate unavailable subset scores for the added
strong baselines.

Method Level-1 Level-2 Level-3 Avg.
InternAgent 79.25  68.60 26.92 6545
ReAct 81.13  65.12 30.77 64.85
Summarize — — — 66.06
Naive-RAG 7170 62.79 2692 60.00
LightRAG 81.13 6744 3462 66.67
GraphRAG — — — 68.48
HippoRAG — — —  69.09
DualResearch 84.91 73.26 38.46 71.52

Table 3: Controlled log-reuse accuracy (%) on GPQA-
Diamond. Dashes indicate unavailable subset scores for
the added strong baselines.

Method Bio. Chem. Phys. Avg.
InternAgent  73.68 70.97 94.19 81.31
ReAct 84.21 73.12 90.70 81.82
Summarize — — — 83.84
Naive-RAG  57.89 67.74 88.37 75.76
LightRAG 78.95 77.42 93.02 84.34
GraphRAG — — — 84.85
HippoRAG — — — 8535
DualResearch 84.21 80.65 96.51 87.88

from the coordinated design of these components
rather than from any single module alone.
Breadth-only and depth-only variants both im-
prove over the underlying DR-Agent, showing that
declarative evidence and procedural provenance
each provide complementary signals. Removing
entropy or agreement further reduces performance,
indicating that these components contribute addi-
tional benefits beyond graph retrieval alone.
Beyond individual component contributions, we
examine whether the two retrieval views need to re-
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Table 4: Component and graph-organization ablations
on HLE All-Set, GAIA, and GPQA. Entropy denotes
entropy-gated weighting, and Agreement denotes cross-
view semantic agreement.

Component ablation

Components Datasets

Breadth Depth Entropy Agreement HLE GAIA GPQA

4 b 4 X X 204 6545 8131
4 X X X 23.6 6848 8131
b 4 4 X X 235 6727 82.83
4 4 v X 219 6545 80.81
v v X v 26.6 67.27 83.84
4 v v v 29.0 71.52 87.88
Graph-organization control

Method HLE GAIA GPQA

Single-graph control 26.8 69.70 83.33

DualResearch 29.0 71.52 87.88

main explicitly separated. The single-graph control
merges all node and edge types into one heteroge-
neous graph and applies a shared subgraph rank-
ing mechanism instead of separate node and path
retrieval. It performs worse than the full model
across all three benchmarks. This comparison sug-
gests that maintaining distinct retrieval views is
important for effective evidence selection, while
the implementation does not require two separate
physical graph stores.

4.4 Performance across different DR-Agents

Original DR-Agent DualResearch

HLE-T +3.6
HLE-A +4.0
GAIA +4.2
GPQA +4.0
0 20 40 60 80 100

Accuracy (%)

Figure 3: Performance of DualResearch as a post-
processing module for OWL across three datasets. Gray
markers denote the original OWL results, while orange
markers denote the reconstructed results with DualRe-
search. HLE-T and HLE-A denote HLE Text-Only and
HLE All-Set, respectively.

To test whether DualResearch depends on a spe-
cific log-producing agent, we also apply the same
post-processing protocol to completed logs pro-
duced by OWL (Hu et al., 2025). Figure 3 shows
the original OWL result and the corresponding Du-
alResearch result for each benchmark average. Du-
alResearch yields consistent improvements over
OWL logs on HLE, GAIA, and GPQA. Although
these gains are smaller than those obtained with

Table 5: Controlled answer reconstruction on Flash-
Searcher and FlowSearch logs (accuracy, %).

System Dataset Method Accuracy
Original 62.14
GAIA-T ReAct 65.05
Flash DualResearch 68.93
Original 20.20
HLE-500 ReAct 23.20
DualResearch 26.60
Original 83.03
GAIA ReAct 85.45
DualResearch 87.27

Flow
Original 35.82
HLE-T ReAct 36.38
DualResearch 37.86

InternAgent, their consistency across datasets indi-
cates that DualResearch generalizes beyond a sin-
gle agent-specific logging format. Full subset-level
OWL results are provided in Appendix B.1.

The OWL experiment varies the log-producing
agent. We further evaluate DualResearch on com-
pleted logs from Flash-Searcher and FlowSearch.
Flash-Searcher is evaluated on its 103-task text-
only GAIA validation subset and the fixed 500-
item HLE subset used by its public implementation.
FlowSearch is evaluated on the 165-task GAIA
validation set and the 2,158-item HLE Text-Only
set. Within each system and dataset, all methods
use identical completed logs and perform no new
search or tool execution. Original reports the an-
swer stored in the log. ReAct reconstructs the an-
swer from the final-answer context retained by each
agent, while DualResearch selects evidence from
the same log before reconstruction.

DualResearch achieves the highest accuracy for
both agents on both datasets. ReAct improves over
the original answers in every setting, showing that
an additional reasoning pass over the saved context
is useful. DualResearch improves further, suggest-
ing that selecting relevant evidence before recon-
struction provides a better context for answering.

4.5 Stochastic Stability

The main experiments use temperature O to reduce
sampling variance. To assess stochastic stability,
we fix the completed InternAgent logs and rerun
only the DualResearch post-processing stage five
times at temperature 0.5. This setting evaluates
stability under repeated reconstruction.

As shown in Table 6, the five DualResearch runs
are tightly clustered on both HLE Text-Only and
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InternAgent Log ( ~41.5k tokens)

In 1803 Colonel Thomas Talbot received a land

Breadth Semantic 6raph

DualResearch (Select nodes and paths, Reconstruct Answer ~4.2k tokens)

Entropy-gated Pair Fusion

grant for British Settlers. How many destitute
migrants settled as a result of this land grant
between 1803 and 1823 and how many acres larger was
the acreage he claimed than the original land grant?

vid*: “b17",
“type": "FactSpan",

“evidence": "... Talbot managed / claimed 650,000 .."

Overview of the Problem

In 1803, Colonel Thomas Talbot received a land grant for i
British settlers. The question asks: :
1) How many destitute immigrants settled there H
between . H
2) How many more acres did he eventually claim
compared ...

" 621",
“type”: "FactSpan”,
evidence": "

Pair Se(v) Sp(P) C(v,p) F(v.p)
vy, Py 0.8124 0.9037 0.4521 0.4977
VP2 0.8124 06215 0.8642 0.6685
,,,,,,,,,,,,,,,,, V2,1 07463 0.9037 0.9417 0.7343
V2, P2 0.7463 0.6215 0.3064 0.3814

by fEZL he held / controlled 65,000 .."

Evidence bundle »> LLM Reconstruction
{

Task List

"query": "How many ... ",
"selected_pair": {v2,p1},
"supporting_facts": [{

The solution process was broken into several nodes:
- Search for the number of destitute immigrants (1803-
1823). ..

Execution Steps
1. Node n2 found that the original 1803 land grant was
5,000 acres.

“fact": "Talbot brought 12,000 destitute immigrants to Upper
Canada.",
"source": "breadth supportive evidence"

“ifact": "The original land grant was 5,000 acres.”,
"source": "depth artifact"

“fact": "The scope-consistent final acreage is 65,000 acres.",

2. Node n3 investigated Talbot’s eventual holdings. Two

"source": "selected breadth node and verified depth path"
1

interpretations emerged:

- One version, from Wikipedia, said Talbot claimed
650,000 acres by settling 50,000 people. ...

[ 2F. 12,000 immigrants ... 6,450,000 acres 53]

[%}E 12,000 migrants; 60,000 acres larger. V]

Figure 4: Node—path evidence selection from a completed InternAgent log with conflicting acreage evidence.
DualResearch selects (v2, p1), aligning the scope-consistent 65,000-acre node with source-access and scope-check

evidence before answer reconstruction.

Table 6: Stochastic stability on fixed HLE logs. InternA-
gent denotes the fixed score from completed logs, while
Run 1-Run 5 are independent DualResearch runs. We
report accuracy (%) and mean=standard deviation.

DualResearch Runs

Setting InternAgent Mean=Std

Runl Run2 Run3 Run4 Run$5

HLE-T 21.2 28.8 287 288 288
HLE-A 20.4 296 297 296 29.6

28.6 28.74+0.09
29.6  29.62+0.04

HLE All-Set. The small variation indicates that
the reconstruction results are stable under stochas-
tic decoding when the completed logs are fixed.
Full five-run subset-level results are provided in
Appendix B.2.

4.6 Post-processing Overhead

Table 7 reports the incremental cost of different
post-processing methods on HLE Text-Only. Du-
alResearch adds 3.23 minutes and 44.52k tokens.
Its runtime overhead is lower than Naive-RAG and
LightRAG, while its token overhead is close to
LightRAG. Although ReAct is cheaper, its accu-
racy gains are limited. These results show that Du-
alResearch offers a favorable accuracy—cost trade-
off as a lightweight log-reconstruction stage.

Table 7: Incremental post-processing overhead on HLE
Text-Only. InternAgent is the base log-generation cost,
and each “+” column is the additional cost on the com-

pleted log.
Metric InternAgent Post-processing Overhead
+ ReAct + Naive-RAG + LightRAG + DualResearch
Time (min) 17.64 +1.21 +4.73 +3.79 +3.23
Token (k) 63524  +35.26 +12.31 +46.17 +44.52

4.7 Case Study

Figure 4 illustrates a Talbot acreage case in which
the completed log contains both a scope-consistent
65,000-acre figure and a broader 650,000-acre fig-
ure. The underlying agent can be pulled toward the
broader evidence even though it does not match the
question scope. DualResearch retains the relevant
facts in the breadth graph and the source access,
unit normalization, and scope check in the depth
graph. The selected node—path pair supports the
scope-consistent reconstruction: 12,000 migrants
and 65,000 — 5,000 = 60,000 acres.

5 Conclusion

We presented DualResearch, a log-based post-
processing framework for DR-Agents. DualRe-
search takes completed execution logs as input
and organizes them into two complementary graph
structures: a breadth semantic graph for declarative
evidence and a depth causal graph for procedural
provenance. It then applies entropy-gated fusion to
select a compact evidence bundle and reconstructs
the answer. Across HLE, GAIA, and GPQA, Du-
alResearch improves accuracy over the underlying
DR-Agent and log-reuse baselines, while providing
more traceable evidence support.

These results indicate that post-hoc reconstruc-
tion benefits from modeling declarative evidence
and procedural provenance together. Future work
will extend DualResearch to multimodal and nu-
merical evidence, improve confidence calibration
under noisy or incomplete logs.
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Limitations

DualResearch depends on the quality and complete-
ness of the completed execution log. If an under-
lying DR-Agent omits a required tool call, records
incomplete intermediate states, or stores weak val-
idator information, the post-processing stage can-
not recover evidence that never appears in the trace.
Different DR-Agents also expose different logging
formats, so the raw-log parser must be adapted
before the normalized event schema can be reused.

DualResearch can represent tool-backed numer-
ical and structural evidence when such results ap-
pear in the trace, but it does not yet directly ground
raw visual regions, table cells, or other multimodal
artifacts outside the logged textual evidence. Future
work could connect visual and tabular grounding
modules to both graph layers, broaden validation
tools, and study additional DR-Agent systems be-
yond the agents evaluated here.

Ethics Statement

This article does not involve research on human
subjects or the release of a new dataset. Dual-
Research operates on completed execution logs,
which may contain user queries, retrieved web
snippets, intermediate tool outputs, and model-
generated reasoning artifacts. In real deployments,
such logs should be sanitized before graph construc-
tion, and sensitive identifiers should be removed
or access-controlled. The graph extraction module
may assign confidence to unsupported or biased
evidence; therefore, confidence scores should be
interpreted as evidence-support signals rather than
guarantees of truth.
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A Reproducibility Details

This appendix records the implementation-facing
details needed to reproduce DualResearch from
completed execution logs. The retrieval and fu-
sion formulas are given in the main Method sec-
tion; here we focus on log normalization, graph
extraction interfaces, confidence assignment, and
operational settings.

A.1 Log Normalization and Graph Extraction
Interface

This section describes how DualResearch con-
verts DR-Agent logs into the structured event
records used for graph construction. This step is a
format-normalization stage rather than an evidence-
expansion stage. It does not perform new retrieval
or inject external facts.

Chunked log normalization. Completed DR-
Agent logs can be long and structurally hetero-
geneous. We therefore parse them in fixed-size
chunks to make span segmentation stable and to
preserve local tool-call, output, and validation
structures. Specifically, we split each completed
log into 2048-token chunks with an overlap of
64 tokens. The overlap prevents tool calls, tool
outputs, validator messages, or final-answer spans
from being truncated at chunk boundaries.

Each chunk is parsed into normalized events
using the following prompt. The parser assigns
each event one of six roles: think, tool_call,
tool_output, code, check, or final. It also
records the original source span, approximate to-
ken range, tool metadata, output artifacts, variables,
execution status, and validator information when
these fields are available in the log. The normal-
ization stage does not summarize long outputs. It
preserves verbatim source spans and records token
ranges, while later graph extraction selects minimal
evidence spans from the normalized events.

<SYSTEM PROMPT>

You are a strict log-normalization engine for completed DR-Agent
traces.

Return only valid JSON. Do not add explanations. Do not infer facts
that are not explicitly present in the log chunk.

<USER PROMPT>

# Task:

Convert the given log chunk into a list of normalized events. The goal is to
segment and structure the existing trace, not to summarize it or add new
information.

## General rules:

1. Use only text that appears in LOG_CHUNK.

2. Do not perform new retrieval, rerun tools, execute code, or add external
facts.

3. Preserve the original wording in source spans whenever possible.

4. Keep events in their original order within the chunk.

5. Split the chunk into multiple events when it contains multiple reasoning

spans, tool calls, tool outputs, code blocks, checks, or final-answer spans.
6. If a field is unavailable in the log chunk, use an empty string, empty list,

or "unknown" rather than guessing.
7. If a span is incomplete because it is cut by the chunk boundary, still
record the available text and mark execution_status as "unknown” unless the

status is explicit.
8. Do not deduplicate across chunks. Cross-chunk deduplication will be handled
after all chunks are parsed.

## Event roles:
- think:
Planning, intermediate reasoning, decomposition, or self-reflection recorded
in the trace.
tool_call:
A structured invocation of an external tool, such as search, browser,
calculator, Python, SymPy, RDKit, or other agent tools.
tool_output:
Returned observations, retrieved snippets, browser outputs, command outputs,
code results, or other tool-produced content.
- code:
Raw executable code blocks, scripts, or explicit variable assignments
recorded in the trace. If a code block is wrapped as a tool invocation,
record the invocation as tool_call and the returned result as tool_output.
check:
Explicit validation, verification, unit checking, consistency checking,
contradiction checking, scope checking, or pass/fail judgments.
- final:

Final answer draft, conclusion, or answer span produced by the DR-Agent.

## For each event, output the following fields:
- role:
One of think, tool_call, tool_output, code, check, final.
- source_span:
The verbatim text span from LOG_CHUNK that supports this event.
source_token_range:
The approximate token range of the event within the full log.
- tool_name:
The tool name if the event is a tool call or tool output; otherwise empty.
- tool_inputs:
The explicit tool arguments if present; otherwise an empty object.
- output_text:
The returned or produced text if present; otherwise empty.
- artifacts:
Computed values, retrieved spans, files, tables, object ids, or named
intermediate outputs explicitly present in the log.
- execution_status:
One of success, warning, failure, or unknown.
- variables:
Explicit variable names and values if present.
validator_status:
One of pass, warning, fail, none, or unknown.
validator_message:
The explicit validation message if present; otherwise empty.

Output JSON format:

"role": "<think | tool_call | tool_output | code | check | final>",
"source_span”: "<verbatim span from LOG_CHUNK>",
"source_token_range": [start_token, end_token],

"tool_name": "<tool name or empty string>",

"tool_inputs”: {3,

"output_text”: "<verbatim output text or empty string>",
"artifacts”: [],

"execution_status”: "<success | warning | failure | unknown>",
"variables”: [],

"validator_status”: "<pass | warning | fail | none | unknown>",
"validator_message”: "<verbatim validator message or empty string>"

}

Return only the JSON object.

Graph extraction. After log normalization, the
graph extractor builds either the breadth semantic
graph or the depth causal graph from the normal-
ized event sequence. The same prompt template
is used for both graph layers, with the MODE field
controlling the allowed node and edge types.

<SYSTEM PROMPT>
You are a strict information-extraction engine for DR-Agent execution logs.
Return only valid JSON that matches the schema. Do not add explanations.

<USER PROMPT>
# Task:
Extract a graph G = (V, E) for downstream retrieval and auditing.

## MODE:
{BREADTH | DEPTH}

## QUESTION:
{question}

## NORMALIZED_EVENTS:
{normalized_events}

## General rules:
1. Use only information explicitly supported by NORMALIZED_EVENTS.
2. Do not introduce external facts, new retrieval results, or new tool outputs.
3. Every node and edge must include:
(i) a short label,
(ii) supporting event ids,
(iii) minimal evidence spans copied verbatim from NORMALIZED_EVENTS,
(iv) a confidence score in (@, 1] measuring support strength in the log.
4. Evidence spans should be concise and preserve the original wording.
5. Deduplicate nodes that refer to the same entity, artifact, value, or step.
6. If the log evidence is conflicting or incomplete, keep the item only when
it may affect answer reconstruction, and assign a lower confidence score.
7. Do not use outside knowledge to complete missing evidence.

## Confidence rubric:
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- 0.90--1.00:
Directly stated, tool-produced, code-produced, or explicitly validated, and
internally consistent.
0.70--0.89:
Clearly supported by one or more log spans, with only minor ambiguity.
0.40--0.69:
Partially supported, paraphrased, or dependent on indirect evidence.
- 0.10--0.39:
Speculative, conflicting, incomplete, or weakly grounded.

## If MODE = BREADTH:

- Allowed node types:

Entity, Definition, FactSpan, Formula.

Allowed edge types:

mentions, defines, aliases, supports, contradicts, part_of.

Extract stable declarative evidence from retrieved text, factual summaries,
formulas, definitions, entity relations, and explicitly stated claims.
Exclude procedural execution steps unless they state reusable facts.

Use FactSpan for concrete claims, values, dates, or evidence snippets.

- Use Formula for mathematical, symbolic, or structured expressions.

## If MODE = DEPTH:
- Allowed node types:

Action, Artifact, Validator.
- Allowed edge types:

triggers, produces, consumes, verifies, follows.
- Extract procedural provenance from tool calls, code execution, intermediate
outputs, computed values, scope checks, consistency checks, and final-answer
dependencies.
Use Action for tool calls, searches, browser operations, code execution,
parsing, computation, comparison, or answer-revision steps.

- Use Artifact for retrieved snippets, parsed tables, computed values, generated

files, intermediate conclusions, or final candidate answers.

- Use Validator for explicit checks, unit tests, consistency checks, scope
checks, constraint checks, or contradiction checks.

- Represent computations as Action -> Artifact -> Validator structures whenever
the corresponding command, result, and check appear in the normalized events.

Output JSON format:

{
"mode”: "<BREADTH | DEPTH>",
"question”: "<copy QUESTION>",
"nodes”: [

"n1",

"type": "<allowed node type>",

"label”: "<short label>",

"canonical”: "<canonical name or empty string>",

"evidence": ["<verbatim span copied from NORMALIZED_EVENTS>"],
"confidence”: 0.85

"type": "<allowed edge type>",
"evidence”: ["<verbatim span copied from NORMALIZED_EVENTS>"],
"confidence”: 0.85

Return only the JSON object.

The confidence score assigned by the extractor
measures how strongly the completed log supports
an extracted node or edge. It is used for auditing,
schema filtering, breadth neighborhood smoothing,
and depth path scoring. It should not be interpreted
as an independent guarantee of factual correctness.

A.2 Implementation Details

DualResearch performs no additional external re-
trieval or tool execution during post-processing.
All evidence used for graph construction, retrieval,
and answer reconstruction must appear in the com-
pleted log after normalization.

Retrieval implementation. Breadth retrieval ap-
plies only one-hop smoothing over supportive
neighbors. This keeps neighborhood support
while avoiding multi-hop oversmoothing, and low-
confidence edges contribute less through their
weights. Depth retrieval uses artifact-bounded
backtracing: candidate paths start from artifact
nodes and trace backward along incoming depen-
dency edges until a root node or another artifact

Table 8: Cross-agent evaluation on GAIA with InternA-
gent and OWL logs.

Method Level-1 Level-2 Level-3 Avg.
InternAgent 79.25  68.60  26.92 65.45
DualResearch on InternAgent 8491 7326  38.46 71.52
OWL 7547 6628  30.77 63.64
DualResearch on OWL 81.13 69.77  34.62 67.88

Table 9: Cross-agent evaluation on GPQA with InternA-
gent and OWL logs.

Method Bio. Chem. Phys. Avg.
InternAgent 73.68 70.97 94.19 81.31
DualResearch on InternAgent 84.21  80.65 96.51 87.88
OWL 63.16 73.12 93.02 80.81
DualResearch on OWL 73.68 7634 96.51 84.85

node is reached. Directly connected validator
nodes are then appended to the corresponding paths.
Candidates with no dependency edge are discarded.
If no query sub-goal can be grounded to an existing
depth node, the coverage term is set to zero and
paths are ranked by dependency confidence. If no
artifact-bounded path is available, pair fusion is
skipped and the bundle falls back to the retained
breadth evidence with an empty depth path.

B Additional Experimental Results

B.1 Cross-Agent Generalization with OWL

Tables 8-10 provide the subset-level results be-
hind Figure 3. DualResearch uses the same post-
processing protocol for InternAgent and OWL logs.

B.2 Stochastic Stability

The main experiments use temperature O to mini-
mize sampling variance. To report stochastic varia-
tion without rerunning the underlying DR-Agent,
we fix the same completed InternAgent logs and
run five replications of only the DualResearch post-
processing stage on HLE at temperature 0.5. Ta-
ble 11 provides the subset-level results behind the
stability summary in Table 6.

Analysis of the landscape tables. Tables 12—
14 place the controlled DualResearch results in a
broader landscape. On GAIA, DualResearch with
o4-mini reaches an average accuracy of 71.52, im-
proving over InternAgent with o4-mini by 6.07
points and ranking highest among the listed sys-
tems; the gain is consistent across Level-1, Level-
2, and Level-3, although OpenAl Deep Research
remains higher on the most difficult Level-3 sub-
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Table 10: Cross-agent evaluation on HLE with InternAgent and OWL logs. We report accuracy (%) on each HLE

subset under Text-Only and All-Set settings.

Setting Method Math Bio/Med CS/AI Physics Human. Chem. Engineer. Other Avg.
InternAgent 23.5 18.9 13.8 17.3 21.8 21.8 18.8 25.0 21.2
Text-Onl DualResearch on InternAgent  32.2 284 26.8 243 29.5 25.7 29.7 30.1  29.7
Y owL 22.1 132 14.5 174 19.6 16.4 13.5 180 18.6
DualResearch on OWL 26.8 18.2 16.2 18.3 20.5 20.0 16.2 223 222
InternAgent 23.5 18.9 17.4 15.7 19.2 18.2 16.2 206 204
All-Set DualResearch on InternAgent  32.8 27.9 28.6 24.8 28.3 224 21.6 26.6  29.0
OWL 22.1 14.0 11.2 14.9 20.7 19.8 17.2 227 19.1
DualResearch on OWL 26.3 20.7 14.7 18.8 23.3 22.8 17.2 25.6  23.1
Table 11: Five-run subset-level HLE stability results for DualResearch at temperature 0.5

Setting Run Math Bio/Med CS/AL Physics Human. Chem. Engineer. Other Avg.

R1 32.6 27.5 28.2 24.8 27.9 21.8 22.5 26.6 28.8

R2 322 27.1 30.3 27.0 27.9 20.0 19.8 26.2 28.7

Text-Onl R3 324 28.6 274 23.5 28.3 23.6 22.5 27.5 28.8

v R4 332 26.1 29.5 23.9 28.8 20.6 19.8 26.6 28.8

RS 322 28.2 29.0 23.5 28.3 23.6 21.6 253 28.6
Mean+Std 32.52+0.42 27.50+£0.96 28.88+1.13 24.54+1.48 28.24+0.38 21.92+1.65 21.244+1.32 26.44+0.80 28.74+0.09

R1 31.5 29.3 26.8 24.8 29.5 28.7 31.3 28.4 29.6

R2 324 27.0 254 243 31.1 27.7 32.8 28.4 29.7

All-Set R3 31.9 279 27.7 24.8 30.1 23.8 32.8 29.0 29.6

R4 31.8 27.5 26.8 252 28.5 26.7 29.7 31.3 29.6

RS 324 27.9 26.8 23.3 29.0 26.7 28.1 30.1 29.6

Mean+Std 32.00+0.39 27.924+0.86 26.70+£0.82 24.48+0.73 29.64+0.99 26.724+1.82 30.9442.01 29.44+1.26 29.62+0.04

set. On GPQA, DualResearch obtains the best
listed average score of 87.88, exceeding InternA-
gent by 6.57 points and matching or surpassing
the strongest direct-model baselines on all three
subject subsets. On HLE, DualResearch with o4-
mini improves the InternAgent baseline from 21.2
to 29.7 in the Text-Only setting and from 20.4 to
29.0 in the All-Set setting. The HLE table also
shows that the same reconstruction procedure im-
proves the Qwen3-235B InternAgent logs, but the
absolute scores remain lower than the 04-mini set-
ting, suggesting that DualResearch benefits from
stronger underlying logs while still adding value
through post-processing. These landscape numbers
therefore support the main trend observed in the
controlled experiments, while remaining descrip-
tive rather than protocol-controlled comparisons.

Table 12: Landscape results on GAIA. These results
provide context and are not controlled head-to-head
comparisons. Methods marked t are direct model evalu-
ations, and those marked 1 are agent-based.

Accuracy in each subset (%) T

Method

Level-1 Level-2 Level-3 Avg.
Qwen3-235B t 15.09 3.49 3.84  6.67
04-mini 28.30  12.79 7.69 16.97
DeepSeek-R1-671B 3396 13.95 3.84 18.74
OpenAl Deep Research I 74.29  69.06 47.60 67.36
InternAgent (04-mini) I 79.25 68.60 2692 6545
DualResearch (04-mini) § 84.91 73.26 38.46 71.52

Table 13: Landscape results on GPQA. These results
provide context and are not controlled head-to-head
comparisons. Methods marked t are direct model evalu-
ations, and those marked 1 are agent-based.

Accuracy in each subset (%) 1

Method

Bio Chem Phys Avg.
DeepSeek-R1-671B 63.16 76.34 91.86 82.32
04-mini t 78.95 63.44 94.19 78.28
GPT-5 ¢ 84.21 76.34 9535 85.35
WebThinker-32B-RL } 78.90 50.50 90.70 70.70
InternAgent (0o4-mini) ¥  73.68 70.97 94.19 81.31
DualResearch (04-mini) I 84.21 80.65 96.51 87.88
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Table 14: Landscape results on HLE. These results provide context and are not controlled head-to-head comparisons.
Methods marked { are direct model evaluations, and those marked } are agent-based. Here, “Qwen3-235B” denotes
“Qwen3-235B-A22B-Instruct.”

Accuracy in each subset (%) 1

Method
Math Bio/Med CS/AI Physics Human. Chem. Engineer. Other Avg.
QwQ-32B 1 12.6 14.0 7.9 4.0 6.0 13.3 53 44 9.6
DeepSeek-R1-671B 9.3 8.6 7.4 5.8 11.0 5.6 10.3 75 8.6
Qwen3-235B 11.4 9.0 8.5 55 8.3 4.9 7.8 63 92
o4-mini t 19.7 9.9 13.4 13.4 9.8 6.9 9.4 6.8 145
GPT-5 | 313 212 255 233 21.8 18.8 10.9 19.3 259
WebThinker-32B-RL 16.7  25.6 2.0 12.7 18.0 26.7 15.8 156 158
Text-Only SFR-DR-20B } - - - - - - - - 287
Tongyi I - - - - - - - - 329
Kimi-Research - - - - - - - - 26.9
InternAgent (Qwen3-235B) § 13.5 15.3 11.6 6.9 16.1 8.9 15.6 17.6 133
InternAgent (04-mini) { 23.5 18.9 13.8 17.3 21.8 21.8 18.8 250 212
DualResearch (Qwen3-235B) I 16.9 18.9 13.9 10.9 19.7 21.8 219 199 17.1
DualResearch (04-mini) { 32.2 28.4 26.8 24.3 29.5 25.7 29.7 30.1 29.7
Qwen3-235B 11.1 7.9 83 6.1 7.8 55 7.2 52 8.6
o4-mini T 19.0 114 12.9 12.6 9.1 12.7 12.6 69 143
GPT-5 1 31.0 221 249 217 20.6 16.4 14.4 18.0 24.8
OpenAl Deep Research I - - - - - - - - 26.6
ALLSet Gemini Deep Research § - - - - - - - - 269
InternAgent (Qwen3-235B) I 13.0 12.5 10.8 7.4 14.2 7.9 9.0 13.7 119
InternAgent (04-mini) § 23.5 18.9 17.4 15.7 19.2 18.2 16.2 20.6 204
DualResearch (Qwen3-235B) 1 16.2 15.0 12.8 9.6 17.4 133 12.6 15.0 14.8
DualResearch (04-mini) § 328 279 28.6 248 28.3 224 21.6 26.6 29.0
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