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Abstract

Knowledge Graphs (KGs) serve as a critical
foundation for Al systems, yet their automated
construction inevitably introduces noise, com-
promising data trustworthiness. Existing triple
verification methods, relying on graph embed-
dings or pre-trained language models, often
suffer from single-source bias—ignoring ei-
ther internal structural constraints or external
semantic context—and adhere to a static in-
ference paradigm. Consequently, they strug-
gle to verify complex or long-tail facts and
lack interpretability. To address these limita-
tions, we propose KGV-Agent, a training-free
autonomous agent that reframes triple verifi-
cation as a dynamic process of strategic plan-
ning, active investigation, and evidential rea-
soning. Specifically, KGV-Agent mitigates rea-
soning instability and cold-start issues via a
Memory-Augmented Mechanism and Schema-
Aware Strategic Planning. It then executes an
enhanced ReAct loop equipped with a Hybrid
Knowledge Toolset, dynamically fusing inter-
nal structural logic with external textual ev-
idence for robust cross-verification. Empiri-
cal results across multiple datasets demonstrate
that KGV-Agent establishes new state-of-the-
art performance, while providing transparent,
fact-based evidence chains for every judgment.

1 Introduction

Knowledge Graphs, which encapsulate human
knowledge in the form of structured triples (h, r, t),
serve as the critical cornerstone for Question
Answering systems (Lan et al., 2022), Recom-
mender Systems (Guo et al., 2020), and miti-
gating hallucinations in Large Language Models
(LLMs) (Agrawal et al., 2024; Liu et al., 2025).
Despite the colossal scale of existing KGs (e.g.,
Freebase, Wikidata), their construction predomi-
nantly relies on automated extraction techniques,
which inevitably introduce noise and errors. Such
erroneous triples not only compromise data cred-
ibility (Bian, 2025) but also severely undermine
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Figure 1: Comparisons between previous methods and
our proposed KGV-Agent. Traditional graph embedding
and static LLM methods are limited by a single perspec-
tive and static reasoning, leading to verification failures
(False Positives). However, KGV-Agent successfully
identifies errors by coordinating internal structure and
external text within a dynamic reasoning loop.

the reliability of downstream applications through
error propagation (Liu et al., 2024). Consequently,
achieving accurate and interpretable Triple Veri-
fication has emerged as a paramount and urgent
research challenge (QUDUS et al., 2023).

Traditionally, triple verification and link predic-
tion tasks have relied on Graph Embedding-based
methods (e.g., TransE (Bordes et al., 2013), Ro-
tatE (Sun et al., 2019)), which map structural in-
formation into vector spaces via geometric trans-
formations to compute plausibility, yet they inher-
ently ignore the rich textual semantics of the open
world. Conversely, Pre-trained Language Model
(PLM)-based methods (e.g., KG-BERT (Yao et al.,
2019)) utilize models like BERT for semantic en-
coding and classification but overlook the strong



logical constraints and structural information (e.g.,
Schema, paths) inherent in Knowledge Graphs
(KGs), leading to a dichotomy of information
sources (Pan et al., 2024). Although with the ad-
vent of powerful Large Language Models (LLMs),
Retrieval-Augmented Generation (RAG) methods
have introduced external evidence (Shami et al.,
2025), they predominantly adhere to an inference
paradigm of “single-step reasoning” and “static
retrieval”, failing to conduct the “multi-step inves-
tigation” required for complex logic (Sun et al.,
2023). Furthermore, these methods often operate
as black boxes, lacking interpretability (Luo et al.,
2024). As shown in Figure 1, regarding the erro-
neous triple (Microsoft, Founder, Satya Nadella),
existing methods fail due to high vector similar-
ity or semantic hallucination, whereas KGV-Agent
accurately detects the error via a dynamic “active
investigation and evidential reasoning” process.

To address these limitations, drawing inspiration
from research on LLM Agents, we propose KGV-
Agent, a verification agent driven by schema-aware
planning and hybrid knowledge fusion. We reframe
the triple verification task from a traditional “classi-
fication problem” to a cognitive process of “Strate-
gic Planning — Dynamic Investigation” — Evidential
Reasoning."

Specifically, KGV-Agent simulates the cogni-
tive workflow of a human expert conducting fact-
checking. First, via Memory-Augmented Mech-
anism, the agent utilizes analogical reasoning to
derive guidance from historical successful paths
and generates a global plan based on triple schema
characteristics. Subsequently, the agent enters a
Think-Act-Observation loop, deploying a Hybrid
Toolset that encompasses both internal KG struc-
tures and external knowledge to dynamically gather
evidence and refine its perspective. This mecha-
nism breaks information silos, achieving comple-
mentarity between structural constraints and exter-
nal unstructured semantic evidence.

Empirical evaluations on the FB15k-237 and
WikidataSM benchmarks demonstrate that KGV-
Agent significantly outperforms state-of-the-art
(SOTA) baselines, achieving substantial accuracy
gains of 4.2% and 12.9%, respectively. As a
generic “plug-and-play” solution, it not only ex-
hibits superior verification precision but also en-
sures interpretability by providing transparent, fact-
based evidence chains for every judgment.

To summarize, the main contributions of this pa-
per are as follows: (1) We propose KGV-Agent, a

novel framework that reframes triple verification as
dynamic reasoning. By integrating Schema-Aware
Planning with a Memory-Augmented mechanism,
it effectively mitigates reasoning instability. (2)
We design a Hybrid Knowledge Toolset that syner-
gizes internal KG structural logic with external un-
structured semantics, resolving single-source bias
through robust knowledge complementarity. (3)
Results show that our method achieves state-of-
the-art performance across multiple benchmarks,
providing transparent evidence chains that validate
its superiority and interpretability in handling com-
plex, long-tail tasks.

2 KGV-Agent

In this section, we first provide a formal defini-
tion of the Knowledge Graph Triple Verification
task. Subsequently, we present an overview of
the KGV-Agent framework. Finally, we elaborate
on the three core components of our framework:
trajectory-based initialization, the iterative reason-
ing mechanism, and the hybrid knowledge toolset.

2.1 Problem Definition

A Knowledge Graph is denoted as G = (E, R, T),
where F is the set of entities, R is the set of rela-
tions, and T' C F x R x F represents the set of
known triples (Hogan et al., 2021). Each triple is
represented as (h,r,t), indicating that a head en-
tity h € E is connected to a tail entity t € E viaa
relation » € R. The task of this study is to verify
the plausibility of a given query triple 7 = (h, r, t).
Formally, our objective is to construct an agent
A that interacts with an environment comprising
both the internal graph structure GG and external
world knowledge W, to output a binary verdict
y € {True, False} alongside a corresponding chain
of evidence £. The agent A :A(h,rt,G,W) is
formulated as follows:

True, if (h,7,t) € Tie

h,r,t,G,W) =
A(h,r,t,G,W) { if (h,7,t) & Tirue

False,

2.2 Framework Overview

We formulate the triple verification task as a se-
quential decision-making process driven by hy-
brid knowledge fusion. As illustrated in Figure 2,
KGV-Agent is built upon Large Language Models
(LLMs) and adopts the “Think-Act-Observation”
ReAct paradigm. To address the cold-start dilemma
in complex logic handling and bridge the gap be-
tween structural and semantic information, the in-
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Figure 2: The overall architecture of KGV-Agent. The framework operates in three synergistic phases: (Phase
1) Schema-Aware Initialization: The agent retrieves historical reasoning trajectories via a semantic encoder and
generates an Initial Plan based on schema constraints to address the cold-start problem. (Phase 2) Iterative Reasoning
Loop: Guided by the plan, the agent executes an enhanced ReAct loop, dynamically adjusting its strategy based
on real-time observations. During the act process in (Phase 2), the agent primarily utilizes a Hybrid Knowledge
Toolset: A suite of complementary tools is employed to probe both Internal KG Structure (e.g., Neighbors, Paths)
and External Semantics (e.g., Wiki, Web Search), achieving deep fusion of heterogeneous knowledge.

ference process of KGV-Agent is decomposed into
three synergistic phases: (1) Schema-Aware Ini-
tialization: By analyzing the structural and seman-
tic characteristics of (h,r, t), the agent leverages a
Memory-augmented mechanism to retrieve anal-
ogous historical reasoning trajectories and gener-
ates an initial strategic plan to prime the reasoning
process. (2) Iterative Reasoning Loop: The agent
executes a dynamic ReAct cycle, continuously re-
fining investigation strategies and verifying evi-
dence through a recursive “Think-Act-Observation”
loop. (3) Hybrid Knowledge Acquisition: A
toolset comprising five atomic capabilities is em-
ployed to synergistically acquire both internal struc-
tural constraints and external semantic evidence.

2.3 Schema-Aware Initialization

2.3.1 Memory-Augmented Mechanism

To empower the agent with expert-level rea-
soning logic and ensure consistent guidance
throughout the investigation process, we discard
the traditional fixed few-shot strategy in favor
of a holistic Memory-Augmented Mechanism.
First, we construct an external memory bank
M = {(x, traj;)}Y, rich in expert knowledge,
curated through a rigorous process of agent testing
followed by manual screening and refinement.
To ensure robustness, this repository covers 50

common triple relation types and comprises
200 high-quality reasoning trajectories from
wikidata. Each trajectory traj; meticulously
records the complete inference process (i.e., the
“Think-Act-Observation” sequence) executed
for the specific verification task z;.Trajectory
examples can be found in Appendix C. For an
incoming query triple 7, we employ a semantic
encoder ¢(-) to retrieve the top-k most similar
trajectories, denoted as Cy,epm, from M:

Crmem = {traj; | j € Top-k(sim(¢(7), ¢(x;)))}

Crucially, Cpem serves not merely as a cold-start
prompt but as a Persistent Reference within the
agent’s working memory. During reasoning, the
agent continuously consults these demonstrations
to dynamically calibrate its investigation direction
and optimize tool selection strategies, thereby
preventing deviation during long-chain inference.

2.3.2 Schema-Aware Strategic Planning

To circumvent aimless exploration within complex
graph structures, the model first performs a meta-
cognitive step. Synthesizing its understanding of
tool functionalities, the schema characteristics of
the triple (e.g., relation domain and range), and
the retrieved memory Cy,epm, the agent generates an



initial verification plan Pj,;:
Pinit = LLM(T, Cpem, Instruction,y;qy, )

This plan explicates the logical steps for verifica-
tion (e.g., “Step 1: Check entity definitions to verify
type constraints; Step 2: Retrieve 1-hop neighbors
to verify direct connectivity; Step 3: Search exter-
nal news to confirm event timing”). Crucially, we
inject Pjn ¢ into the agent’s working memory as the
Initial Observation (Obsg). This not only provides
macro-level guidance but also acts as an “Anchor,”
effectively mitigating Goal Drifting—a common
issue in long-chain reasoning.

2.4 Reasoning with ReAct Paradigm

We enhance the standard ReAct paradigm by intro-
ducing a Plan Adherence and Correction Mecha-
nism. The reasoning process is modeled as a se-
quence of discrete time stepst = 1,...,7T.

At step t, the agent operates on the current global
context H;, which comprises four distinct compo-
nents: the system instruction I, the retrieved ex-
pert demonstrations Cy,em, the initial strategic plan
‘Pinit, and the accumulated interaction history. For-
mally, H; = (I, Crems Pinit ho;t_l).AS outlined
in Algorithm 1, the agent executes the following
recursive sub-processes:

Think The agent derives the subsequent strategy
Th: based on the combination of the initial plan
‘Pinit and the accumulated observations Obs. This
process ensures adherence to the original objec-
tives while enabling dynamic plan refinement in
response to evolving empirical evidence.

Act Based on the thought trace th;, the agent
selects the optimal tool a from the toolset 7 and
generates the corresponding execution arguments
p. This policy is formally represented as:

acy = (a,p) ~ mp(acy | Hy, the)

where 7y denotes the action policy distribution pa-
rameterized by the LLM.

Observe The environment (i.e., the Knowledge
Graph interface or external search engine) receives
and executes the action acy, yielding the observa-
tion result obs; = Env(ac). This new observation
is appended to the interaction history, updating the
global context to Hy1.

This loop persists until the agent issues a termi-
nation action Finish[Answer] or reaches the max-
imum step count 7,,,,,. To prevent infinite loops,

Algorithm 1 KGV-Agent Reasoning Algorithm
Require: Triple 7; Knowledge Graph G; Toolset 7; Memory
M

Ensure: Verdict y, Evidence £
I: Cmem < Retrieve(r, M)
2: Pinit <~ LLMplan (7-7 cmem)
3 H+—0;t+0
4: while t < T),4, do
5: the,ace ~ wo (- | T, Pinit, Cmem, H)
6: if ac; is Finish then
7 return Result parsed from ac;
8 end if
9: obs; < ExecuteTool(ac, G, Web)
10: H + H U {ths,act, obs:}
11: t+—t+1
12: end while
13: return LLM;,qqe (H)

we implement a Mandatory Judgment Mechanism
at t = T4, compelling the agent to perform
probabilistic reasoning based on currently avail-
able information and output a final verdict. This
mechanism ensures an effective synergy between
structured macro-planning (guided by P;,;:) and
dynamic micro-execution (driven by ReAct). The
complete prompt templates for planning, reasoning,
and judgment are detailed in Appendix B.

2.5 Hybrid Knowledge Toolset

To bridge the gap between internal structural infor-
mation and external textual semantics, we design a
hybrid toolset 7" comprising five atomic capabili-
ties, categorized into two distinct groups:

A. KG Internal Structure Tools These tools are
designed to leverage the inherent logical constraints
and topological structures within the KG.

* KG Definition Tool: Taking an entity or rela-
tion as input, this tool queries the underlying
metadata of the KG,, including entity Labels,
Descriptions, and Aliases, as well as relation se-
mantics, Domains, and Ranges. This serves as
the foundation for the verification logic chain,
ensuring clear definitions prior to reasoning.

* KG Neighbor Tool: Given an input entity e and
a target relation r, this tool retrieves the Top-k
1-hop neighbor triples of e that are most seman-
tically relevant to r based on vector similarity.
This facilitates the agent’s understanding of the
entity’s background context in a specific rela-
tional direction.

* KG Path Tool: Taking an entity pair (h,t) as
input, this tool employs graph algorithms to re-
trieve 1-Hop, 2-Hop, and 3-Hop paths from A



to t. This provides critical structural evidence
for verifying implicit relationships (e.g., infer-
ring a “Grandfather” relation via intermediate
“Father” links). The Multi-hop path connections
expression is as follows:

Paths(h, t) = {(h, 1, xl)) ) (xnfla Tn, t)

| 3z1,..., 2, € KG, n < 3}

B. External Semantic Tools These tools are de-
signed to utilize open-world unstructured text to
mitigate the inherent sparsity of KGs.

* Wiki Evidence Tool: This tool supports a dual-
mode strategy: (1) Entity Mode: Queries a sin-
gle entity to fetch its abstract and key attributes;
(2) Co-occurrence Mode: Queries an entity pair
(h,t) to retrieve sentences where both entities
co-occur, providing authoritative encyclopedic
evidence.

* Web Evidence Tool: Taking a natural language
query as input, this tool utilizes a search engine
API to return Top-k web snippets. It serves as a
final fallback verification mechanism, address-
ing long-tail knowledge or time-sensitive facts

Paths(h, t) = {(h7 1, x1)7 ) (xn—la Tn, t)

| 3z1,..., 2, € KG, n < 3}

Notably, we implement a multi-level retrieval
mechanism across all tools. By integrating
keyword-based exact matching with vector-based
semantic retrieval (e.g., utilizing semantic vectors
to recall fuzzy entities or re-rank search results),
this hybrid strategy overcomes the coverage lim-
itations of traditional keyword search while miti-
gating the precision bias of pure vector retrieval.
This design ensures the efficient complementarity
of heterogeneous knowledge, realizing a robust
cross-verification process where structure guides
semantics, and semantics interprets structure.

Table 1: Details for each dataset

Dataset Entity  Relation Triplet Source
WikidataSM-Ind 4,594,458 822 20,510,107 Wikidata
FB15K-237 14,541 237 310,116  Freebase

3 Experiments and Results

3.1 Datasets and Negative Sampling

We evaluate KGV-Agent on two benchmarks with
distinct challenges: FB15k-237 (Toutanova and

Chen, 2015), a reasoning-intensive dataset with
inverse relations removed, requires multi-hop infer-
ence. WikidataSM-Inductive (Wang et al., 2021),
derived from Wikidata, is introduced as an induc-
tive benchmark with disjoint entity sets, character-
ized by extreme sparsity and long-tail distributions.
Detailed information is provided in Table 1.

Type-Constrained Negative Sampling Since
the original datasets consist exclusively of positive
triples, we employ negative sampling to construct
erroneous triples. To avoid generating trivial nega-
tives (e.g., “Obama born in Banana”) and to foster
a high-difficulty testing scenario, we implement
a Type-Constrained Negative Sampling strategy.
Specifically, given a positive triple 7 = (h,,t),
we generate a negative set 7~ by replacing the
head or tail entity with an entity ¢’ that shares the
same fine-grained type constraint:

7= ={(h,re) | €& £, T()=T(1)},

where T(e) denotes the semantic type. These
hard negatives (e.g., replacing a “place of birth”
with another “city” rather than a “fruit”) force the
model to perform deep semantic discrimination.

3.2 Baselines

To demonstrate the superiority of KGV-Agent, we
compare it against representative models covering
three mainstream paradigms:

* Embedding-based KGE:TransE (Bordes
et al., 2013), DistMult (Yang et al., 2015),
and RotatE (Sun et al., 2019),which rely on
structural embedding information.

e PLM-based Methods: KG-BERT (Yao et al.,
2019) and SimKGC (Wang et al., 2022a),
which utilizes pre-trained parameter.

* LLLM-based Approaches: (1) Zero-shot
Inference using GPT-3.5-Turbo (Ouyang
et al., 2022), GPT-40 (Achiam et al.,
2023), and Qwen3-max (Yang et al., 2025)
relying on parametric knowledge; and
(2) Inference-Augmented Frameworks
including Chain-of-Thought(CoT) (Wei
et al., 2022), Self-Consistency(s-c) (Wang
et al., 2022b), and the verification-specific
KGValidator (Boylan et al., 2024).

Results for all baseline models are cited from their
original papers or reproduced using official open-
source implementations under identical settings.



Table 2: The result of our method and other baseline methods on FB15k-237 and WikidataSM-Inductive benchmarks.
Entries marked with ’-’ denote results not reported in original papers or where official implementations were
unavailable for faithful reproduction.The best results are highlighted in bold.

Method FB15k-237

WikidataSM-Ind

Accuracy F1

Precision Recall

Accuracy F1 Precision Recall

Embedding-based

TransE 66.4 73.7 60.5 94.2 49.6 49.2 49.6 48.8
DistMult 61.2 70.9 56.7 94.4 50.2 50.7 514 50.1
RotatE 66.6 74.4 60.3 97.0 50.8 51.3 50.5 52.2
PLM-based

KG-BERT 66.3 72.0 62.2 85.5 - - - -
SimKGC 69.8 72.5 66.6 79.4 78.4 78.9 76.9 81.1
LLM(zero-shot)

GPT-3.5-turbo 69.7 73.4 65.4 83.4 73.8 72.6 76.1 69.4
GPT-40 77.3 73.9 86.8 64.4 77.6 72.6 93.1 59.6
Qwen3-max 76.6 73.7 84.3 65.4 74.5 67.7 92.4 53.4
LLM(inference-Augmented)

Qwen3-max(CoT) 81.4 80.1 86.0 75.0 80.5 77.4 92.0 66.8
Qwen3-max(S-C)  80.8 79.5 85.2 74.6 80.8 77.9 91.4 68.0
KGValidator 83.0 81.0 - - - - - -
Our Methods

KGV-Agent 87.2 86.6 91.2 82.4 93.7 93.4 98.7 88.6

In KGV-Agent, we employ Qwen3-max (Yang
et al., 2025) as the LLM driving the agent. The tem-
perature is set to 0, and the maximum interaction
round is defined as T}, = 10. Detailed parameter
settings for both the baseline and KGV-Agent can
be found in Appendix A.

3.3 Evaluation metrics

We report Accuracy and F1-score. For KGE base-
lines outputting continuous scores (e.g., TransE),
we search for the optimal threshold § on the vali-
dation set to binarize predictions. For LLM-based
and Agent methods, we parse their explicit text re-
sponses. To ensure rigorous evaluation, any refusal
to answer or formatting error is strictly penalized
as an incorrect prediction.

3.4 Main Results

As shown in Table 2, KGV-Agent outperforms all
baseline models across all evaluation metrics on
both the FB15k-237 and WikidataSM-Ind datasets,
achieving new State-of-the-Art results. The de-
tailed comparative analysis is as follows:

First, compared to traditional graph embedding
models, KGV-Agent improves accuracy and F1

score by an average of 22.5% and 13.6% respec-
tively on FB15k-237, and by 43.5% and 43.0% on
WikidataSM-Ind. This is because KGV-Agent inte-
grates external tools, overcoming the limitations of
models that rely solely on internal triplet structural
information.

Second, compared to Pre-trained Language
Model (PLM) baselines, our method demonstrates
a significant advantage. We observe average im-
provements of 19.2% in accuracy and 14.4% in F1
on FB15k-237, along with average gains of 15.3%
(Accuracy) and 14.5% (F1) on WikidataSM-Ind.
This performance gain is primarily attributed to
KGV-Agent transcending the Closed World As-
sumption. Instead of relying on static triplet text,
our framework actively retrieves information and
reasons via the Agent architecture to form effective
multi-hop reasoning chains.

Furthermore, in comparison with general LLM-
based reasoning methods, KGV-Agent achieves av-
erage improvements of 9.1% in accuracy and 9.7%
in F1 on FB15k-237, as well as 16.3% and 19.8%
on WikidataSM-Ind. These results indicate that
static reasoning relying on parametric knowledge
or simple external context is prone to hallucination.
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Figure 3: Statistics of tool usage on FB15k-237 and
WikidataSM-Ind

In contrast, our Schema-Aware Planning mecha-
nism effectively mitigates noise through dynamic
retrieval and constrained reasoning paths, substan-
tially enhancing verification performance.

Notably, KGV-Agent achieves exceptional Pre-
cision while maintaining a high F1 score, reaching
a remarkable 98.7% on WikidataSM-Ind. This im-
plies an extremely high confidence level in posi-
tive predictions, highlighting the immense poten-
tial of our model for application in high-stakes
domains such as medicine and law, where stability
is paramount. In addition, we conducted a Case
Study and Error Analysis in Appendix D

3.5 Tool Usage Analysis

Figure 3 shows the frequency distribution of tool
utilization for correctly predicted samples by KGV-
Agent on the FB15k-237 and WikidataSM-Ind
datasets. Statistically, the average number of tool
invocations per triple verification is 9.8 on FB15k-
237 and 6.6 on WikidataSM-Ind. The overall distri-
bution reveals that all pre-defined tools are actively
employed with notable diversity. This confirms
that a single knowledge source—whether solely
structural or textual—is insufficient for complex
verification tasks, necessitating the fusion of multi-
source information for optimal performance.
Specifically, the distinct characteristics of the
datasets drive a shift in tool preferences. Given
the prevalence of long-tail entities in WikidataSM-
Ind, the Agent most frequently invokes the KG
Definition Tool (34.5%) to acquire fundamental
semantic descriptions. In contrast, FB15k-237 in-
volves more complex multi-hop reasoning, prompt-
ing the Agent to prioritize the Wikipedia Evidence
Tool (27.9%) and KG Neighbor Tool (27.3%) to
aggregate external textual evidence and internal
neighborhood structures. This pattern not only re-
flects KGV-Agent’s capability to flexibly schedule

multi-source knowledge according to verification
needs but also strongly demonstrates the effective,
context-aware guidance provided by our Memory
enhancement mechanism and Schema-Aware plan-
ning strategy.

3.6 Efficiency Analysis

To optimize efficiency, we implemented a multi-
threaded concurrent framework (50 threads), main-
taining system stability with average inference la-
tencies of 1.86 s on FB15k-237 and 1.26 s on
WikidataSM-Ind. While marginally higher than
lightweight embedding models, KGV-Agent dis-
tinguishes itself with a Plug-and-Play capability.
Unlike baselines requiring extensive fine-tuning,
our training-free approach significantly reduces de-
ployment barriers and computational costs, offering
superior cost-effectiveness in real-world scenarios.

3.7 Ablation Study

To investigate the effectiveness of key components
within KGV-Agent, we designed the following
three variants for ablation studies:

* w/o Schema-Aware Init: Removes the
Schema-Aware Initialization module, which
includes the Memory enhancement mecha-
nism and Schema-Aware planning.

* w/o KG Tools: Removes all KG-related tools,
including the KG Definition Tool, KG Neigh-
bor Tool, and KG Path Tool.

¢ w/o External Tools: Removes all external
semantic tools, including the Wikipedia Evi-
dence Tool and Web Evidence Tool.

Table 3 presents the ablation results. Overall,
removing any component leads to significant per-
formance degradation, validating the necessity of
the full framework. The detailed analysis is as
follows:

Impact of Schema-Aware Init. Removing this
module results in accuracy drops of 14.6% on
WikidataSM-Ind and 9.3% on FB15k-237. This
indicates that without the planning provided by
schema information and the guidance of the Mem-
ory enhancement mechanism, the agent is prone to
getting trapped in invalid reasoning loops or being
misled by irrelevant noise.



Table 3: Ablation Experiments Results. The values in red parentheses indicate the performance drop compared to

the full KGV-Agent model.
Method FB15k-237 WikidataSM-Ind
Accuracy F1 Accuracy F1
KGV-Agent 87.2 86.6 93.7 93.4
w/o Schema-Aware Init 77.9 (1 9.3%) 76.7 (1 9.9%) 79.1 (| 14.6%) T76.7 (| 16.7%)
w/o KG Tools 78.4 (| 8.8%) 77.2 (1 9.4%) 83.7 (1 10.0%) 81.9 (L 11.5%)

w/o External Tools 66.8 (| 20.4%)

53.6 (] 33.0%)

80.5 (] 13.2%) 76.1 (] 17.3%)

Impact of KG Tools Removing KG tools causes
an accuracy loss of approximately 10% across both
datasets. This confirms that internal structures and
path information provide necessary contextual con-
straints for external evidence, effectively prevent-
ing the LLM from hallucinating during reasoning.

Impact of External Tools Removing external
tools leads to accuracy declines of 13.2% on
WikidataSM-Ind and 20.4% on FB15k-237. This
demonstrates that relying solely on closed-world
structural information is insufficient for complex
triple verification.

4 Related Work

Triple Verification and Completion Traditional
approaches primarily fall into two categories:
embedding-based models (e.g., TransE (Bordes
et al., 2013), TransH (Wang et al., 2014), Dist-
Mult (Yang et al., 2015), RotatE (Sun et al., 2019))
and PLM-based methods (e.g., KG-BERT (Yao
etal., 2019), SimKGC (Wang et al., 2022a)). While
these methods have advanced the field, they of-
ten suffer from single-source limitations: embed-
ding models are constrained by the closed-world
assumption (Shi and Weninger, 2018), while PLM-
based approaches tend to overlook global structural
constraints. Unlike these single-modality methods,
KGV-Agent transcends such limitations by dynam-
ically synthesizing internal structural logic with
external open-world evidence for deep reasoning.

LLM-based Fact Checking LLMs have been
extensively adapted for fact-checking tasks, such
as error identification (Self-CheckGPT (Manakul
et al., 2023)), granular evaluation (FActScore (Min
et al., 2023)), and KG quality assessment (KG-
Validator (Boylan et al., 2024)). These methods
generally adhere to a static “single-pass” inference
paradigm, limiting their efficacy on complex, long-
tail knowledge. KGV-Agent addresses this by re-

framing verification as a dynamic process of strate-
gic planning, active investigation, and evidential
reasoning via an autonomous framework.

Autonomous Agents Agents represent a
paradigm shift from static reasoning towards dy-
namic reasoning via tool use (Schick et al., 2023).
While the ReAct paradigm (Yao et al., 2022) has
successfully empowered textual fact-checking
(e.g., FactAgent (Li et al., 2024), SAFE (Wei et al.,
2024)), existing agents remain predominantly
parameter- and text-centric, lacking the capability
to perceive KG topological structures or exploit
explicit logical constraints (Jiang et al., 2023). To
bridge this gap, KGV-Agent introduces a hybrid
toolset and schema-aware planning, endowing
the agent with structure-aware capabilities and
achieving a robust synergy between structural
constraints and semantic retrieval.

5 Conclusion

In this paper, we propose KGV-Agent, a frame-
work that reframes triple verification as a dynamic
"planning-retrieval-reasoning" process. By inte-
grating Schema-Aware Planning with a Memory-
Augmented Mechanism, we mitigate reasoning
instability and achieve deep synergy between in-
ternal structural logic and external semantics via
a Hybrid Knowledge Toolset. Empirical results
on FB15k-237 and WikidataSM-Ind confirm that
KGV-Agent significantly outperforms SOTA base-
lines in a training-free manner. Crucially, our ap-
proach provides transparent evidence chains along-
side high accuracy, showing superior robustness
and interpretability for complex verification tasks.

Limitation

Despite the KGV-Agent’s superior performance
and transparency in triple verification, certain
limitations remain for future exploration. First,



our framework currently focuses on atomic-level
triples, whereas real-world facts often manifest as
complex claims or long-form documents. Extend-
ing KGV-Agent to claim-level fact-checking repre-
sents a key direction for our future work. Second,
while multi-threading mitigates latency, the compu-
tational overhead of multi-step reasoning and tool
invocation remains higher than that of static models.
Future research will focus on balancing verification
precision and inference efficiency through knowl-
edge distillation or policy optimization.
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A Implementation Details

A.1 Core Agent Configuration

We employ the full version of Qwen3-max as the
backbone controller for KGV-Agent, selected for
its superior performance in instruction following
and complex reasoning capabilities. The model is
accessed via the official OpenAl Python SDK. To
ensure reproducibility and eliminate randomness
in generation, we set the decoding temperature to
0. The stop sequence is defined as “[Observation]”
to strictly adhere to the ReAct interaction format.
Furthermore, the maximum number of interaction
turns is limited to T;,,4, = 10.

A.2  Vector Retrieval and Indexing

For all vector-based retrieval tasks—including tra-
jectory retrieval from the Memory Bank and se-
mantic re-ranking of web snippets—we utilize the
all-MiniLM-L6-v2 model for efficient text encod-
ing. We employ the FAISS library to construct
dense vector indexes, enabling high-speed similar-
ity search.

A.3 Knowledge Environment and Tool
Implementation

Knowledge Retrieval Environment. Given that
the raw data for both FB15k-237 and WikidataSM
are aligned with the Wikidata knowledge base,
we utilize the Wikidata API as the unified inter-
face. Natural language queries are converted into
SPARQL statements to retrieve precise structural
information.

Entity/Relation Disambiguation. To map natu-
ral language terms to Wikidata IDs (PID/QID), we
adopt a two-stage strategy: (1) Keyword Match-
ing: We first attempt to retrieve IDs via exact key-
word search; (2) Semantic Matching: If keyword
retrieval fails, we fallback to vector-based match-
ing using the aforementioned encoder to identify
the ID with the closest semantic meaning.

Anti-Leakage Mechanism. Crucially, during the
execution of the KG Neighbor Tool and KG Path
Tool, we explicitly filter out the test triple 7
(h,r,t) itself from the retrieval results. This strict
decontamination step prevents the agent from see-
ing the ground truth directly (Data Leakage), forc-
ing it to reason based on context rather than rote
memorization.
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Tool Return Limits. To balance information
density and context window usage, the KG tools
(Neighbor and Path) return the Top-20 most rele-
vant triples or paths, while the Web Evidence Tool
(utilizing the Google Search API) returns the Top-5
text snippets.

A.4 Baseline Reproduction

To ensure a fair comparison, all baselines are re-
produced using standard libraries or official imple-
mentations:

* Embedding Methods: TransE, DistMult, and
RotatE are implemented using the OpenKE
library with random initialization for embed-
dings.

* PLM-based Methods: KG-BERT and
SimKGC are reproduced using their official
open-source codebases.

* LLM-based Methods: All LLM baselines
are implemented via the official OpenAl API
with default parameters.

All hyperparameters for these baselines strictly fol-
low the configurations reported in their original
papers.

A.5 Evaluation metrics

We adopt four fundamental metrics widely adopted
in classification tasks to quantify model perfor-
mance: Accuracy, Precision, Recall, and F1-score.
Their formal definitions and mathematical formu-
lations are as follows, where: T'P (true positives)
denotes the count of positive instances correctly
predicted; T'N (true negatives) denotes the count
of negative instances correctly predicted; F'P (false
positives) denotes the count of negative instances
incorrectly predicted as positive; and F'IN (false
negatives) denotes the count of positive instances
incorrectly predicted as negative. Accuracy mea-
sures the overall proportion of correct predictions
among all instances:

TP +TN

A -
Y = ITPYTN+ FP+ FN

Precision quantifies the reliability of positive pre-
dictions, i.e., the proportion of predicted positives
that are actually positive:

TP

P .. _ s
recision TP+ FP



Recall quantifies the completeness of positive pre-
dictions, i.e., the proportion of actual positives that
are correctly identified:

TP

Recall = —
A= TPIFEN

F1-score is the harmonic mean of Precision and
Recall, balancing their trade-off to provide a single
metric for overall performance:

Precision x Recall

Fl1- =2 X
score Precision + Recall

B Prompt Templates

To ensure the reproducibility of KGV-Agent, we
provide the full prompts used in our experi-
ments. The Schema-Aware Planning Prompt
(Figure 4) is used in Phase 1 to generate the initial
verification strategy. The Reasoning Instruction
Prompt (Figure 5) serves as the system instruction
for the core ReAct loop in Phase 2, defining tool
signatures and interaction protocols. Finally, the
Mandatory Judgment Prompt (Figure 6) is trig-
gered in Phase 3 if the agent exceeds the maximum
step limit, forcing a probabilistic verdict.

C Memory-Augmented trajectory case

To demonstrate the quality of the expert knowl-
edge stored in our Memory Bank, we present a
complete reasoning trajectory in Figure 7. This
example illustrates how KGV-Agent validates the
triple (Elon Musk, CEQ, Tesla). The trajectory
showcases the agent’s systematic approach: (1)
Schema Grounding: Verifying the precise defini-
tions of entities and relations in the KG (Steps 1 &
2); (2) Structural Verification: Exploring internal
connectivity within the KG (Step 3); (3) External
Cross-Validation: seeking real-world evidence via
web search when internal paths are implicit (Step
4). Such high-quality trajectories serve as few-shot
demonstrations to guide the agent in handling simi-
lar complex queries.

D Case Study and Error Analysis

In this section, we provide a detailed analysis of
two representative reasoning trajectories of KGV-
Agent to illustrate its decision-making process and
typical error modes. These cases highlight how the
agent synthesizes internal knowledge graph struc-
tures with external semantic verification.
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Success Case Analysis (Biological Kingdom
Boundary). As shown in Figure 8, the agent cor-
rectly refuted a triple claiming a rodent species
(Kemp’s Thicket Rat) belongs to a plant genus (Gli-
ricidia). The agent demonstrated high-level onto-
logical reasoning by first identifying the disparate
biological kingdoms: Animalia for the mammal
and Plantae for the plant genus. By confirming
the absence of structural paths in the KG and find-
ing no contradicting external evidence, the agent
successfully leveraged the principle of taxonomic
hierarchy to provide a robust, interpretable rejec-
tion.

Failure Case Analysis (Temporal Contradiction).
Figure 9 illustrates a failure mode related to tempo-
ral constraints. While the agent correctly identified
the head entity Dat Nguyen) and his affiliation with
Texas A&M football, it failed to account for the
dataset’s specific ground truth logic regarding time-
sliced entities. The agent identified a chronological
impossibility—the player was born in 1975, while
the triple specified the 1930s—and thus labeled it
Incorrect. However, this case was marked True in
the original dataset, likely due to a misalignment
between the general relationship and the specific
temporal tail entity. This failure reveals the agent’s
tendency to prioritize strict logical consistency over
potential data noise or relaxed temporal matching.



Prompt 1: Schema-Aware Planning

System Instruction:

You are a specialized Knowledge Graph Verification Strategist. Your goal is to provide a decisive Initial Impression and
a Verification Plan for a given triple (Head, Relation, Tail).

[Tool Definitions]

(Note: The full tool definitions are identical to those in the Reasoning Prompt and are omitted here for brevity.)

Rule 1: Strict Initial Impression (Internal Knowledge Only)

You MUST explicitly judge the triple as [Correct] or [Incorrect] immediately based on your internal parametric
knowledge.

* Forbidden words: You are strictly forbidden from using "Uncertain", "Maybe", "Likely", "Unclear”, or "Need
verification".

* Force a decision: If the triple contradicts common sense (e.g., a place used as a person), output [Incorrect]. If
you strictly don’t know, please analyze the possibility based on the entity type and triplet content to make the best
guess.

Rule 2: Strategic Plan (Must use Tools)

List a few concrete steps. Requirement: You must mention which specific tool to use in each step.
Output Format

Please strictly follow this format:

=== Initial Impression ===

[Correct/Incorrect] Because [Reasoning...]

=== Strategic Plan ===

[Step 1 description using ToolName]

[Step 2 description using ToolName]

User Input:
Target Triple: {triple}

Figure 4: The prompt template for the Schema-Aware Planning phase (Phase 1).
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Prompt 2: Reasoning Instruction

System:

Role Definition

You are an expert Knowledge Graph Verification Agent (KGV-Agent). Your goal is to verify the factual correctness
of a given triple (Head, Relation, Tail). You must follow the "Think-Act-Observation" ReAct paradigm, synthesizing
Internal Structural Information (KG) and External Semantic Information (Text) for cross-verification.

Tool Definitions

You have access to the following tools. Invoke them strictly according to their signatures:

1. Internal Structural Tools(KG)

¢ KG_Basic_Info_Tool(entity: str/relation: str): Query the schema definitions of the entity or the relation in KG
(such as entity labels/aliases/descriptions, relation domain values). Usage: To understand the basic information.

* KG_Neighbor_Tool(entity: str, relation: str): Retrieves the top-20 target entities that are most strongly
correlated with the input entity under the specified relation. Usage: To understand the local subgraph structure
and co-occurrence patterns.

* KG_Path_Tool(entity_a: str, entity_b: str): Retrieves explicit 1-hop, 2-hop and 3-hop paths between two
entities. Usage: To verify structural connectivity and explore implicit relationships (e.g., subsidiary, competitor
paths).

2. External Semantic Tools

» Wiki_Basic_Info_Tool(entity: str): Retrieves the Wikipedia summary and key attributes. Usage: For background
knowledge of a single entity.

* Wiki_Relation_Tool(entity_a: str, entity_b: str): Retrieves sentences explicitly mentioning both entities from
Wikipedia. Usage: To find explicit textual evidence linking two entities to discover implicit relationships.

* Web_Evidence_Tool(question: str): Validates a natural language statement via Google Search, returning Top-5
snippets. Usage: For long-tail knowledge or as a final fallback verification. As a guarantee mechanism for external
queries.

Interaction Protocol (ReAct)
You must strictly follow this loop:

* Thought: Analyze the current observation and the Initial Plan. What evidence is missing?
e Action: Select a tool. Format: ToolName(value, ...)
* STOP: Do NOT generate the Observation! Stop immediately after the Action. Wait for system feedback.

* Observation: (The system will provide the tool output here)

... (Repeat the loop) ...

Task Completion:

When sufficient evidence is gathered, output the final verdict:

Final Answer: [Correct/Incorrect] Because [Detailed explanation based on evidence]
Judgment criteria

» Please note that this verification does not consider timeliness, and any time this triplet is valid will be judged as
[Correct].

« If there is clear evidence to prove/refute the triplet, judge accordingly.

« If there is no clear evidence, please make reasonable inferences based on the retrieved information. Note: Lack
of evidence does not necessarily mean [Incorrect]. Please make the most likely judgment based on known
information (e.g., semantic plausibility).

* When you believe there is sufficient evidence, you can output the final answer without getting stuck in a long-term
loop.

User Context:

Strategic Plan: {plan}

Related Reasoning Demonstrations: {trajectory case}
Target Triple: {triple}

Execution History: ...

Figure 5: The prompt template for the Reasoning phase (Phase 2).
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Prompt 3: Mandatory Judgment

SYSTEM ALERT: The verification process has reached the maximum step limit. You MUST now make a final
decision.

Reference Information

Your Initial Impression (Internal Knowledge): {impression}

Original Plan: {plan}

Execution History (Evidence Collected): {history}

Decision Logic

« If the History contains clear evidence to prove or refute the triplet (e.g., explicit KG paths or Web search results),
prioritize the History.

« If the History is useless (e.g., tools failed, no data found), please make the most likely judgment of the triplet
based on your Initial Impression and History.

* Note: Even if History has no evidence to prove the triplet, it does not necessarily mean that the triplet is wrong.
Please make the most likely judgment based on known information.

* The probability of each provided triplet being either [Correct] or [Incorrect] is 50%.
Result MUST be strictly:

Final Answer: [Correct/Incorrect] Because [Detailed explanation based on evidence or fallback knowledge]
Target Triple: {triple}

Figure 6: The mandatory judgment prompt triggered at the maximum step limit (Phase 3).
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Memory Trajectory Case: (Elon Musk, CEQO, Tesla)

Target Triple: "Elon Musk, CEO, Tesla"

* Thought 1: I need to first confirm the identity and type of "Elon Musk" to ensure we are referring to the correct
person.

* Action 1: KG_Basic_Info_Tool(entity="Elon Musk’)

* Observation 1:
Entity Profile: Q317521
Label: Elon Musk;
Description: businessman and entrepreneur (born 1971);
Type: human;
Aliases: Elon Reeve Musk.

* Thought 2: The entity ’Elon Musk’ correctly refers to the businessman. Next, I should search for the definition of
the "CEOQ" relationship to ensure my understanding is accurate.

¢ Action 2: KG_Basic_Info_Tool(relation="CEQO”)

¢ Observation 2:
Relation Profile: P169
Label: chief executive officer;
Description: highest-ranking corporate officer appointed as the CEO within an organization;
Aliases: executive director, chief executive, CEO;
Subject Constraint (Domain): None defined (Open Domain / Any);
Object Constraint (Range); presidential term; fictional facility; facility; editorial collection; fictional organization;
event; project; organization; fictional company; branch office

e Thought 3: The relation ’'CEO’ means the highest-ranking corporate officer. Next, I will verify if there is a direct or
2-hop connection between Elon Musk and Tesla regarding the "CEQ" relationship.

e Action 3: KG_Path_Tool(entity_a="Elon Musk’, entity_b="Tesla’)
¢ Observation 3:
(Elon Musk) —> [employer] —> (Tesla, Inc.)
(Elon Musk) <— [owned by] <— (Tesla, Inc.)
(Elon Musk) —[unmarried partner]—> (Shivon Zilis) —[employer]—> (Tesla, Inc.)

* Thought 4: The knowledge base indicates a direct relationship: (Elon Musk) <— [owner] <— (Tesla), suggesting
that the candidate triple is likely correct. However, to ensure factual accuracy, I will conduct cross-validation using
external network evidence.

¢ Action 4: Web_Evidence_Tool(question="Is Elon Musk the CEO of Tesla?)

* Observation 4:
Snippet 1: "...Tesla CEO Elon Musk Gets a Long Do-Not-Tweet List From the SEC..." (Source: Barron’s)
Snippet 2: "...Elon Musk is the co-founder and CEO of Tesla..." (Source: Official Bio) ......

* Thought 5: Based on the current evidence, it is sufficient to prove the triplet.

* Final Answer: [Correct] Because the knowledge base explicitly states that Elon Musk is the employer/owner of
Tesla, Inc., and this is corroborated by multiple credible web sources confirming his role as CEO.

Figure 7: A representative reasoning trajectory from the Memory Bank. This case demonstrates the “Think-Act-
Observation” loop where the agent fuses KG structural info with Web evidence.
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Successful Verification Trajectory

Target Triple: (kemp’s thicket rat, parent taxon, gliricidia) Ground Truth: False = Verdict: [Incorrect]

e Thought 1: I need to first confirm the biological classification and taxonomic rank of "kemp’s thicket rat" to
understand what kind of entity it is and whether it could logically have a "parent taxon" relationship with "gliricidia".

Action 1: KG_Basic_Info_Tool(entity: "kemp’s thicket rat")

* Observation 1: Label: Kemp’s Thicket Rat; Description: species of mammal; Type: taxon; Aliases: Thamnomys
kempi.

* Thought 2: The entity "Kemp’s Thicket Rat" is confirmed as a taxon and specifically a species of mammal. Next, I
need to verify what "Gliricidia" refers to.

Action 2: KG_Basic_Info_Tool(entity: "gliricidia")
* Observation 2: Label: Gliricidia; Description: genus of plants; Type: taxon.

¢ Thought 3: Both are confirmed as taxa, but they belong to entirely different biological kingdoms: Animalia
(mammal) vs. Plantae (plant genus). A parent taxon relationship cannot cross kingdom boundaries. I will check for
any structural paths.

Action 3: KG_Path_Tool(entity_a: "kemp’s thicket rat", entity_b: "gliricidia")
¢ Observation 3: No direct,2-hop or 3-hop paths found between Q1761125 and Q12549487.

* Thought 4: The knowledge graph shows no structural paths, which aligns with biological expectations. I will
perform a final web search to rule out any obscure claims.

* Action 4: Web_Evidence_Tool(question: "Is Kemp’s thicket rat taxonomically related to Gliricidia?")
* Observation 4: No relevant webpages found (API returned empty).

* Final Answer: [Incorrect] Because "Kemp’s thicket rat" is a mammalian species (Animalia), while "Gliricidia" is a
genus of plants (Plantae). The "parent taxon" relationship strictly applies within a lineage and cannot cross kingdom
boundaries. The KG confirms no structural path exists, consistent with biological classification principles.

Figure 8: Success Case: Cross-Kingdom Ontological Reasoning
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Error Verification Trajectory

Target Triple: (Nguyén Tan Dat, member of sports team, texas a&m aggies football(1930-1939))
Ground Truth: True Agent Prediction: [Incorrect] (Error)

Thought 1: T need to first verify the identity and background of "Nguyén Tan Pat" to determine if this person could
plausibly have been associated with a U.S. college football team in the 1930s.

Action 1: KG_Basic_Info_Tool(entity: "Nguyén Tan Pat")
Observation 1: Label: Dat Nguyen; Description: All-American college football player; Aliases: Dat Tan Nguyen.

Thought 2: This refers to Dat Nguyen, a modern player. I need to check the team entity "texas a&m aggies football,
1930-1939" to see if it exists as a distinct time-sliced entity.

Action 2: KG_Basic_Info_Tool(entity: "texas a&m aggies football, 1930-1939")
Observation 2: Label: Texas A&M Aggies football; Description: University American football team.

Thought 3: The KG only contains the general team entity. I will check the player’s birth date and team membership
to verify the 1930s timeframe.

Action 3: KG_Neighbor_Tool(entity: "Nguyén Tan Dat", relation: "member of sports team")
Observation 3: [member of sports team] -> Texas A&M Aggies football; [date of birth] -> 1975-09-25.

Thought 4: Dat Nguyen was born in 1975, making it chronologically impossible for him to have played in the
1930s. I will perform a final web search for any historical namesake.

Action 4: Web_Evidence_Tool(question: "Was there a Vietnamese player named Dat Nguyen on Texas A&M in
the 1930s?")

Observation 4: No relevant webpages found (API returned empty).

Final Answer: [Incorrect] Because Nguyén Tan Pat (Dat Nguyen) was born in 1975 and played for Texas A&M in
the 1990s, making it chronologically impossible for him to be a member between 1930 and 1939.

Figure 9: Failure Case: Chronological Impossibility and Data Noise
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