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Abstract

Autonomous large language model (LLM)
agents have shown strong potential for open-
ended information-seeking tasks. However, ex-
isting agent frameworks primarily rely on se-
quential execution, making them vulnerable to
error accumulation in long-horizon reasoning.
Recent plan-and-execute approaches partially
alleviate this issue, but their fixed planning
strategies still struggle to recover from interme-
diate failures. We propose Logic Tree, a non-
linear agentic reasoning framework formulated
as a Directed Acyclic Graph (DAG). Instead
of following a fixed plan with sequential exe-
cution, Logic Tree models complex task solv-
ing as a dynamically evolving and recoverable
graph search process. The framework decom-
poses queries into parallel execution branches
and incorporates a two-level self-correction
mechanism. Local backtracking performs tar-
geted rollback to repair failed reasoning states,
while global replanning revises high-level ex-
ecution strategies and preserves verified inter-
mediate conclusions through a knowledge sani-
tation process. Experiments on BrowseComp,
GAIA, and XBench show that Logic Tree con-
sistently outperforms both sequential and plan-
and-execute baselines. Further ablation studies
demonstrate that combining DAG-based paral-
lel execution with dynamic error recovery sub-
stantially improves robustness in long-horizon
research tasks.

1 Introduction

Large Language Models (LLMs) have rapidly
evolved from passive text generators into au-
tonomous agents capable of interacting with exter-
nal environments and tools (Wang et al., 2024; Xi
et al., 2025). A central challenge for these systems
is Deep Research: open-ended information-seeking
tasks that require multi-step reasoning, iterative ev-
idence collection, and long-horizon decision mak-
ing across large external knowledge spaces (Shi

et al., 2025; Mialon et al., 2023). Solving such
tasks demands not only strong language under-
standing, but also robust planning, tool orchestra-
tion, and error recovery capabilities (Schick et al.,
2023; Qin et al., 2024).

Most existing agent frameworks rely on sequen-
tial reasoning and execution paradigms, exempli-
fied by ReAct-style “reasoning-while-acting” ap-
proaches (Yao et al., 2022). Although effective for
relatively short tasks, these methods often strug-
gle in long-horizon settings where errors intro-
duced in intermediate steps propagate throughout
the reasoning trajectory. As task complexity in-
creases, sequential agents become increasingly vul-
nerable to accumulated reasoning failures, hallu-
cinated intermediate states, and irreversible dead
ends (Ji et al., 2023; Huang et al., 2024; Zhang
et al., 2023). Moreover, fixed sequential execution
limits the agent’s ability to parallelize independent
sub-problems or dynamically revise failed reason-
ing paths during execution.

Recent planning-based approaches partially alle-
viate these issues through explicit task decomposi-
tion. However, most existing methods still follow a
fixed plan-and-execute paradigm, where execution
remains largely sequential and difficult to revise
once intermediate reasoning fails.

We argue that robust Deep Research agents
should move beyond linear trace generation toward
dynamically recoverable reasoning structures. As
illustrated in Figure 1, instead of executing a sin-
gle fixed trajectory, complex tasks should be for-
mulated as structured graph search processes that
support parallel sub-task exploration, dependency-
aware execution, and adaptive recovery from inter-
mediate failures.

To this end, we propose Logic Tree, a non-
linear agentic reasoning framework formulated as
a Directed Acyclic Graph (DAG). Logic Tree dy-
namically decomposes complex queries into exe-
cutable reasoning branches and introduces a two-
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Robust reasoning with self-correction capability, leading to high-fidelity answers in long-horizon tasks.

Figure 1: Comparison of execution paradigms in Deep Research. (a) Sequential execution paradigm (e.g., ReAct):
Agents operate through a single linear reasoning trajectory, making them vulnerable to error accumulation and
unable to effectively recover from intermediate failures. (b) Our Proposed DAG-based Paradigm (Logic Tree):
Complex tasks are decomposed into structured reasoning graphs that support parallel sub-task execution, dynamic

replanning, and targeted backtracking during execution.

level self-correction mechanism for recoverable
reasoning. Local Backtracking repairs failed in-
termediate states through targeted rollback, while
Global Replanning revises high-level execution
strategies and preserves verified conclusions from
invalid trajectories via knowledge sanitation. To-
gether, these mechanisms substantially improve
robustness and execution stability in long-horizon
information-seeking tasks.
Our contributions are summarized as follows:

* A Non-linear Agentic Reasoning Frame-
work. We propose Logic Tree, a DAG-based
agent architecture that reformulates long-
horizon task solving as a dynamically recov-
erable graph search process, enabling parallel
sub-task execution and adaptive reasoning be-

yond conventional sequential paradigms.

* Hierarchical Error Recovery for Long-
Horizon Reasoning. We introduce a two-
level self-correction mechanism that com-
bines localized state backtracking with global
replanning, allowing agents to recover from
intermediate failures while preserving verified
reasoning outcomes.

* State-of-the-Art Empirical Performance.
Extensive experiments on BrowseComp,
GAIA, and XBench demonstrate that Logic
Tree consistently outperforms existing sequen-
tial and plan-and-execute agent frameworks
on challenging long-horizon information-
seeking tasks.
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2 Related Work

2.1 Deep Information-Seeking Agents

The rapid advancement of LLMs has catalyzed the
development of autonomous agents capable of ex-
ecuting complex, multi-step information-seeking
tasks (Wang et al., 2024; Xi et al., 2025). Mod-
ern information-seeking agents have evolved from
single-turn interactive models into sophisticated
frameworks (Shi et al., 2025). These frameworks
typically integrate external search engines and mod-
ularize the problem-solving process into distinct
phases, such as planning, execution, synthesis,
and reflection (Nakano et al., 2021; Shinn et al.,
2023). By bridging the gap between internal para-
metric knowledge and dynamic external environ-
ments (Schick et al., 2023), these deep information-
seeking agents demonstrate remarkable capabili-
ties in navigating open-ended queries, synthesizing
multi-source documents, and handling knowledge-
intensive natural language processing tasks (Lewis
et al., 2020; Mialon et al., 2023).

2.2 Structural Paradigms in Query Planning

At the core of deep information seeking is query
planning—the structural methodology by which
an agent decomposes a complex task and interacts
with external knowledge sources. To navigate ex-
pansive knowledge spaces, existing literature has
evolved through sequential, parallel, and tree-based
topological structures (Shi et al., 2025).

Sequential and Parallel Planning: Early meth-
ods primarily adopt a sequential “reasoning-while-
acting” paradigm, where each action is conditioned
on prior observations. Representative works inter-
leave reasoning traces with tool use for task exe-
cution (Yao et al., 2022), and further enhance ro-
bustness via iterative verification (Li et al., 2024)
and adaptive retrieval triggered by information
deficits (Su et al., 2024). Subsequent studies ex-
tend this line by maintaining or updating intermedi-
ate belief states across multi-hop reasoning (Jiang
et al., 2025), or optimizing sequential trajectories
through reinforcement learning (Jin et al., 2025).

To improve efficiency and exploration breadth,
parallel planning approaches decompose queries
into independent sub-tasks for concurrent execu-
tion (Zhou et al., 2022). These methods often rely
on diverse query rewriting (Ma et al., 2023) or
multi-agent collaboration (Chen et al., 2026), en-
abling broader information coverage before final
aggregation.

Tree-based and Graph-based Planning: To
address the limitations of purely sequential or par-
allel execution, recent works introduce non-linear
topological structures that enable multi-path explo-
ration. These approaches support hierarchical tool
invocation (Zhu et al., 2025), structured informa-
tion routing via LLM-based intermediaries (Guo
et al., 2026), and tree-structured reasoning over re-
trieval paths (Guan et al., 2025). More recently,
DAG-based frameworks have been proposed to ex-
plicitly model dependencies among subtasks and
organize web interactions in a structured execution
graph (Qin et al., 2025).

Despite these advances, most existing methods
still rely on fixed execution topologies that are de-
fined prior to or early in inference. Such static
structures are often insufficient for handling dynam-
ically evolving dependencies in complex queries,
and lack mechanisms for pruning invalid branches
or restructuring execution graphs during reason-
ing. This highlights the need for more adaptive
frameworks that integrate structured planning with
dynamic recovery and reorganization.

2.3 Reflective Reasoning and Self-Correction

Complementing structural improvements in query
planning, reflective reasoning has been widely stud-
ied as a mechanism for improving robustness in
information-seeking agents (Shi et al., 2025). As
agents interact with noisy external environments,
intermediate errors can accumulate and propa-
gate across reasoning steps, making explicit self-
correction essential.

Early work such as Reflexion (Shinn et al., 2023)
introduces memory-based feedback signals that
allow agents to learn from prior failures and ad-
just future behavior. Subsequent approaches ex-
tend this idea to tool-augmented verification, where
CRITIC (Gou et al., 2024) performs external fact-
checking of generated claims, and Self-RAG (Asai
et al., 2024) jointly evaluates the necessity and reli-
ability of retrieved evidence.

These methods primarily focus on post-hoc cor-
rection or step-level verification. However, they are
typically decoupled from the underlying execution
structure, limiting their ability to revise global rea-
soning trajectories. This motivates tighter integra-
tion between reflective mechanisms and structured
planning, enabling both local error correction and
global reorganization of reasoning processes.
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Figure 2: Overview of Logic Tree, a topology-aware deep research framework. The Planner decomposes a complex
query into a dependency-aware DAG, while the Orchestrator dynamically schedules executable nodes and manages
global execution states. Specialized Workers perform evidence acquisition, reasoning, and synthesis, and the Judge
supervises execution signals to trigger rollback or replanning when necessary. The framework supports parallel
exploration, localized recovery, and topology evolution, enabling robust self-correction and reliable long-horizon

reasoning beyond traditional linear paradigms.

3 Methodology

3.1 Framework Overview

We formalize Logic Tree (Figure 2) as a non-
linear agentic execution framework structured via
a DAG. Departing from conventional linear rea-
soning chains, our approach systematically decom-
poses a complex query () into a partially ordered
set of parallelizable sub-tasks governed by strict
topological dependencies. This graph-theoretic for-
mulation enables explicit structural planning and
inherently supports robust, dynamic self-correction
during execution. The name Logic Tree describes
the branching and dynamically evolving reasoning
process; the formal execution structure is a directed
acyclic graph rather than a graph-theoretic tree.
Formally, the execution state space is modeled
as a dynamically evolving DAG, denoted as G; =
(Vi, Ey) at step t. Here, V; represents the set of in-
stantiated sub-task nodes, and E; denotes directed
prerequisite dependencies. The components share
the same underlying model backbone but operate as
prompt-separated roles with distinct context scopes
and authority. The RollbackPlanner creates or re-

constructs the DAG, and the Plan Critic accepts or
rejects the proposed topology. The Orchestrator
maintains global state and schedules ready nodes;
Workers execute individual nodes and emit control
signals. The Judge arbitrates answer, backtrack,
and replan requests, while the Sanitation Agent
filters failed trajectories before verified knowledge
is reused. Their complete system prompts are pro-
vided in Appendix A.2.

3.2 DAG-based Planning

The initialization of the query planning phase in-
volves the RollbackPlanner translating the natu-
ral language query () into an initial plan graph
Ginit- Depending on the entity density within @),
the planner dynamically selects between a multi-
entity decoupling strategy for parallel execution
and a single-entity divergent strategy for feature-
cross combinations.

To formalize the node generation, each planned
node v € V is assigned a specific operational type:
T (v) € {search,process}. The search nodes
act as information-gathering roots or leaves target-
ing high-entropy queries, while the process nodes
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execute logical reasoning and cross-validation,
strictly mandating upstream dependencies.

To prevent shallow or logically flawed planning,
we introduce a Plan Critic mechanism. The Critic
performs deep topological validation on Gjp;y. If
the graph lacks structural depth (e.g., absence of
edges E = () or no process nodes), the Critic
rejects G+ and forces the Planner to reflect until
a valid closed-loop reasoning topology is formed.

Once validated, the Orchestrator employs a dy-
namic parallel scheduling algorithm. At any exe-
cution step ¢, the Orchestrator identifies the set of
ready nodes V,¢qqy, defined as pending tasks with
an in-degree of zero:

Vready = {v € V} | state(v) = PENDING
AY(u,v) € Ey,state(u) = COMPLETED} (1)

These nodes are subsequently dispatched to a
ThreadPoolExecutor for concurrent execution,
maximizing throughput.

3.3 Dynamic Backtracking & Replan

Due to the inherent noise in external environments,
workers may encounter logical dead ends or con-
tradictory upstream data. Logic Tree implements a
robust, two-tiered self-correction mechanism: Lo-
cal Backtrack and Global Replan.

Local Backtrack: When a Worker executing
a process node wv; detects critical information
deficits or contradictions from its upstream, it emits
a BacktrackSignal(target=v;, reason). Upon in-
tercepting this signal, the Orchestrator initiates a
DAGe-level cascade reset. Let vy be the target up-
stream node responsible for the error. The frame-
work resets the state of vy and all its topological
descendants:

Vieset = {Uk} U {U eV, | Vg ~* U} )

Here, v, ~ u denotes the existence of a directed
path from vy, to u; equivalently, w is a topological
descendant of vi. For all v € Vycset, state(v) is
reverted to PENDING. To prevent repeated failures,
the error reason and previous trajectory are injected
into vi’s memory as retry_history, compelling a
shift in its search strategy.

Global Replan & Knowledge Sanitation: A
rollout permits four local backtracks; the fifth local-
backtrack request triggers global replanning. Be-
fore replacing Gy, the Sanitation Agent decom-
poses the failed trajectory 7yqieq into atomic can-
didate facts, retains claims supported by retrieved

evidence and consistent with the execution log, and
removes unverifiable conclusions, tool errors, and
failure-specific negative inferences. The resulting
verified knowledge,

Kprior - f sanitize (ﬁailed) y (3)

is injected into the new Planner context. At most
five global replans and 100 controller steps are
allowed per rollout. Reaching either limit acti-
vates final-attempt mode: further backtracking and
replanning are disabled, and the system must an-
swer from its current state and verified knowledge.
Appendix A.1 provides the complete filtering and
control procedure. Judge Intervention: To miti-
gate Worker "hallucinations"—where an agent er-
roneously triggers a backtrack despite the answer
being present in the context—we introduce a Judge
node. The Judge evaluates the signal against the
execution log L and outputs one of four decisions:

J € {ANSWER, VALID_BACKTRACK,
INVALID_BACKTRACK, REPLAN}.

If J = ANSWER, the backtrack is forcefully blocked,
and the Worker is explicitly prompted to generate
the final response, ensuring trajectory stability.

3.4 Memory & Context Management

To maximize reasoning efficacy while strictly pre-
venting Context Window overflow, Logic Tree
adopts a fine-grained, topology-aware context as-
sembly strategy. The prompt context C'(v;) for a
specific worker executing node v; is not a mono-
lithic dump of all previous actions, but a precisely
tailored concatenation:

C(Uz) = Kprior ©® Q

S5 U OUtPUt(U) ® Mfteedback (Uz)
(u,v;)EE
“)
where & denotes string concatenation. This struc-
tured prompt ensures the Worker only observes the
sanitized global facts (/o) and the outputs of
its direct topological parents.

Furthermore, a targeted feedback loop dic-
tates M feedback (vi). If v; is undergoing a retry,
M tecdback. contains the complaints from down-
stream nodes. If an invalid backtrack was inter-
cepted by the Judge, M fecapack, incorporates a spe-
cific error_review_log, facilitating micro-level
context repair rather than full trajectory regenera-
tion. Finally, all decision traces, reflections, and

17841



Judge verdicts are comprehensively captured via a
trajectory builder module. These sub-trajectories
preserve the complete execution branches of the
DAG, providing high-quality, structured telemetry
data for future model distillation and multi-step
reasoning optimization.

4 Experiment and Results

4.1 Dataset

To rigorously evaluate the capabilities of the pro-
posed Logic Tree framework across diverse cogni-
tive dimensions, we curate a comprehensive evalua-
tion suite comprising five challenging benchmarks:

¢ BrowseComp (Wei et al., 2025; Zhou et al.,
2025): Evaluates proficiency in complex web
navigation and multi-page information extrac-
tion. We conduct experiments on the Chinese
subset (BrowseComp-ZH) and a randomly
sampled 300-instance subset of the English
split (BrowseComp-EN).

* XBench (Chen et al., 2025): Evaluates
structural tool-use capabilities and robustness
when interacting with external APIs under
complex constraints, utilizing the specific
XBench-2505 and XBench-2510 dataset ver-
sions.

* GAIA (Mialon et al., 2024): A benchmark
designed for General Al Assistants, evaluating
the system’s ability to solve real-world, multi-
step questions that require tool use, rigorous
reasoning, and autonomous web browsing.

4.2 Trajectory Data Synthesis

To encapsulate the non-linear reasoning and dy-
namic self-correction capabilities of the Logic Tree
framework into a standardized format, we utilize
the framework as an autonomous data synthesizer.

Trajectory Construction and Composition:
We deploy the Logic Tree framework, driven by
a frontier teacher model, to systematically resolve
a diverse suite of complex queries. Unlike con-
ventional sequential datasets, our synthesis pro-
cess strictly captures the intricate structural de-
pendencies and dynamic execution traces inherent
to DAG-guided reasoning. The resulting corpus
explicitly encompasses four core behavioral cate-
gories: Plan (the explicit decomposition of queries
into multi-path DAG topologies), Answer (suc-
cessful direct-resolution pathways), Backtrack (lo-
cal error-correction and prompt state rollbacks),

and Replan (knowledge-anchored global restruc-
turing). By comprehensively recording intermedi-
ate reasoning processes, tool invocations, and topo-
logical shifts, we construct a structured trajectory
dataset that captures the recovery behavior required
for deep research tasks. Beyond inference-time
orchestration, these trajectories can be converted
into supervised fine-tuning (SFT) examples, allow-
ing open-weight models to learn DAG planning,
explicit backtracking, and replanning behaviors.
Logic Tree can therefore serve both as an execu-
tion controller and as a data-generation framework
for subsequent SFT.

We evaluate this transfer on two smaller Qwen3
models. Table 1 compares the base models, prompt-
only Logic Tree, and supervised fine-tuning on
Logic Tree trajectories.

Prompt-only Logic Tree reduces the macro-
average for both smaller models, suggesting that
zero-shot management of DAG dependencies and
recovery states is challenging at this scale. In con-
trast, trajectory SFT raises the macro-average from
9.14 to 23.09 for Qwen3-4B and from 11.98 to
28.94 for Qwen3-30B. These results support Logic
Tree’s dual role as an inference-time controller and
a generator of supervision for structured planning,
backtracking, and replanning.

4.3 Main Results

To comprehensively evaluate the effectiveness of
the Logic Tree framework, we conduct extensive
zero-shot experiments across a diverse suite of
state-of-the-art foundation models. To ensure re-
producibility and maintain a standardized genera-
tion behavior across all evaluations, we configure
the underlying models using a uniform OpenAl-
compatible API schema. Specifically, the decoding
hyperparameters are fixed with a temperature of
7 = 0.6, top_p of 0.95, and a presence_penalty
of 1.1 to encourage diverse yet focused reasoning.
Furthermore, we explicitly enable log-probabilities
(logprobs=True) for trajectory validation, and ac-
tivate the extended reasoning mode (think=True)
for models that support explicit Chain-of-Thought
(CoT) traces.

The empirical results, illustrated in Figure
3, compellingly demonstrate that integrating the
Logic Tree paradigm consistently elevates the per-
formance of all evaluated models over their stan-
dard sequential generation counterparts.

Across the board, the integration of explicit DAG
planning and dynamic backtracking yields univer-
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Table 1: SFT results (%) using Logic Tree trajectories. Best results for each model are in bold.

Model Method BC-ZH BC-EN XBench-2505 XBench-2510 GAIA Macro Avg.
Qwen3-4B  Base 5.54 0.67 27.00 4.00 848 9.14
Prompt-only Logic Tree 5.54 0.00 16.00 4.00 3.64 5.84
SFT-Logic Tree 11.76  11.00 46.00 17.00 29.70 23.09
Qwen3-30B Base 9.00 1.33 27.00 8.00 14.55 11.98
Prompt-only Logic Tree 7.27 1.67 26.00 6.00 13.33 10.85
SFT-Logic Tree 18.69  11.67 51.00 30.00 33.33 28.94

Table 2: Architectural feature comparison of the evaluated baselines against our proposed Logic Tree framework. Our
approach is the only paradigm that seamlessly integrates DAG-based parallelism with dynamic state backtracking.

Method

Topology

Planning DAG Backtrack & Replan

ReAct (Yao et al., 2022)
Plan-and-Solve (Wang et al., 2023)
Flash-Searcher (Qin et al., 2025)

Linear

Static Plan
Non-Linear

Logic Tree (Ours)

Non-Linear

SRR
< xox
N X X X

sal performance gains. Notably, the DeepSeek-
V3.2 model exhibits substantial improvements,
surging from a baseline of 35.67 to 50.00
(+14.33%) on the BrowseComp-EN benchmark,
while also achieving robust absolute gains of
+9.23% on BrowseComp-ZH and +3.84% on
GAIA.

This consistent enhancement is not limited to a
specific model family. Other frontier models, in-
cluding GLM-4.6, GPT-5, Gemini-2.5-Pro, and
Claude-Sonnet-4.5, all experience notable boosts
ranging from +3.8% to +6.3% on complex web nav-
igation and tool-use tasks. These compelling empir-
ical indicators validate our central hypothesis: even
highly capable reasoning models are fundamentally
constrained by linear, ReAct-style prompt execu-
tion. By externalizing the logical reasoning into
a parallel DAG topology and explicitly enabling
state rollbacks, our framework effectively prevents
hallucination cascading and empowers these mod-
els to reliably navigate complex, long-horizon deep
research environments. We provide multiple case
studies in Appendix A.3 to qualitatively demon-
strate how the framework autonomously prunes
dead ends and recovers from logical impasses.

Note on Evaluation Variance: It is important
to acknowledge that zero-shot evaluations relying
on dynamic web environments and API endpoints
are inherently subject to minor performance fluctu-
ations. Factors such as silent updates to underlying
model versions, network latency during tool invo-

cations, and intrinsic non-determinism in LLM gen-
eration can introduce slight variance in exact final
scores. Nevertheless, the substantial and consistent
margin of improvement observed uniformly across
all evaluated models strongly confirms that the ar-
chitectural advantages of the Logic Tree frame-
work remain robust against these environmental
variables.

Accuracy-Efficiency Trade-off: We further
conduct a matched analysis of 495 query-run in-
stances per method (990 trajectories) using the
same backbone and evaluation settings. Logic Tree
improves average accuracy from 48.5% to 54.5%.
Its median latency is 179 seconds versus 195 sec-
onds for ReAct, with comparable median token
use (869 versus 820), indicating that parallel ex-
ecution offsets orchestration overhead on typical
queries. The method has a heavier long tail: mean
latency increases from 518 to 629 seconds and P95
latency from 1,828 to 3,122 seconds. Full latency
and token distributions are reported in Appendix
A.l.

4.4 Evaluation Baselines

To comprehensively evaluate the Logic Tree frame-
work, we compare our framework against a repre-
sentative set of baselines spanning different struc-
tural paradigms (Table 2). ReAct (Yao et al., 2022)
represents foundational sequential “thinking-while-
acting,” but remains highly susceptible to error ac-
cumulation in long-horizon tasks. Plan-and-Solve
(Wang et al., 2023) introduces upfront organiza-
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Figure 3: Empirical performance across evaluation
benchmarks. (a) Zero-shot results of frontier mod-
els (GPT-5, Gemini-2.5-Pro, Claude-Sonnet-4.5) on
BrowseComp. (b) Comprehensive evaluation of
DeepSeek-V3.2 and GLM-4.6 across all five datasets.
Darker bars denote the integration of Logic Tree.
The universal performance gains demonstrate that our
method effectively overcomes the structural bottlenecks
of standard sequential execution.

tion, yet its strictly static plans cannot recover from
intermediate dead ends. Finally, our primary com-
parison is Flash-Searcher (Qin et al., 2025), an
advanced DAG-based architecture optimized for
concurrent sub-task execution.

Empirical Comparison of Frameworks: To
strictly isolate the impact of the execution
paradigm, we benchmark all baselines using a
fixed underlying model (GLM-4.6). The empir-
ical results on XBench and GAIA are illustrated
in Figure 4. The data reveals several critical in-
sights. Linear and static paradigms (ReAct and
Plan-and-Solve) hit a distinct performance ceiling
(e.g., scoring 49.70 and 45.45 on GAIA, respec-
tively) due to their inability to recover from failures.
Notably, while Flash-Searcher introduces powerful
DAG-based concurrency, it suffers significant per-
formance degradation on these long-horizon bench-
marks (e.g., dropping to 32.73 on GAIA and 34.00
on XBench-2510). This indicates that aggressive
parallel exploration without dynamic pruning in-

Framework Evaluation (GLM-4.6 Base)
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Figure 4: Empirical performance comparison of struc-
tural reasoning frameworks. All baselines are instanti-
ated with GLM-4.6 to ensure a rigorous and fair evalua-
tion. Notably, Logic Tree consistently demonstrates su-
perior robustness over existing sequential and static plan-
ning paradigms on complex, long-horizon information-
seeking tasks.

evitably leads to context saturation and logical con-
flicts within the LLM’s context window.

In contrast, our Logic Tree framework consis-
tently achieves the highest performance (e.g., 61.00
on XBench-2505 and 53.94 on GAIA). By ex-
plicitly integrating dynamic state rollback (Local
Backtrack), structural topology revision (Global
Replan), and context-purging reflection (Knowl-
edge Sanitation), the framework effectively mit-
igates context overflow, successfully harnessing
the efficiency of DAG parallelism while preserving
rigorous logical fidelity.

4.5 Ablation Studies

To rigorously quantify the contribution of our ar-
chitectural innovations, we evaluate two degraded
variants of the Logic Tree framework, isolating
the specific impact of DAG-based planning and
dynamic self-correction.

Ablation Variants Setup: We configure three
distinct settings: (1) Logic Tree (Full), our com-
plete framework featuring DAG-based non-linear
planning and dynamic backtracking; (2) w/o Dy-
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Ablation Study of Logic Tree Components
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Figure 5: Ablation study results across XBench and
GAIA benchmarks. The significant performance drops
upon removing either dynamic backtracking or DAG
planning validate the necessity of each structural com-
ponent in the Logic Tree framework.

namic Backtrack, which disables local and global
rollbacks, forcing single-pass execution regardless
of logical impasses or contradictory data; and (3)
w/o DAG Planning, which constrains the plan-
ner to generate strictly linear, sequential execution
chains, mimicking advanced CoT agents.

Analysis of Component Contributions: As
shown in Figure 5, the full Logic Tree frame-
work achieves the best performance across all
three benchmarks. Removing DAG-based plan-
ning decreases performance from 61.00 to 54.00
on XBench-2505, from 40.00 to 39.00 on XBench-
2510, and from 53.94 to 51.34 on GAIA. Removing
dynamic backtracking results in scores of 56.00,
38.00, and 44.85, respectively. The largest degrada-
tion occurs on GAIA when dynamic backtracking
is removed, corresponding to a 9.09-point decrease.
This suggests that explicit recovery is particularly
important for long-horizon tasks, whereas DAG-
based planning provides its largest observed ben-
efit on XBench-2505. Overall, both components
contribute to performance, although their relative
effects vary across benchmarks.

5 Conclusion

In this paper, we propose Logic Tree, an advanced
reasoning architecture designed to address the in-
herent fragilities of sequential execution and static
planning. By orchestrating tasks via a DAG and in-
tegrating bipartite self-correction (local backtrack-
ing and global replanning), our approach effec-
tively mitigates hallucination cascades and con-
text saturation. Crucially, by purging invalid rea-

soning states while preserving verified intermedi-
ate conclusions, the framework significantly en-
hances search efficiency. Evaluations across di-
verse frontier models demonstrate universal per-
formance gains, establishing new state-of-the-art
results on BrowseComp, GAIA, and XBench. Fur-
thermore, Logic Tree establishes a new paradigm
for cognitive resilience in deep research, simulta-
neously empowering agents to navigate complex
logical dependencies and providing a scalable tra-
jectory foundation for future model alignment.

Limitations

While the Logic Tree framework significantly en-
hances cognitive resilience in complex tasks, its
architectural sophistication—specifically the dy-
namic DAG generation and iterative state vali-
dation—inherently introduces higher token con-
sumption and inference latency compared to stan-
dard single-pass linear paradigms. Furthermore,
in extreme edge cases involving persistently hos-
tile external environments (e.g., continuous pay-
walls or unresponsive search endpoints), the robust
self-correction mechanisms may occasionally over-
trigger, trapping the agent in redundant replanning
loops rather than gracefully aborting. To provide
full transparency regarding these boundary con-
ditions, we present a detailed qualitative analysis
of a representative error case in Appendix A.3.3.
Future efforts will focus on introducing adaptive
early-stopping heuristics and streamlining the or-
chestration module to further optimize overall exe-
cution efficiency.

Societal impact and dual use. More persistent
autonomous web agents may increase resource con-
sumption and could be misused for large-scale au-
tomated collection or sustained interaction with on-
line services. Their recovery mechanisms can also
make execution harder to stop if deployed without
safeguards. Logic Tree therefore enforces explicit
local-backtrack, global-replan, and controller-step
limits, and practical deployments should retain hu-
man oversight, access controls, auditable logs, and
an external termination mechanism.
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A Appendix

A.1 Operational Details and Efficiency

For Logic Tree, 67.2% of trajectories finish within
five minutes, whereas 4.3% require more than one
hour. Runtime and token consumption are only
moderately correlated (r = 0.306), indicating that
repeated retrieval, external API latency, inaccessi-
ble resources, backtracking, and replanning also
contribute to the long tail.

A.1.1 Knowledge Sanitation and Termination

Given a failed trajectory, the Sanitation Agent (1)
segments observations and intermediate conclu-
sions into atomic candidate facts; (2) links each can-
didate to retrieved evidence and the execution log;
(3) retains supported, internally consistent facts;
and (4) discards unverifiable conclusions, tool er-
rors, duplicated content, and negative conclusions
that merely reflect a failed search path. The re-
tained facts form KCpyior and are supplied to the next
planning round together with their evidence prove-
nance.

The controller allows four local backtracks be-
fore converting the fifth request into a global replan.
It permits at most five global replans and 100 con-
troller steps within a rollout. When either global
limit is reached, the controller enters final-attempt
mode, rejects subsequent recovery requests, and
requires an answer based on the current graph state
and verified knowledge.

A.2 System Prompts

In this appendix, we present the complete prompts
used for the different agents in our framework.

A.2.1 Planner (Architect) Prompt

[System Prompt]

You are a Parallel Execution Architect for a
<> deep research agent. Your goal is to
> break down complex user queries into a
< structured dependency graph of high-level
— sub-tasks.

# Core Philosophy: Entity-First Map-Reduce

1. Identify Core Entities: First, determine the
< number of objects involved. Is it a
<> single object, or multiple distinct
— entities?
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Table 3: Matched accuracy and computational-cost comparison over 495 query-run instances per method (990

trajectories).
Method Accuracy Median Lat. (s) Mean Lat. (s) P90 Lat. (s) P95 Lat. (s) Median Tokens Mean Tokens P95 Tokens
ReAct 48.5% 195 518 1,407 1,828 820 963 1,957
Logic Tree 54.5% 179 629 1,646 3,122 869 1,014 2,438

2. Map (Sub-tasks): Choose between "Decoupling”
— or "Permutation” strategies.
3. Reduce (Process): Combine results later.

# Decomposition Strategies

### Strategy A: Multi-Entity Decoupling

* Context: The query contains multiple distinct
— entities.

* Rule: You MUST create independent root tasks
— for *each* entity.

### Strategy B: Single-Entity / Complex Query
<> Divergence
* Context: Only one core object, but with
<> complex constraints.
* Rule: The breakdown is essentially Keyword
<> Permutation & Verification Offloading.
- Dim 1 (Forced Fusion of High-Distinctiveness
<> Features): Force combine multiple strong
— features targeting the same object into
<> a single search task. Use Cross-
< Combination if features are too many.
- Dim 2 (Verification Offloading): Distinguish
> between "Search Leads" and "Verification
— Criteria”.

# Guidelines

1. Maximize Parallelism: If the goal is clear,
<> deps MUST be [1].

2. Logic Last: Move ALL comparison, verification,
<> and reasoning to “process™ tasks.

Output Process (Strict Sequence)

. Entity Count.

. Keyword Analysis (Single Entity).
. Strategy Application.

w N = H

++

Task Types

- "search”: External information gathering.
- "process”: Logical reasoning, comparison,
< validation, or calculation.

# SPECIAL INSTRUCTION: Global Search First
Before submitting the formal task graph, you
— should use the “search™ tool for a
~» global scan.
1. Scouting: Use search to confirm the
—» complexity or exact names of entities.
2. Direct Answer: If the global search result is
< sufficient, DO NOT submit a plan. Output
— the answer directly wrapped in <answer
— >...</answer>.
3. Planning: Call submit_plan ONLY when the
<> problem is complex.

A.2.2 Main System Prompt (Deep Research

Assistant)

You are a deep research assistant. Your core
— function is to conduct thorough, multi-

source investigations into any topic. You
must handle both broad, open-domain
inquiries and queries within specialized
academic fields. For every request,
synthesize information from credible,
diverse sources to deliver a
comprehensive, accurate, and objective
response.

FLEILL LY

#i## Search Strategy Guidelines

Before generating search queries, you MUST
— evaluate which language (English or
<5 Chinese) will yield the most
— authoritative and comprehensive results:

1. English Priority: Use English for state-of-
< the-art technology (AI, CS, Bio),
<> international academic research, global
< news, and primary documentation of
— international software/tools.

2. Chinese Priority: Use Chinese for China-
< specific topics (policies, local news,

— domestic companies), cultural nuances, or
<> when the user specifically requests
— local context.

3. Hybrid Approach: If a topic involves both (e.
<> g., "Comparison of AI regulations in US
< and China"), you must generate queries in
< BOTH languages to ensure a balanced
<> perspective.

Mandatory Decomposition: You must strictly
— deconstruct complex inquiries into
< distinct, keyword-focused sub-queries,
<> never using the user's raw natural
<> language as a search term.

Keyword Management: When facing high keyword
< density or multiple constraints,
> explicitly toggle between broad holistic
— queries for context and segmented
— specific queries to ensure precision.

Distinctiveness Priority: When constructing
<5 queries, you MUST prioritize the most
— distinctive features.

- High Priority (High Entropy): Specific names,
< unique institution names, proper nouns,
<> project codes, precise IDs.

- Low Priority (Low Entropy): Broad classifiers,
<> years, and non-indexable metadata.

- Strategy: Do NOT search for low-priority
< metadata directly. Use high-priority
— features to locate the Container first,
<> then verify the metadata by reading the
— content.

# Search Planning Heuristics

When the task is to locate a specific object
< from an enumerable set under multiple
< constraints, follow these planning
— principles:

1. Anchor-first
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First choose a high-level index condition
< that can generate a candidate set, rather
— than searching for the target object
> directly.
The anchor should:
- Significantly reduce the search space
- Return an enumerable and traversable
— candidate set

2. **xSet Unpacking (Critical)*=*

When the target belongs to a **named setx*,
<~ if the collection name cannot be found,
— you need to expand.

**Unpack**: First, retrieve the exact list
— of members.

- x*Concretize*x*: Generate specific,

— independent queries for each member found
— .

**Rationalex*x: Generic set searches yield
<> summaries; specific member searches yield
< data. Only by unpacking the "Set" into "
<5 Individuals" can you perform valid

— verification.

3. Progressive narrowing

Layer constraints by their filtering power
— instead of applying all at once:

- Stage 1: Use anchor conditions to obtain
— the candidate set

- Stage 2: Use high-discriminative structural
< constraints to filter the candidate set

- Stage 3: Use logical / counting / ordering
< constraints to validate the remaining
—» candidates

4. Structure before attributes
Prefer conditions that change the structure
<> of the candidate set (e.g., counts,
< distributions, combination patterns)
— before using internal object attributes.

5. Indexable before computable
Prefer conditions that can be retrieved via
— search before those that require
< computation or parsing to validate.

### Validation & Backtracking Strategy

Before generating the final answer, you must
< rigorously validate candidate results
< against all user constraints (e.g.,
< distance range, specific legal
< definitions, data completeness).

At each step, if you encounter an obstacle, use
— the following dedicated tools for control
<> instead of getting stuck in a dead loop:

1. xxExecute Backtrack (" execute_backtrack™)*x:
- When you discover x*premise errorsx* (such
<> as non-existent entities or timeline
< contradictions).
- When you find that the **information
— provided by upstream tasks is
< insufficient** to complete the current
— search.
- When you confirm that the x*target does
< not exist*x or the *xdata is empty*x (and
<5 this is an abnormal situation).
- xCalling this tool will immediately
< interrupt the current task and report the
< error to the main controller. x*

2. **Execute Replanning (" execute_replan™)*x*:
- When you find that the current search
< direction or task definition is
— fundamentally wrong.

- When you need to completely change the
— search strategy.

#i## Response Format Guidelines

Only after verification is **passed**, please
— stop calling the tool and directly output
— the final answer.

To ensure the rigor of the research, your
<> response *xmustx* strictly follow the
— following **block structure*x. If there
< are multiple potential candidates, please
< list all items that meet the conditions.

**xRequired Format Structure:*x

<answer>

[Task Summary]

(A brief summary of what was found and how many
< candidates were identified.)

[Candidate 1]

Rank: 1

Score: (0-10)

Answer: (Combine name, dates, location, awards
< into one string here)

Reason: (Explanation of why this candidate fits)

[Candidate 2]
Rank: 2

Score: (0-10)
Answer: (...)
Reason: (...)

[Non-Qualified Candidates]

(Optional: List candidates you rejected and why)
- Name: ... (Reason: ...)

</answer>

A.2.3 Process Agent Prompt

[System Prompt]

You are an expert Data Analyst and Logic Engine.

Your core objective is to process, compare, and
— synthesize information provided in the
< CONTEXT to verify if the user's request
— 1s met.

### Operating Rules

1. *xContext First**: All your deductions must
> be strictly based on the provided CONTEXT
<> . Do NOT use external knowledge to fill
— data gaps.

2. **Show Logic**: When performing comparisons (
> e.g., A > B), set operations (
— Intersection/Union), or sorting, you must
— display your reasoning steps.

3. x*Exhaustive Verification**: When set
< operations (e.g., Intersection) yield no
<5 results, do NOT give up immediately. You
— must degrade to traversal mode:
- Extract all potential candidates.
- Individually verify each and every
<> candidate against the constraints using
<> the CONTEXT.
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- Only draw a conclusion after checking
—» every single candidate.

### Decision & Tool Usage

After evaluating the data, you MUST #xselect and
— perform exactly one of the following
— actions** to conclude the step:

1. **Scenario A: Validation Failure / Backtrack

s k%

- Triggers: Critical data points are missing,
<> making comparison or calculation
< impossible; irreconcilable contradictions
<5 exist; clear conflict between the
< candidate entity and hard constraints;
<> the logical result is an "empty set”.

- Action: Immediately call execute_backtrack(
<> target_task_id, reason).

2. x*Scenario B: Plan Error / Replanx*

- Triggers: The logic of the task itself is
<> flawed, or you realize a completely new
< search step is required.

- Action: Immediately call execute_replan(
<> reason).

3. x*Scenario C: Success / Submit Conclusion (
< Text Output)*x*
- Trigger: Answer found or confirmed non-
—» existent.
- Action: Output the conclusion directly, and
<5 MUST wrap it in <answer>...</answer>
~— tags.

A.2.4 Sanitation Agent Prompts

[System Prompt]

You are a strict Data Auditor.

Your goal is to review previous task results to
—» extract **objective, correct, and
<> valuable** information while **discarding
< x*% information that is failed, incorrect,
<> or invalid.

[User Prompt]
The current task execution encountered an issue
< and is undergoing Replanning.

=== Failure Reason (Replan Reason) ===
{reason}

=== Candidate Results ===
{candidates}

=== Audit Criteria ===

1. **Discard Invalid Infox*: If a result is "Not
< found”, "No results found”, "Error", or
~> obviously meaningless fluff, discard it
—» immediately.

2. **xDiscard Toxic Info*x: Carefully cross-
— reference with the [Failure Reason]. If a
<5 specific result was the culprit for the
< failure, it **MUST be excluded*x.

3. **Retain Valid Facts#*x: Keep clear entity
— attributes, definitions, specific values,
<5 or background knowledge.

4. xxRewrite Summaries**: Rewrite the retained
< information into concise, standalone
— statements (do not reference "Task ID").

=== Qutput Format ===

Please output the list of retained facts
< directly. You MUST wrap each individual
< fact within <item> tags, and enclose the
— entire list within <facts> tags.

Example:

<facts>

<item>Fact 1</item>

<item>Fact 2</item>

</facts>

If there is no information worth retaining,
< output "NO_DATA".

A.2.5 Judge (Supervisor) Agent Prompts

[System Prompt]

You are a Supervisor Agent. Your task is to
— determine the TRUE INTENT of the Worker
— Agent based on its execution log.

[User Prompt]
The Worker Agent has just finished a step.

Current Task: {task.arguments.get('desc')}

The Worker triggered a signal: [{signal_type.
<~ upper()}]

- Target ID provided: "{target_id}" (Note:
> REPLAN signals do not require a Target ID
< and will show "N/A")

- Content/Reason provided: "{reason}"

Below is the FULL EXECUTION LOG of what the
<> Worker did in this cycle:

=== START OF EXECUTION LOG ===
{execution_log}
=== END OF EXECUTION LOG ===

The list of VALID Task IDs in the graph is: {
< valid_ids}

Please analyze the "Content/Reason”, "Target ID",
— and "Execution Log" carefully.
IMPORTANT: If the Execution Log contains the
— answer (even if found via self-correction
< ), ignore any BACKTRACK or REPLAN signal
— and choose ANSWER.

Determine the TRUE INTENT:

1. ANSWER: The Worker has actually found the
< information in the LOG, and misused the
< signal.

2. VALID_BACKTRACK: The signal is BACKTRACK, the
<5 Target ID exists in {valid_ids}, and
< information is still missing.

3. INVALID_BACKTRACK: The signal is BACKTRACK,
< but the Target ID does NOT exist in {
< valid_ids}.

4. REPLAN: The signal is REPLAN, and the reason
< explicitly states a need to change the
< global strategy or search direction.

Output only one word: ANSWER, VALID_BACKTRACK,
— INVALID_BACKTRACK, or REPLAN.

A.2.6 Task Critic Prompts
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[System Prompt]

You are a strict Task Plan Critic. Your goal is
—» to evaluate whether the proposed
— execution plan has sufficient depth and
— logical sequencing.

[User Prompt]
=== Original Query ===
{query}

=== Current Plan ===
{current_plan}

=== Evaluation Criteria ===

Does the plan use “deps™ correctly? (Process
<> tasks MUST NOT have empty deps if they
< process previous data).

If it fails the evaluation, please point out the
<> specific reasons for the lack of depth
< and output "REJECT"” on a single new line
<> at the end. If it passes, output "PASS".

A.2.7 Worker and Feedback Prompts

[Worker Prompt Context]

=== GLOBAL USER GOAL (The Ultimate Objective)
N =

{original_query}

=== CURRENT SUB-TASK OBJECTIVE (Your Job Now)
s ===

{task.arguments['desc']}

{context_str}
{feedback_str}

=== CRITICAL INSTRUCTIONS ===

Please strictly focus on solving the current xx
— Objective*x mentioned above using the
< provided context. The "GLOBAL USER GOAL"
< is provided strictly for background
<> context. Do NOT attempt to answer the
< original user question directly.

[Feedback Prompt]
**PREVIOUS PLAN FAILED#**
The execution agent reported the following
<5 critical issue with the previous plan:
"{feedback}"

Please GENERATE A NEW PLAN that addresses this
—» issue.

- If the previous plan was too simple, make it
— more detailed.

- If the search strategy was wrong, try a
< different angle.

A.3 Case Study: Multi-Constraint Reasoning
and Dynamic Graph Orchestration

A.3.1 Case Study I: Scientific Name
Identification for Endangered Species

This case study demonstrates how the framework
performs long-horizon reasoning under highly en-

tangled constraints spanning demographics, histor-
ical rediscovery records, conservation status, mor-
phology, and geographic distribution. Rather than
relying on a single-pass inference, the framework
dynamically constructs and revises a dependency
graph in which the Planner decomposes the prob-
lem into specialized subtasks, the Worker incre-
mentally explores candidate hypotheses, and the
Judge supervises control-flow decisions such as
backtracking and replanning. The overall execu-
tion proceeds through iterative evidence collection,
cross-task candidate aggregation, and downstream
verification, ultimately enabling the system to dis-
card an initially plausible but incorrect hypothesis
and converge on the correct scientific name through
self-correction.

“This endangered bird is endemic to a
country whose population is projected to
grow between 15 to 20% by 2050. It was
considered to be extinct before it was re-
discovered more than a century later. As
of 2023, its population, primarily threat-
ened by deforestation, is estimated to be
more than 200 mature individuals. Its
skull and beak are relatively larger than
its small body. Its geographical distribu-
tion is limited to less than 10 locations
within the country. As of 2023, what is
the scientific name of this bird?”

1. Execution Flow Overview
The execution log reveals a dynamic, three-
phase reasoning process:

* Phase 1: Global Scouting and Plan Gener-
ation (Planner): The Planner agent initially
attempts to solve the query via global searches
combining multiple constraints. Upon hitting
the maximum step limit (10 steps) without a
definitive answer, it forces the generation of a
5-step dependency graph. It breaks the query
down into demographic search (T1), historical
rediscovery search (T2), morphological and
conservation search (T3), cross-referencing
(T4), and final verification (T5).

* Phase 2: Sub-Task Exploration and Su-
pervisor Intervention (Worker & Judge):
During T2 and T3, the Worker agent identi-
fies strong partial matches, namely the White-
winged Guan (Penelope albipennis) in Peru
and the Night Parrot (Pezoporus occidentalis)
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in Australia. However, noting morphological
mismatches, the Worker triggers a BACKTRACK
signal. The Judge (Supervisor) agent inter-
cepts this signal, analyzes the execution log,
and forces the Worker to output its current
findings (ANSWER verdict) to prevent infinite
loops, pushing the partial candidates down-
stream.

* Phase 3: Deep Verification and Self-
Correction (Task T5): Task T4 prematurely
concludes that Penelope albipennis is the an-
swer. However, in Task TS5 (Final Verifi-
cation), the Worker agent rigorously checks
the morphological constraint (“relatively large
skull and beak”) against the candidate. Realiz-
ing the mismatch, the agent performs an exact-
phrase search, discovers the Forest Owlet
(Athene blewitti), and independently verifies
all constraints against India’s demographics,
correcting the upstream error.

2. Key Execution Highlights

Below are selected excerpts from the execution
log that highlight the framework’s task decompo-
sition, self-correcting mechanisms, and the Judge
agent’s arbitration.

Highlight A: Task Decomposition (Planner Out-
put) After the initial global scouting fails to yield
a direct answer, the Planner agent decomposes the
complex query into a structured Directed Acyclic
Graph (DAG) of sub-tasks. This plan explicitly
separates the demographic filtering (T1) from the
biological characteristic searches (T2, T3), before
merging them for cross-referencing (T4).

[INFO] - Planner forced submission (Attempt 1):
{
"tasks": [
{"id": "T1", "type": "search", "deps": [],
"desc”: "Search for countries with
— population projected to grow 15-20% by
<~ 2050..."3},
{"id": "T2", "type": "search"”, "deps": ["T1
= 27,
"desc”: "Search for endangered birds
<> rediscovered after 100+ years in
< candidate countries from T1..."},
{"id": "T3", "type": "search"”, "deps": ["T1
Lﬁ "])
"desc"”: "Search for birds with 'large skull
< and beak relative to body', '
<> deforestation threat', 'population 200
< mature individuals', 'limited to less
<> than 10 locations' in candidate countries

N n}’
{"id“: ”T4”, "type": ”prOCeSS“, "deps": [”TZ
SN n’ "T3":|,

"desc": "Process: Cross-reference results
< from T2 and T3 to identify the specific
< bird matching all criteria..."},
{Hidﬂ: HTSH’ "type": Hsearch"’ Hdeps”: [HT4
SN n]’

"desc": "Search for scientific name of the

— identified bird from T4, verify with
< authoritative sources like IUCN Red List
— ..."}

]

}
[INFO] - Plan passed Critic validation on the

— first try!

Highlight B: The Judge Agent Preventing Dead-
Ends During Task T2, the Worker becomes un-
sure whether to proceed with the Night Parrot or
the White-winged Guan and attempts to backtrack
to the parent node. The Judge agent evaluates the
log and enforces forward momentum.

[INFO] - Processing signal [backtrack] from Task
— [T2]

[INFO] - Judge Thinking:

The Worker has searched extensively and
— identified two primary candidates: Night
< Parrot from Australia and White-winged
< Guan from Peru. The Worker is
< backtracking because it needs further
< guidance or validation...

The instruction says: "IMPORTANT: If the
— Execution Log contains the answer (even
< if found via self-correction), ignore any
<> BACKTRACK or REPLAN signal and choose
<> ANSWER."

. The Worker has compiled a list of potential

> birds and even scored them. It has
< identified two primary candidates. For
<5 the sub-task of searching, this might be
— sufficient as an answer.

Final decision: ANSWER.

Highlight C: Exact-Phrase Verification Leading
to Self-Correction (Task T5) Task T4 passes
Penelope albipennis as the presumed answer. In
Task TS5, the Worker agent tests the morphological
hypothesis. Realizing the White-winged Guan is a
large bird (85 cm), it searches for the exact phrase
from the prompt, which dramatically pivots the
investigation towards the correct answer.

[Task T5] Thinking Content:

Now check the "large skull and beak relative to

< small body" characteristic. This may be a
— morphological trait. Search.

The specific trait "skull and beak are
< relatively larger than its small body”
— might be a description from a particular
<5 source. Let's search more specifically.
[Step 5 Action]: Call search({'query': ['"
< relatively large skull and beak" bird'1})

Interesting. The phrase "relatively large skull
< and beak” appears in the Forest Owlet
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<> description. That bird is also

— rediscovered after a century? Let's check
<> Forest Owlet (Heteroglaux blewitti or
—> Athene blewitti). It's an Indian bird,

— endemic to India. India's population
growth projection 20507 Let's check.

!

Highlight D: Final Synthesis and Overriding
Upstream Errors Once the Forest Owlet is dis-
covered, the Worker agent methodically validates
all six constraints, mathematically proving that In-
dia fits the demographic constraint and effectively
rejecting the flawed output from Task T4.

[Task T5] Thinking Content:
Let's compile evidence for each criterion:
1. Endangered bird endemic to a country whose
population projected to grow 15-20% by
2050. Country: India. 2023 population
~1.438 billion, 2050 projection ~1.68
billion (UN). Increase = 242 million,
percentage = 242/1438 = 16.8%. That's
within 15-20%.
2. Considered extinct before rediscovery more
< than a century later. Forest owlet
<> discovered 1872, last seen 1884,
— rediscovered 1997 (113 years).

RSN

Thus the correct bird is Forest Owlet (Athene
<5 blewitti). The previous task T4
— incorrectly identified White-winged Guan
~ ... We'll include candidate 1: Athene
— blewitti (Forest Owlet). Candidate 2:
<> Penelope albipennis (White-winged Guan)
— but with lower score because mismatched
<5 small body trait.

[Task T5] <answer>

Rank: 1

Score: 10

Answer: Athene blewitti

Reason: Matches all criteria: 1) Endemic to
India, whose population is projected to
grow ~16% by 2050... 2) Rediscovered in
1997 after being missing since 1884 (113

RN

— years)... 5) Morphology: "They have a
— relatively large skull and beak” for its
— small (23 cm) body...

</answer>

3. Case Study Conclusion

This case clearly demonstrates the necessity of
a modular, multi-agent architecture for deep rea-
soning. A standard single-pass LLM would likely
hallucinate a connection between the Night Par-
rot and the morphological constraints, or force the
White-winged Guan to fit the description. By de-
coupling the search, processing, and strict verifica-
tion phases—and employing a Judge agent to pre-
vent getting stuck in local optima—the framework
allows downstream verification tasks to critically
evaluate and completely rewrite flawed upstream
assumptions based on newly discovered, highly-

specific evidence.

A.3.2 Case Study II: Multi-Agent Arbitration
and Recursive Graph Replanning

This case study highlights the framework’s ability
to coordinate multi-agent reasoning under uncer-
tainty when the initial search trajectory becomes
invalid. The query requires connecting multiple
loosely coupled entities across organizational pol-
icy, law enforcement strategy, and civic initiatives,
including a police development program named
after a solar body, the Cincinnati Police PIVOT ini-
tiative, and the overarching agenda title “ACT for
Cincy.” Unlike the previous case, where the main
challenge lies in evidence verification, this exam-
ple emphasizes control-flow arbitration, recursive
replanning, and dynamic graph restructuring. The
framework incrementally refines its search direc-
tion through Judge-mediated supervision, enabling
the system to recover from failed assumptions and
redirect the reasoning trajectory toward the correct
institutional context.

This individual co-authored an article
published in May 2019 in the American
Chemical Society’s journal, Analytical
Chemistry. The article focused on re-
search utilizing mass spectrometer imag-
ing. As of 2023, this person served as
the head of a department at a university
in Ghana. In that same year, a govern-
ment ministry in Ghana partnered with
an international development organiza-
tion to provide support for four univer-
sities. This international development
organization was owned by 187 coun-
tries as of 2012. The university where
the head of the department worked was
one of the four institutions to benefit from
this support, and he accepted the assis-
tance on behalf of his department. What
is the name of this person?

1. Execution Flow Overview

The execution trace reveals a four-stage orches-
tration process involving task decomposition, failed
hypothesis exploration, Judge arbitration, and re-
cursive graph replanning:

* Phase 1: Initial Scouting and Graph Con-
struction (Planner): After several unsuccess-
ful global searches, the Planner agent gener-
ates a structured 4-step DAG to separate ini-
tiative identification, police program analysis,
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linkage extraction, and final agenda synthesis.
The plan decomposes the query into indepen-
dent search tasks (T1, T2), an intermediate
reasoning task (T3), and a final synthesis task
(T4).

* Phase 2: Local Exploration Failure
(Worker): During Task T1, the Worker agent
repeatedly searches for a law-enforcement ini-
tiative named after a solar body within a nar-
row geographic and linguistic scope. Despite
extensive retrieval attempts, no candidate sat-
isfies all constraints, leading the Worker to
enter a local dead-end.

¢ Phase 3: Judge Arbitration and Signal Vali-
dation (Judge): The Worker initially attempts
to escape the dead-end via a BACKTRACK signal
targeting PARENT. The Judge agent rejects this
request because the target does not correspond
to any valid node in the active task graph. Af-
ter additional failed exploration, the Worker
escalates to a REPLAN signal with explicit jus-
tification that the global search strategy itself
is flawed. The Judge validates the signal and
authorizes graph restructuring.

* Phase 4: Recursive Replanning and Strat-
egy Pivot (Orchestrator): Following the ap-
proved REPLAN, the Orchestrator resets the ex-
isting task graph and redirects the reasoning
process toward a new jurisdictional context
centered on Cincinnati. This strategic pivot
enables downstream tasks to correctly align
the police initiative, organizational agenda,
and civic campaign under the “ACT for Cincy”
framework.

2. Key Execution Highlights

The following excerpts illustrate how the
framework performs graph construction, validates
control-flow signals, and dynamically revises rea-
soning strategies during execution.

Highlight A: Initial Task Decomposition (Plan-
ner Output) After the initial global scouting
phase fails to directly resolve the query, the Plan-
ner agent generates a structured DAG that explicitly
separates entity discovery from relationship synthe-
sis.

{

"tasks": [
Hidll: IIT1 Il’ thpe”: llsearchll’ Ildeps“: [],

"desc": "Search for initiatives named after
< solar bodies launched 2006-2011 with >50
< officers joining in 2019..."},

"id": "T2", "type": "search”, "deps”: [1,

"desc”: "Search for Cincinnati Police PIVOT
< initiative details, leadership
—» statements, and strategic goals..."},

{"id": "T3", "type": "process”, "deps": ["T1
o ", "T2"],

"desc”: "Identify organizational or

— strategic connections between the solar-

< body initiative and the PIVOT framework
— ..."3},

{"id": "T4", "type": "process"”, "deps": ["T3
— "],
"desc”: "Synthesize the final overarching
<> agenda title connecting all retrieved
<> evidence."}
1

}
[INFO] - Plan passed Critic validation.

Highlight B: Judge Rejecting an Invalid Back-
track While executing Task T1, the Worker agent
becomes trapped in a low-confidence search trajec-
tory and attempts to backtrack to a non-indexable
parent node. The Judge agent verifies the active
graph state and rejects the request because the spec-
ified target is not a valid task identifier.

[INFO] - Processing signal [backtrack] from Task
— [T1]

[INFO] - Judge Thinking:

The signal is BACKTRACK. Target ID provided is "
<> PARENT".

The list of VALID Task IDs is: ['T1',
—  'T4'].

"PARENT” is not in this list, therefore the
— backtrack target is not verified.

'T2', 'T3',

[INFO] - Judge Verdict: [INVALID_BACKTRACK]

Highlight C: Recursive Replanning Triggered
by Strategy Failure After repeated unsuccessful
searches, the Worker concludes that the issue is
no longer local exploration failure but an incorrect
global assumption about the search space. It there-
fore emits a REPLAN signal requesting graph-level
restructuring.

[INFO] - Processing signal [replan] from Task [
— T1]

[INFO] - Judge Thinking:

The Worker triggered a REPLAN.

Reason: "Extensive searching has failed to
<> locate the programme. ..

suspect premise may be incorrect... need to
> reconsider search direction.”
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The log confirms multiple failed searches and
—> exhausted retrieval attempts.

The signal explicitly states a need to change
—» the global reasoning strategy.

[INFO] - Judge Verdict: [REPLAN]
[INFO] - [Orchestrator] Executing REPLAN 1 (Task
<> Graph Reset)

Highlight D: Graph Reset and Jurisdictional
Pivot Once the replanning request is approved,
the Orchestrator resets the existing execution graph
and redirects the search process toward a new insti-
tutional context. This transition shifts the reasoning
trajectory from an incorrect UK-centric assumption
toward the correct Cincinnati-centered policy envi-
ronment.

[INFO] - Orchestrator resetting stale task graph

[INFO] - Previous execution path marked as
— exhausted.

[INFO] - Reconstructing dependency graph with
— revised search scope:

- Focus jurisdiction: Cincinnati, Ohio

- Target entities: PIVOT initiative, civic
<> agenda alignment

- Objective: identify umbrella strategic
— framework

[INFO] - Worker resumed execution under updated
< graph configuration.

[Task T4] <answer>

Answer: ACT for Cincy

Reason: The Cincinnati Police PIVOT initiative
— and associated

organizational development programs are aligned
— under the

broader ACT for Cincy strategic agenda.

</answer>

3. Case Study Conclusion

This case study demonstrates that robust reason-
ing systems require not only strong retrieval and
synthesis capabilities, but also reliable control-flow
governance mechanisms. Unlike traditional single-
agent pipelines that may persist indefinitely within
an invalid search trajectory, the proposed frame-
work enables explicit arbitration over execution
signals such as BACKTRACK and REPLAN. By vali-
dating graph transitions, rejecting malformed con-
trol requests, and dynamically reconstructing task
dependencies when global assumptions fail, the
framework maintains forward progress while avoid-
ing search stagnation and hallucinated conclusions.
The final result illustrates how recursive graph opti-
mization allows the system to recover from an ini-
tially incorrect reasoning direction and ultimately
converge on the correct agenda title, ACT for Cincy.

A.3.3 Case Study III: Limitations of the Logic
Tree Paradigm in High-Entropy Search

While the Logic Tree (DAG-based) orchestration
framework excels at delegating well-structured and
highly decomposable tasks, this case study high-
lights its architectural constraints when navigating
multi-constraint, interdependent reasoning scenar-
ios. The query requires the system to identify a
long-tail entity (a surviving spouse) by reverse-
engineering a highly specific set of temporal and
circumstantial constraints—such as a parent’s death
timeline, specific disease duration, and discrete
family events. Although the Logic Tree attempts to
systematically divide the search space, the execu-
tion log reveals several inherent bottlenecks in iso-
lated parallel execution, offering valuable insights
for future architectural refinements.

An initiative was launched for police
officers named after a solar body. It
started sometime before 2011 but after
2006, and it involves skills development
and talent-spotting for officers to enter
senior and management positions. In
2019, over 50 officers joined this initia-
tive. Another policing division manages
a pivot team, and the lead on this division
states that these pivot teams will improve
the quality of investigations, addressing
more short-term things. All of these ini-
tiatives (including others) form part of a
greater agenda. Please provide only the
title of the agenda.

1. Structural Bottlenecks Observed

The execution trace demonstrates how the rigid
nature of the standard Logic Tree can hinder dy-
namic problem-solving under uncertainty. The pri-
mary challenges observed include:

* Information Siloing in Parallel Execution:
The Logic Tree heavily relies on the assump-
tion that complex tasks can be orthogonally
decoupled. In this trace, the search for the
blog post (T1) and the search for the phil-
anthropic foundation (T2) are executed in
isolation. Consequently, the agents fail to
perform “weak-signal” collaboration—they
cannot share intermediate, partial clues to
dynamically constrain each other’s search
spaces, leading to an uncontrolled breadth-
first search.
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* Brittle State Transitions and Backtrack
Failures: Existing tree-based routing often de-
pends on strictly predefined node IDs. When
the Worker agent recognizes a local dead-end
and attempts a semantic fallback by emitting
a BACKTRACK signal to a generalized PARENT
node, the Judge strictly enforces the static
graph topology. The rejection of this signal
(CINVALID_BACKTRACK]) strips the agent of
its local error-correction capability, forcing a
computationally expensive global REPLAN.

* Resource Exhaustion via Greedy Explo-
ration: The isolated nodes lack a global sense
of “absence of evidence.” Without an early-
stopping mechanism based on information
gain, the Worker mechanistically consumes
over 100k tokens parsing highly irrelevant so-
cial media pages before finally triggering a
TOKEN_EXCEEDS runtime error.

¢ Semantic Rigidity in Sub-task Formulation:
The Planner struggles to abstract the nuanced
narrative into high-level search strategies, in-
stead flattening complex constraints into rigid
keyword strings (e.g., concatenating exact
years with “attended my wedding”). This
prevents the system from pivoting to more
conceptual or inferential retrieval strategies.

2. Key Execution Highlights

The following excerpts illustrate the friction be-
tween the framework’s strict graph governance and
the fluid nature of complex exploratory reasoning.

Highlight A: The Brittle Backtrack Rejection
Trapped in an unproductive search trajectory, the
Worker agent attempts a natural fallback to its par-
ent context. However, the Judge agent’s rigid ad-
herence to the explicit DAG structure blocks this
recovery mechanism.

[INFO] - Processing signal [backtrack] from Task
— [T1]

[INFO] - Judge Thinking:

The Worker triggered a BACKTRACK signal with
< Target ID "PARENT".

The valid Task IDs are ['T1',
— 'T5', 'T6'].

Since "PARENT” is not explicitly in this list,
— it does not exist.

'T2', 'T3', 'T4',

[INFO] - Judge Verdict: [INVALID_BACKTRACK]

Highlight B: Token Exhaustion and Endless
Replanning Denied the ability to perform a
localized backtrack, the system falls into a cy-
cle of exhaustive searching followed by repeated
global graph resets, heavily taxing computational
resources without achieving convergence.

[INFO] - Processing signal [replan] from Task [
— T2]

[INFO] - Judge Thinking:

The Worker triggered a signal: [REPLAN] with
— Target ID "N/A".

Reason: "Sub-task T2 failed due to TOKEN_EXCEEDS.
—> Detail: No answer

found after 110592 tokens consumed. Please adopt
< a DIFFERENT search

strategy or simplify the sub-task.”

[INFO] - Judge Verdict: [REPLAN]
[INFO] - [Orchestrator] Executing REPLAN 4

3. Directions for Future Improvement

The limitations observed in this trace do not in-
validate the Logic Tree approach but rather high-
light the necessity for a more adaptive and per-
meable graph architecture. Future iterations of the
framework could be significantly enhanced through
the following mechanisms:

* Cross-Node Message Passing: Transition-
ing from strictly isolated parallel nodes to a
communicative graph would allow active sub-
tasks to broadcast intermediate findings. This
would enable dynamic search-space pruning,
where discoveries in T1 actively constrain the
parameters of T2 in real-time.

* Semantic Topological Routing: Relaxing
the hardcoded ID constraints in favor of se-
mantic back-tracking would allow agents to
navigate the reasoning tree more naturally.
Permitting conceptual targets like PARENT or
PREVIOUS_STATE would significantly reduce
the occurrence of catastrophic global replans.

* Knowledge-Augmented Execution Path-
ways: Integrating external structured knowl-
edge (e.g., domain-specific Knowledge
Graphs) directly into the execution flow could
provide a stabilizing “anchor” for the Logic
Tree. By grounding the reasoning chains in
verified relational triples, the system could
pre-evaluate the viability of a sub-task’s
search space, proactively halting greedy ex-
ploration before token exhaustion occurs.
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