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Abstract

While Large Language Models (LLMs) offer
promise in scientific discovery, leveraging LLMs
to drive biomedical research requires the scientific
discovery process to be performed in combination
with cutting-edge biomedical research and rigorous
mechanistic causal chains. As such, both current
Retrieval-augmented generation methods lacking
causal reasoning capabilities, and the static tradi-
tional knowledge graphs failing to reflect evolving
scientific knowledge, present obstacles to utilizing
LLMs as scientific discovery tools. In response to
these ongoing challenges, we present THGAgents.
THGAGgents utilize collaborative and dynamically
updating agents to build a Traceable Causal Knowl-
edge Graph, which serves as the foundation for
the evidence-based knowledge structure. Cru-
cially, we employ an LLM-driven heuristic search
algorithm to traverse the complex network, bal-
ancing both novelty and rigor to deduce strict,
evidence-based mechanistic causal chains. Addi-
tionally, THGAgents utilize a generator-critic loop
to support hypothesis refinement. In experimental
benchmarks across both cancer systems and neuro-
science, THGAgents achieved up to a 0.80 hit rate
in predicting validated scientific discoveries, pro-
viding an almost 9.5% increase in hypothesis qual-
ity scores versus current state-of-the-art systems,
and decreasing the mechanistic hallucination rate
to 1.12%. Our code is available at https://github.
com/yangCode-res/THGAgents/.

1 Introduction

In today’s biomedical research, the quantity of information
available is increasing at an accelerated pace [Bornmann et
al., 2021], outpacing researchers’ ability to read, compre-
hend, and assimilate new findings [Bastian et al., 2010]. Con-
sequently, critical cross-paper connections, such as those be-
tween newly discovered biomedical pathways and existing
medications, are often overlooked, resulting in delayed or
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Figure 1: The dynamic, traceable and grounded resolution of
THGAgents in comparison to bottlenecks of existing paradigms.

missed opportunities for translational research and drug dis-
covery. A compelling demonstration of this latent knowledge
problem emerged during the COVID-19 pandemic: Benev-
olentAI’s knowledge graph, integrating millions of PubMed
papers, identified baricitinib as a potential treatment by un-
covering a hidden antiviral mechanism through AAK1 kinase
inhibition [Richardson et al., 2020]. This Al-driven hypothe-
sis was validated through randomized controlled trials [Kalil
et al., 2021] and received FDA approval [Marconi et al.,
2021], a trajectory from computational inference to clinical
validation that would have been impossible through manual
literature review alone.

Although Large Language Models (LLMs) are attractive
for assisting scientific hypothesis generation [Achiam et al.,
2023; Wiggins and Tejani, 2022; Liu et al., 2024al, there
is a severe misalignment between how LLMs produce out-
puts and how scientists develop hypotheses. LLM outputs
result from linear token prediction, whereas human scien-
tific reasoning is an iterative process of evaluating multi-
ple candidate mechanisms and restructuring reasoning based
on domain knowledge. Consequently, LLMs frequently cre-
ate false connections and scientifically unfounded hypothe-
ses that appear novel but are hallucinations [Ji ef al., 2023;
Huang et al., 2025].

To mitigate these issues, current research primarily fol-
lows two paradigms: knowledge augmentation via RAG and
Knowledge Graphs [Lewis et al., 2020; Hu et al., 2023; Yan
et al., 2024], and workflow simulation via Multi-agent sys-
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tems [D’Arcy et al., 2024; Baek et al., 2025; Su et al., 2024].
However, as demonstrated in Figure 1, these approaches face
critical challenges. Traditional KGs are plagued by latency
and superficiality—static structures lagging behind literature
growth while oversimplifying complex biological processes.
RAG provides external context but relies on semantic match-
ing, lacking mechanistic-level reasoning for causal verifica-
tion. Multi-Agent frameworks can implement iterative refine-
ment but lack rigorous traceability, without evidence-based
structures to anchor their interactions, errors risk cascading
amplification.

Our approach relies on two major components: a Trace-
able Causal Knowledge Graph (TCKG) that can continuously
integrate the latest literature, and an auditable reasoning pro-
cess that uses the TCKG to provide rationale for causal path-
ways. We develop a scalable method for building TCKGs
through collaborative agents that extract, refine, and align
causal structures from real-time literature via a coarse-to-
fine strategy. To ensure reasoning determinism, we introduce
an LLM-driven heuristic search algorithm that navigates the
network with a global perspective, scoring candidates across
multiple dimensions to deduce evidence-based causal chains.
Finally, a generator-critic loop evolves verified pathways into
novel hypotheses and experimental designs, ensuring scien-
tific rigor and logical consistency.

Our main contributions are summarized as follows:

* We propose THGAgents, a framework utilizing collab-
orative agents to dynamically construct TCKGs from
real-time literature, ensuring an up-to-date and traceable
knowledge base.

* We develop an LLM-driven heuristic search algorithm to
navigate the TCKG, deducing rigorous causal chains and
refining hypotheses via a generator-critic loop to ensure
scientific validity.

* We construct a retrospective benchmark to evaluate hy-
pothesis generation. Extensive experiments demonstrate
that our method significantly improves factual ground-
ing and traceability while reducing mechanistic halluci-
nations.

2 Problem Formulation

In this section, we provide a formal definition of the biomedi-
cal hypothesis generation task as a two-stage approach, where
the first stage consists of constructing a query-specific TCKG
using unstructured literature and the second stage involves
reasoning over that TCKG to produce verifiable hypotheses.
As part of the formal definition of the biomedical hypothe-
sis generation task, we will begin by defining the major data
structures associated with the task.

Scientific Corpus and Query LetD = {dy,ds,...,dp|}
be the global collection of biomedical literature (e.g.,
PubMed). V,;; is the global vocabulary or set of all biomed-
ical entities (proteins, diseases, chemicals, etc.) that exist
within the biomedical domain.

Given a specific research query q, the system first retrieves
a relevant subset D, C D. To further break down the docu-
ments contained in the retrieved subset into manageable sec-

tions, we segment each document d; into a series of separate
text chunks C; = {¢;1,¢.2,...,¢im}. We represent all text
chunks retrieved with query g, as C,.

Traceable Causal Knowledge Graph We introduce the
knowledge structure, a directed graph G, = (V, £) which is
grounded in the retrieved text chunks C, with respect to the
query q as TCKG. TCKG consists of:

1. Nodes (V): All biomedical entities such as proteins and
phenotypes that were extracted from C,;, mapped to a
single terminology system (V).

2. Edges (£): Each edge has a different definition from
those of traditional knowledge graphs. Specifically, ev-
ery edge is a quadruple e = (u,r,v,w) € E. Here,
w C C, is the provenance of the edge, indicating where
the evidence for establishing the relationship exists and
that the relationship can be-traced back to the original
text chunks.

3. Types of Relationships (R): Relationships can either
be correlations (i.e., u relates to v) or causal relation-
ships (i.e., u causes v). Thus, we used two distinct re-
lationship sub-types: symmetric associations (Ry;) and
asymmetric causal effects (Requsqi). A relationship
with r € Requsqar implies there is a directed relation-
ship (u. — v) supported by evidence gathered from the
extraction confidence, whereas r € Ry; indicates both u
and v are correlated.

Hypothesis Generation Task The goal of our system is to
generate a scientific hypothesis ' comprising a natural lan-
guage statement and an experimental plan. We formulate this
as a path-constrained generation problem.

First, we aim to construct TCKG G, from unstructured
chunks Cy:

gq = fconstrucl(cqa Q)a (1)
where feonswuce denotes the collaborative extraction and align-
ment process from respective agent modules.

Next, the collection of reasoning paths is represented as
aset I = {m,...,m;} from G,. The set contains paths
m; constructed from the collections of entities as well as the
causal relationships for each reasoning path from the query-
anchored nodes. The purpose of this step is to derive the best
hypothesis H*, with accordance to maximizing the following
equation:

H* = arg max Z P(H |7, wx,q) - P(m|Ggq). (2
well

Here, the term P(m | Gy, q) indicates how logically com-
pelling and innovative a particular reasoning path is, and
P(H | 7,wy,q) models the generation likelihood of deriv-
ing the hypothesized result from the information provided in
the particular reasoning path along with its related evidential
support w.

3 The THGAgents Framework

3.1 System Overview

We present THGAgents, a multi-agent framework for au-
tomating the creation of traceable biomedical hypotheses. As



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Traceable Causal Graph Construction

R A 'l 9» g g3

i | : Chunk-Level Collaborative 1

I A UsersQuery — @ @ @ Ly L Extraction Agent :' iy v

. i e b e R e ) Causal

: Query — Key Entmesl - ->| 5¢Two-Step Parallel Extraction |I ! Refinement
Clarification /__Chunks |- worStep araTe” Pxfraction i v v v

[ U N e U —>1

|

1 I I B
Q Review Search —>. @ . |%I - ‘>|; Coordinator Rectification _,II i
__________ P!
l - L

[ Critic Agent .Candtdate. 7777777777777777777777777777777777777777777

| HGAgent i P . LLM-Pruned Search Score
i i ath,(V1)© © ©Ci, )< LLY-I'Tuned Searcn
' @ ér Sess =Sraw —w- Py 1

Evaluation 1 Hypoth sm. !
A >_P_le_u;S_ . Context Englneermg‘ e !.

:> Nov.

1> Trace. >Test. ! X
Result Spee. »Safe] o e ement ‘
Figure 2: The overall architecture of the THGAgents framework. The workflow consists of three integrated phases: (1) TCKG Construc-
tion: A multi-agent team extracts triplets from literature chunks, refines causal directionality, and performs global alignment to build the
TCKG. (2) Path-Based Graph Reasoning: Starting from query-anchored entities, the reasoning agent utilizes an LLM-pruned heuristic
search—incorporating an effective scoring method and a dynamic penalty map to deduce rigorous mechanistic causal chains. (3) Iterative
Hypothesis Generation: Validated paths are synthesized into candidate hypotheses, which undergo adversarial evaluation and refinement via
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a generator-critic loop to ensure scientific rigor and grounding.

depicted in Figure 2, the framework could be organized into
three parts that communicate with one another using a shared
memory structure and follow a pipeline architecture. The
workflow of THGAgents consists of three phases that run in
sequential order: (1) TCKG construction, which involves the
conversion of unstructured literature into TCKGs, (2) Path-
Based Reasoning, where mechanistic causal chains are dis-
covered and validated, and (3) Iterative Hypothesis Genera-
tion, which generates and revises the final hypotheses.

3.2 Traceable Causal Graph Construction

This phase transforms retrieved documents D, into TCKG
G,. We break this process down into three hierarchical steps:
chunk-level collaborative extraction, causal directionality re-
finement, and global alignment.

Chunk-Level Collaborative Extraction To resolve the
problem of entity-relation misalignment that typically occurs
in long texts, we implement a multi-agent team approach
where each text chunk ¢; € C, is parsed into a local subgraph.
Collaborative Rectification mechanism:

1. Two-Step Parallel Extraction: Rather than performing
single-pass operations, both the Entity Agent and Rela-
tion Agent carry out their tasks in parallel in a coarse-to-
fine manner. Both agents scan the context to identify the
existence of specific entity types (e.g., chemicals) and
relation types (e.g., up-regulation). Conditioned on the
detected types, they can conduct targeted extraction of
actual biomedical terms and predicate types of the inter-
actions. After terms and types are identified, the agents
then source the extracted triplets from the source docu-
ments and maintain traceability of the subgraphs.

2. Coordinator Rectification: A Coordinator Agent col-
lects the parallel results and constructs valid triplets. It
performs argument assignment of the extracted entities

to the head and tail slots of identified relations. Where
there may be multiple possible candidates for head or tail
entities, the coordinator agent will then utilize an LLM-
based adjudication process to identify which entities are
the best candidates based on semantic context. Addi-
tionally, to completely eliminate probable hallucinated
relations, any triplet identified as incomplete (i.e., does
not have both head and tail connected to the identified
relation) after the adjudication process is discarded from
the final subgraph g;.

Causal Directionality Refinement We perform causal re-
finement prior to merging each subgraph g;. The Causal
Critic Agent evaluates the surrounding semantic context of
each extracted triplet in order to measure how much influ-
ence an extracted triplet has on one or more entities. The
causal critic agent can therefore discriminate between mech-
anistic correlation and causation. We classify edges into bidi-
rectional associations (u <> v) or unidirectional causal ef-
fects (v — v). This process is crucial for filtering out mere
co-occurrences that may confuse experimental design.

Global Alignment Agent To unify subgraphs {g; } into G,
we implement an efficient incremental alignment strategy:

1. Semantic Encoding: We utilize SapBERT [Liu er al.,
2021] to generate initial embeddings for each entity,
which provides superior capture of fine-grained biomed-
ical semantics. For nodes within a local subgraph, their
representations are briefly aggregated with immediate
neighbors to retain basic relational information.

2. Incremental Subgraph Fusion: Subgraphs are inte-
grated into the global graph sequentially. To optimize
efficiency, the smaller subgraph acts as an anchor to find
potential matches within the existing global structure.

3. Coarse-to-Fine Adjudication: For each node in the an-
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chor subgraph, a vector-based coarse search retrieves
the top-k most similar candidates, followed by an LLM-
based fine adjudication for final identity alignment. This
reduces LLM invocation overhead and supports real-
time TCKG updates.

Eventually, we synthesize the local refined subgraphs into a
single unified graph G,. This space will provide navigation
for the following reasoning process.

3.3 Path-Based Graph Reasoning

The next phase of the process involves traversing the causal
model of all entities in the graph G, to find all legitimate rea-
soning chains from one or more core entities of a user query
q. We introduce a hybrid anchoring-and-search mechanism
for seeking the best paths to each entity for analysis.

Hybrid Query Anchoring The first thing the Reasoning
Agent does when receiving a user query q is to determine the
core entities and which graph nodes they should be linked to
as V. To provide access to all potential core entities, we use
a hybrid linking strategy that incorporates both the idea of
lexical distance with semantic similarity.

For each query keyword k and each node v in TCKG, we
compute a composite score:

Slink(kv U) = Q- Simlex(ky ’U) + (1 - a) . Simsem(hk’; hv)a (3)
where Simyex denotes the lexical overlap and Simg, de-
notes the cosine similarity between their embeddings. Subse-
quently, the LLM performs an adjudication process on these
candidates to resolve ambiguities and verify their alignment
with the query context. The finalized nodes form the anchor
set V. These verified nodes serve as the entry points for sub-
sequent graph reasoning.

LLM-Pruned Heuristic Search As formalized in Algo-
rithm 1, we perform a multi-hop search starting from the iden-
tified anchor set V,. To efficiently navigate TCKG and pre-
vent logical drift, we introduce a dynamic scoring method.

At each expansion step, the reasoning agent performs batch
adjudication on candidate neighbors. To each transition, the
agent evaluates the next step by synthesizing the user query
q, the preceding reasoning chain .., and the supporting
evidence chunk w,. A raw validity score is assigned based on
three critical scientific dimensions: plausibility, novelty and
testability. Crucially, to learn from dead ends and avoid repet-
itive failures, we calculate an effective score (Scys) by sub-
tracting a dynamic penalty term P[v] from raw LLM score.

The search greedily expands the branch with the highest
Seyry. If the best candidate fails to meet the validity thresh-
old, the branch is pruned, and the penalty P[v,q¢] is incre-
mented to inhibit future traversal. This ensures that the sys-
tem self-corrects during exploration, filtering out irrelevant
connections while focusing resources on the most scientifi-
cally meaningful chains.

3.4 Iterative Hypothesis Generation

As a final step in the iterative hypothesis-generation process,
all of the valid hypotheses from the previous steps are com-
bined into one coherent scientific proposal. For this phase,
we use the generator-critic loop, which reflects the iterative
process of synthesis and refinement.

Algorithm 1 LLM-Pruned Heuristic Search

Input: Graph TCKG, Query ¢, Depth d, Weights {w, A, 7}
QOutput: Set of Validated Paths IT*

: Initialize: IT* < (), Initial nodes V, < Anchor(q)

: Initialize penalties P[v] < 0,Yv € V

: for all vgop € V, do

SEARCH(T cyrr = [Ustart])

: end for

: return II*

7: Function SEARCH(T¢yrr-)

8: if |Teyrr| = d then

9:  II* < II* U {mcyrr } {Goal reached}

10:  return

11: end if

12: N+ GetNeighbors(Last(m ey )\ Tewrr

13: Spaw ¢ LLM;ydge (N | ¢, Tewrr) {LLM Scoring}

14: Scfp < Spqw — w - Por {Apply Penalty }

15: if maX(Seff) > 71 then

16:  Sort Nyaiiq by Se 7 descending {Prioritize best can-

didates}
17: for all v,,ept € Nyaria do
18: SEARCH T curr U {Unext })
19:  end for
20: else

21:  Plv] <= P[v] + A\, Vv € 7oy {Backtrack Penalty }
22: end if
23: End Function

Evidence-Aware Synthesis The Writer Agent acts as the
generator, integrating the structured path information IT* with
their source evidence chunks w. By performing contextual in-
tegration, the agent generates a comprehensive output pack-
age containing: (i) a candidate hypothesis describing the
mechanism; (ii) an estimated confidence score; and (iii) a de-
tailed experimental plan for verification. This step ensures the
generation is strictly conditioned on retrieved facts, modeled
as Heqng ~ Pgen('|H*aW)-

Critic-Driven Refinement To ensure scientific rigor, we
establish an adversarial feedback loop. A Critic Agent eval-
vates H.qnq against dimensions such as groundedness and
novelty. If the quality score falls below a threshold, the Critic
provides textual feedback, prompting the Writer to regenerate
the hypothesis. This iterative optimization continues until the
hypothesis is deemed logically sound and supported by the
evidence, yielding the final refined hypothesis H ;y,q4.

4 Experiments

4.1 Benchmark

We assess THGAgents from a temporal perspective by creat-
ing a temporal split benchmark that emulates forward-leaning
discovery. To ensure that we align the model’s knowledge
boundaries with those of many models (e.g., GPT-40), we
established a cutoff date of October 2023. We selected 60
queries from “research gaps” we identified in 30 PubMed
reviews (January 2021 - September 2023). To strictly pre-
vent data leakage, our system’s retrieval scope was restricted
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exclusively to literature published prior to this cutoff, ensur-
ing the model deduces insights without accessing future ev-
idence. Ground truth was established using empirical stud-
ies published after October 2023 that resolved these specific
gaps.

In order to assess generalizability across disciplines, the
benchmark evaluates two of the most complex and rapidly
evolving research areas: Cancer Immunotherapy (focusing
on immune evasion) and Neuroscience (focusing on the gut-
microbiome-brain axis). Both areas present excellent envi-
ronments for validating automated hypothesis generation due
to their mechanistic complexity and rapid pace of discovery.

To minimize the impact of evaluator bias and to achieve
the best level of rigor in our evaluation, our evaluation pro-
cess uses the independent expert committee model. Instead
of using aggregate scoring methods that utilize averaging and
voting, which can create potential bias in evaluators, we have
taken evaluations from numerous frontier LLMs (including,
but not limited to, GPT-5, Gemini-3 Pro and DeepSeek-V3.2
[Singh et al., 2025; Google, 2025; Liu et al., 2025]) and treat
them as separate independent expert judges. Furthermore,
to validate the reliability of LLM-based evaluation, we con-
ducted a human evaluation study with four independent do-
main experts (Section 4.6), demonstrating strong agreement
with the LLM judges.

Our system generates a set of three candidate hypotheses
H = {hq, ho, hs} for each query and evaluates them against
the ground truth 7" and biomedical knowledge K from inde-
pendent judges j € 7.

Hit Rate (HR): Measures the degree to which H logically
aligns with ground truth 7". HR of H is computed as:

HR; = Enaé((Scorej(h ~T)) € [0,1]. @)
1€

Mechanistic Hallucination Rate (MHR): Quantifies the
average number of mechanistic errors across H. Let My
represent the set of N atomic mechanisms that make up hy-
pothesis h, and I(-) represent an indicator function that re-
turns a value of 1 if mechanism m contradicts the established
biomedical knowledge base K. MHR of H is computed as:

1 1
MHR; = ] Z(T\r > I(mlK)). (5)
heH meMp
Quality Score (QS): Every judge will utilize a 5-point
Likert scale across six dimensions D (Novelty, Plausibility,
Grounding, Testability, Specificity, and Safety and Ethics).
QS of H is computed as:

1 1
QS; = g > (5 D _(Score;(d)). 6)
heH =~ deD
Finally, we will provide independent scores from judges in
order to demonstrate that the superior performance of the sys-
tem is recognized consistently across different expert models.

4.2 Experimental Setup

Baseline THGAgents’ effectiveness will be tested against
four typical baseline comparisons. Parametric [Wei et al.,
2022] relies exclusively on the LLM’s pre-trained parametric

knowledge without accessing external databases. NaiveRAG
[Gao et al., 2023] retrieves the top-k semantically similar
text chunks via vector embeddings to provide unstructured
external context. LightRAG [Guo et al., 2024] combines lo-
cal structural context of the entities in addition to the textual
context retrieved by the RAG method. Finally, ResearchA-
gent [Baek er al., 2025] utilizes a multi-agent pipeline to gen-
erate and refine ideas using an iterative peer-review process
starting from a key source or paper.

Parameters Settings In building the graph structure, we
included chunks that were 1200 tokens or less in size and
split them at the sentence level. The cosine similarity with a
threshold of 0.5 and Top-K = 5 were used for matching en-
tities. Using the entity linking methodology, we selected the
three most relevant candidate nodes for each entity and set o
= 0.5. The path-based reasoning phase was conducted with a
depth limit d of five paths and a penalty weight w of 0.5, with
three different hypotheses generated for independent verifica-
tion by the committee of experts.

4.3 Main Results

Table 1 presents a comprehensive performance comparison
between THGAgents and various baselines across two dis-
tinct biomedical domains. The HR of THGAgents demon-
strates the potential for generating hypotheses aligned with
later validated discoveries in extremely mechanistically com-
plex fields of cancer immunotherapy and neuroscience in-
volving multi-system interactions. Our method gained the
highest HR in evaluations by all judges. For instance, on
DeepSeek’s evaluation of THGAgents, an unprecedented HR
of 0.80 from Group O was achieved, which far outperformed
the state-of-the-art ResearchAgent. This enables the THGA-
gent framework to show useful support in the studied do-
mains and its capability to handle rapidly changing streams
of information from the most current literature. Addition-
ally, it produces scientific evolutions of theory that extend the
boundaries of information provided in train data. Therefore,
THGAgent produces verifiable hypotheses that closely align
with what is possible for later empirical findings.

Regarding QS, THGAgents also established a significant
advantage. Unlike baselines that often generate general con-
tent lacking logical support, our LLM-based heuristic path
search simulates the stepwise decision-making process of hu-
man scientists. This method provides a means to balance
novelty and plausibility within complex knowledge networks,
ultimately generating high-quality and verifiable hypotheses.
Quantitatively, compared to the best-performing baseline,
THGAgents achieved an approximate 9.5% improvement in
average quality score. It performed particularly well in speci-
ficity and grounding. For instance, it reaches a grounding
score of 4.23 in Group 0 evaluated by Gemini, far exceed-
ing Parametric’s 3.82. Notably, the novelty scores are rela-
tively conservative. This stems from the strict temporal cut-
off. Consequently, judge models with updated knowledge of-
ten perceive our historical-data-driven insights as established
facts rather than novel hypotheses. Despite differences in ar-
chitecture among the four judge models, they reached a con-
sensus on the superiority of THGAgents, which also aligns
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Group 0 Group 1
Method HR QS Nov. Plaus. Grnd. Test. Spec. Safe. HR QS Nov. Plaus. Grnd. Test. Spec. Safe.
Judge: Human Experts (n=4)
Parametric 052 342 250 358 317 4.08 2.67 452 061 338 233 3.67 3.04 400 258 4.67
NaiveRAG 054 340 242 3.63 3.08 4.04 258 467 0.64 334 226 3.71 296 392 250 471
LightRAG 0.56 348 246 3.58 326 4.08 276 471 066 336 229 3.63 3.04 396 254 4.67
ResearchAgent 0.55 3.60 2.76  3.50 358 417 3.17 442 0.67 3.67 267 3.54 3.67 426 342 446
Ours 063 394 292 376 392 438 371 496 071 398 288 379 404 442 388 4.88
Judge: Gemini3-Pro-Preview
Parametric 0.67 377 221 392 382 464 311 489 074 383 208 420 371 477 330 493
NaiveRAG 0.70 3.76 216 397 381 4.68 3.07 484 080 377 203 4.24 3.60 4.64 3.14 497
LightRAG 0.67 3.80 212 393 389 471 326 487 0.82 374 202 4.8 359 458 3.1 496
ResearchAgent 0.64 3.80 2.34 3.71 402 468 344 462 079 400 234 390 409 473 402 4389
Ours 075 396 230 4.04 423 467 384 469 0.82 427 257 401 439 496 4.74 493
Judge: GPT-5
Parametric 049 3.17 240 3.06 287 372 247 450 062 312 227 320 260  3.61 241 4.60
NaiveRAG 050 3.16 238 3.09 282 377 248 444 065 3.11 224 327 259 358 236 4.63
LightRAG 054 3.16 234 3.03 286 371 259 443 0.67 3.08 224 3.26 251 359 229 459
ResearchAgent 0.53 3.13 2.63  2.89 290 3.63 269 403 070 329 258 310 291 372 3.13 428
Ours 0.58 347 290 298 3.03 387 367 438 070 354 278 3.17 312 389 3.67 459
Judge: DeepSeek-V3.2
Parametric 0.58 3.63 243 392 363 428 284 467 058 3.66 243 392 363 428 284 4.88
NaiveRAG 0.63 3.58 233 393 357 420 273 469 064 349 218 398 322 409 266 481
LightRAG 0.57 3.60 232 392 359 422 292 463 059 348 222 394 329 408 254 480
ResearchAgent 0.53 3.84 2.80 3.82 394 462 348 437 0.64 402 261 396 413 496 4.04 439
Ours 0.80 439 399 4.01 468 492 424 449 065 432 334 399 457 498 426 478

Table 1: Quantitative results of THGAgents and baselines across two domains. Scores are reported for Group 0 (Neuroscience) and Group 1
(Cancer Immunotherapy) as assessed by the independent expert committee. Bold values indicate the best results per metric.

with the preferences observed in our human evaluation. De-
spite differences in architecture among the four judge models,
they reached a consensus on the superiority of THGAgents:
This consensus is further validated by human expert evalu-
ation (Section 4.6), with an average ranking correlation of
Kendall’s 7 = 0.80.

4.4 Ablation Studies

To evaluate how well the essential components of the THGA-
gents perform, we conducted an ablation test as shown in Ta-
ble 2. For the THG Agent; . comparison, we replaced the
LLM computation of S. s for goal-directed path selection
with a random walk method. This resulted in a dramatic re-
duction in HR. Without being aided by S, ;s and having no
penalty for choosing dead-end paths, random walk lacks both
goal orientation and a productive means of traversing the in-
tricate causal graph. Therefore, it fails to create original hy-
potheses that are logically related. In the THG Agent,_ com-
parison, we eliminated the Causal Critic Agent, which de-
termines causality versus correlation. Consequently, this ab-
lation treated the graph as a standard undirected knowledge
graph. As a result, this variant exhibited an increased MHR,
which supports the hypothesis that treating biological corre-
lations as co-occurrence causes the model to confuse correla-
tion and causality and to develop likely plausible yet scientif-
ically causality-reversed hypotheses. For the THG Agent, _
comparison, we removed the adversarial feedback mecha-
nism, which resulted in lower QS. While the initial genera-

Group 0 Group 1
Method
HR QS MHR HR QS MHR
THGAgents,_ 0.64 4.14 190 0.60 424 225
THGAgents,_ 0.69 4.17 3.80 0.63 4.19 2.10
THGAgents,._ 0.75 4.04 2.06 0.63 4.10 245
Ours 0.80 439 1.12 0.65 432 1.84

Table 2: Ablation study results across three variants. HR and QS are
evaluated by the DeepSeek-V3.2 judge, while MHR is assessed by
Gemini-3-Flash-Preview.

tion of hypotheses achieved the intended concept, there was
a deficiency in logical depth and evidence that would have
been provided via adversarial feedback. Thus, our study sup-
ports the notion that iterative optimization is instrumental in
the evolution of hypotheses.

4.5 Mechanistic Hallucination Analysis

Figure 3 demonstrates that THGAgents achieves the best bal-
ance between TM and MHR in comparison to the perfor-
mance of the Parametric model, RAGs, and agentic systems.
The highest observed TM for THGAgents demonstrates that
this framework can create accurate, fully mechanistic, coher-
ent hypotheses while simultaneously producing an MHR of
approximately 2.7%, which is the lowest of all. ResearchA-
gent produces an impressive number of mechanisms at a
high TM. Nonetheless, as a general-purpose system, the Re-
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Figure 3: Evaluation of MHR and TM across two groups. The re-
sults are based on evaluations by (a) GPT-5 and (b) Gemini-3-Flash-
Preview. Para., LR, and RA denote Parametric, LightRAG, and Re-
searchAgent, respectively. TM denotes the total count of detected
mechanisms and MHR denotes the mechanistic hallucination rate.

searchAgent does not strictly control for the occurrence of
biomedical hallucinations. As evidence, the ResearchAgent
produced a MHR of approximately 3.9%, which highlights
how the implementation of specific domain causal constraints
helps to maintain the scientific rigor of the hypothesis. How-
ever, due to the limitations of structural identification, the
use of RAGs often leads to broader, more general hypothe-
ses when compared to the previous methods of construct-
ing causal mechanisms. The vast increase in THGAgents’
ability to produce hypotheses that have low or no hallucina-
tions results from our systematic verification process during
TCKG construction phase and primarily the use of a coordi-
nator agent to reject any triplet without an explicit basis in the
source text. In addition, a more rigorous causal relationship
evaluation of the graph construction is done via the causal
critic agent, which distinguishes causation from correlation
in the causal graphs produced.

4.6 Human Evaluation

To validate the reliability of LLM-based evaluation, we con-
ducted a human study with four domain experts (two in can-
cer immunotherapy, two in neuroscience). Experts evaluated
a stratified sample of 30 hypotheses across the six quality
dimensions, blinded to method identities. As shown in Ta-
ble 1, human evaluations closely mirror LLM assessments,
with THGAgents ranked first-across all dimensions. The av-
erage Kendall’s 7 between human and LLM rankings is 0.80,
indicating strong agreement.

5 Related Work

5.1 LLM-Driven Scientific Hypothesis Generation

Recent advancements indicate that LLM-based hypothesis
generation has evolved from standalone generative methods
to knowledge-augmented approaches, and further to auto-
mated multi-agent systems. Early studies focused on produc-
ing and harnessing the creative abilities of LLMs. Findings
from the LLM format examined the ability of LLMs to create
new hypotheses by recombining patterns they learned dur-
ing the pre-training phase incrementally [Zhou et al., 2024;

Qi et al., 2023; Ciuci et al., 2023]. While these models can
produce seemingly plausible scientific narratives, they suf-
fer from a validity gap, often yielding hallucinated mecha-
nistic linkages [Xiong et al., 2025; Si et al., 2024] rather
than actionable scientific leads. To bridge this validity gap,
researchers have introduced external knowledge constraints.
RAG [Li et al., 2024] integrates contextual evidence from
source corpora, while structured approaches such as Causal
Knowledge Graphs [Tong et al., 2024] enforce logical consis-
tency. However, their reliance on static knowledge snapshots
inevitably results in knowledge lag within rapidly evolving
scientific domains. More recently, multi-agent frameworks
have attempted to automate the research workflow [Baek et
al., 2025; Liu et al., 2024b; Ifargan et al., 2025; Hu et al.,
2024] by simulating human collaboration to iteratively refine
ideas. Nevertheless, such iterative processes risk triggering
cascading hallucinations. In this context, existing approaches
generally fail to provide outlined causal mechanisms in spe-
cific evidentiary sentences.  Thus, the underlying reasoning
chain is inadequately specified, requiring more specificity.

5.2 Knowledge Graph Reasoning

KG reasoning aims to infer implicit relations by discovering
interpretable paths that connect query entities. Early work
primarily relied on random walk-based strategies [Lao and
Cohen, 2010; Mazumder and Liu, 2017; Zhu et al., 2023].
While effective, these approaches do not explicitly account
for semantic alignment with the target triple. To address these
limitations, reinforcement learning-based methods cast KG
reasoning as a sequential decision-making problem [Xiong
et-al., 2017; Das et al., 2017; Hou et al., 2021], navigat-
ing graphs with query embeddings. However, these mod-
els may struggle when no finite-length path exists between
the query and target entities. Graph-CoT [Jin et al., 2024]
leverages LLM to conduct step-wise reasoning on graphs, im-
plicitly constraining the search process by selecting coherent
intermediate steps. ToG [Sun et al., 2023] further formu-
lates graph reasoning as an interactive exploration process,
where the LLM proposes and evaluates candidate transitions
to steer the search toward semantically relevant paths. Nev-
ertheless, prior LLM-based methods often lack a global per-
spective. They fail to formulate multi-step KG reasoning as
a controlled search process integrated with query-aware an-
choring and evidence-grounded path validation.

6 Conclusion

We developed the THGAgents framework, which enables rig-
orous and evidence-based hypothesis generation through the
dynamic creation of TCKGs combined with heuristic search-
ing techniques. The results of experiments confirm the ca-
pability of THGAgents to reduce hallucinations and improve
the quality of generated hypotheses, thus demonstrating sig-
nificant potential for advancing biomedical scientific discov-
ery. In future work, we will extend our benchmark to more
biomedical domains and incorporate stronger structural con-
straints to further improve the reliability of the framework.
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