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Abstract
While large language models (LLMs) have
been introduced to knowledge graph comple-
tion (KGC) to improve multi-hop reasoning,
most existing approaches still rely on embed-
ding models for candidate pruning, which lim-
its their structured reasoning capability. In con-
trast, fully path-based reasoning better reflects
the nature of graph inference but suffers from
extremely low sample efficiency. We propose
AdaG-Reason, a path-based LLM-KGC frame-
work. We formulate reasoning data synthesis
as a non-stationary multi-armed bandit problem
and introduce Active Reasoning Distillation to
select informative trajectories by jointly consid-
ering distribution alignment, relation difficulty,
and uncertainty. We further extend this bandit-
based sampling principle to the reinforcement
learning phase, adaptively allocating rollout
queries by per-relation difficulty. For training,
we propose Implicit Reasoning Distillation op-
timized via Step-wise Group Relative Policy
Optimization (GRPO), enabling direct and sta-
ble learning of pure graph navigation policies
without value function estimation. Experiments
on YAGO3-10 and NELL-995 show that AdaG-
Reason achieves competitive MRR and state-of-
the-art Hits@1 on YAGO3-10, demonstrating
the effectiveness of active data selection and
pure policy learning for path-based LLM-KGC.

1 Introduction

Knowledge Graph Completion (KGC) aims to infer
missing facts in a knowledge graph and is a fun-
damental problem in representation learning and
symbolic reasoning. While embedding-based meth-
ods dominate current benchmarks, they perform
inference through static similarity matching in la-
tent spaces, lacking explicit reasoning processes
and struggling to model multi-hop dependencies
or provide interpretable decisions (Bordes et al.,
2013; Sun et al., 2019; Dettmers et al., 2018).

To address these limitations, path-based rea-
soning methods reformulate KGC as a sequential

decision-making problem on graphs (Xiong et al.,
2018), where an agent navigates from a source en-
tity by iteratively selecting relations and entities.
Representative work such as MINERVA formulates
multi-hop reasoning as a POMDP and enables re-
inforcement learningbased graph navigation (Das
et al., 2018). However, traditional path-based meth-
ods remain constrained by exponentially growing
search spaces and limited generalization: policies
learned over symbolic or embedding-level actions
often overfit to local structural patterns and fail to
generalize across semantically equivalent but topo-
logically distinct paths (Ma et al., 2025; Lin et al.,
2018).

Recent advances in large language models
(LLMs) offer a natural extension to path-based rea-
soning (Wei et al., 2023). By operating in a seman-
tic space, LLMs can abstract relational meanings
and functional roles of paths, enabling stronger
semantic generalization than conventional policy
networks (Ahn et al., 2022). In parallel, direct fine-
tuning approaches such as KG-FIT (Jiang et al.,
2024) and SAT (Liu et al., 2025) encode KG triples
as textual sequences, leveraging the generative ca-
pacity of LLMs without explicit graph navigation.
LLM-based graph reasoning frameworks leverage
step-wise interaction (Yao et al., 2023) to perform
multi-hop inference, demonstrating improved flexi-
bility in complex decision making. However, this
semantic expressiveness comes at a substantial cost.
In graph reasoning, decision spaces grow combi-
natorially, and multiple reasoning paths may lead
to the same correct answer (Das et al., 2018; Lei
et al., 2020; Lin et al., 2018). As a result, naively
training LLM-based agents to imitate full trajecto-
ries is inefficient, redundant, and often misaligned
with the final reasoning objective.

These observations motivate a key question: how
can LLMs acquire path-based reasoning without
imitating full trajectories? We argue that effective
training should focus on high-information decision
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signals rather than exhaustive path imitation (Russo
and Roy, 2014; Auer et al., 2002). Our contribu-
tions are:

• Active Reasoning Distillation (ARD): a
non-stationary bandit formulation for trajec-
tory synthesis that jointly models distribution
alignment, relation difficulty, and uncertainty,
adaptively allocating a fixed budget toward
learnable relations.

• Implicit Reasoning Distillation (IRD): we
identify a semantic–topological mismatch in
teacher-generated reasoning. Among 5,000
analyzed trajectories, only 2.2% contain ex-
plicit topological violations, whereas 89.6%
are classified as implicit semantic misalign-
ment: their graph actions remain valid, yet the
resulting reasoning trajectory leads to an incor-
rect prediction. IRD addresses this mismatch
through action-centric masking, training the
policy on grounded actions without imitating
the teacher’s full CoT.

• Step-wise GRPO with MAB-guided roll-
out: a critic-free RL stage that unifies bandit-
based sampling across both training phases,
achieving state-of-the-art Hits@1 on YAGO3-
10 (0.572) while training on trajectories cov-
ering only 6.6% of entities.

2 Related Work

Knowledge Graph Completion. Early research
was dominated by embedding-based methods,
which map entities and relations into vector spaces.
Representative models like TransE (Bordes et al.,
2013), ComplEx (Trouillon et al., 2016), and Ro-
tatE (Sun et al., 2019), along with structure-aware
extensions (e.g., Schlichtkrull et al. (2017) and
Vashishth et al. (2020)), achieve strong perfor-
mance on benchmarks like YAGO3-10 (Suchanek
et al.). To address the lack of explicit reason-
ing, path-based approaches formulate KGC as
a multi-step decision process (e.g., MultiHop (Lin
et al., 2018), M-Walk (Shen et al., 2018), and
RuleGuider (Lei et al., 2020)). Notably, MIN-
ERVA (Das et al., 2018) models reasoning as a
POMDP via reinforcement learning, establishing
an end-to-end paradigm. Despite improving in-
terpretability, these methods grapple with expo-
nentially large search spaces, unstable training dy-
namics (Ma et al., 2025), and limited semantic
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Figure 1: Illustration of the ReAct-style sequential deci-
sion process on the knowledge graph.

generalization due to their reliance on symbolic
representations (Lin et al., 2018).

PLMs and LLM Agents for KGC. Pretrained
Language Models (PLMs) such as KG-BERT (Yao
et al., 2019), SaTR (Wang et al., 2021), and
SimKGC (Wang et al., 2022) enhance semantic
modeling by encoding triples as text. However,
they remain fundamentally similarity-based, serv-
ing as semantic encoders rather than performing
explicit sequential reasoning. Recently, Large Lan-
guage Models (LLMs) have evolved into agents
capable of interleaving reasoning and action (Zhao
et al., 2025; Tan et al., 2025). Frameworks like
ReAct (Yao et al., 2023), combined with policy
optimization algorithms such as PPO (Schulman
et al., 2017) and GRPO (Shao et al., 2024), have
demonstrated effectiveness in complex reasoning
tasks (Shinn et al., 2023). In parallel, direct LLM
fine-tuning approaches such as KG-FIT (Jiang
et al., 2024) and SAT (Liu et al., 2025) encode KG
triples as textual sequences for generative training,
achieving competitive results by leveraging the se-
mantic capacity of pretrained LMs without explicit
graph traversal. Nevertheless, adapting these agent
frameworks to large-scale KGC remains challeng-
ing due to rigid structural constraints, vast discrete
action spaces, and low sample efficiency.

3 Methodology

3.1 Preliminaries

A knowledge graph G = (E ,R, T ) consists of en-
tities E , relations R, and triples T = {(h, r, t)}.
KGC answers queries (h, r, ?) by ranking candi-
date tail entities.

We formulate multi-hop reasoning as a POMDP
(Figure 1). Given a query q = (h, r, ?), at step t
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Figure 2: Overview of the Active Reasoning Distilla-
tion framework. The MAB Selector dynamically priori-
tizes relations through a hierarchical acquisition func-
tion. Teacher-generated trajectories are validated and
fed back to update the bandit statistics in a closed loop.

the agent positioned at entity et observes a local
subgraph Ot and conditions on xt = (q,Ot). The
LLM parameterizes a stochastic policy over the vo-
cabulary V (full prompt template in Appendix E):

Pθ(w | xt) = Softmax(Logitsθ(xt)) . (1)

The action space has two types. A path-
expansion action aft = (r′, e′) follows an outgoing
edge (et, r′, e′) ∈ G. A termination action apt = Lt

outputs a ranked candidate list Lt = [c1, . . . , ck]
(k ≤ Kmax) in descending confidence, with proba-
bility:

P (apt | xt) ∝
k∏

i=1

Pθ(ci | xt, c<i). (2)

A trajectory τ = (o0, a0, . . . , aT ) ends with a
terminal predict_tail action producing LT . The
objective maximizes the probability of ranking the
ground-truth entity e∗ in LT :

J(θ) = Eτ∼πθ

[
I(e∗ ∈ LT )

]
. (3)

Directly optimizing this objective is prohibitive:
the graph branches exponentially, and rewards
are sparse (binary success at trajectory termina-
tion). We address this through two stages—first
bootstrapping the policy from selectively distilled
teacher trajectories (Section 3.2), then reinforce-
ment fine-tuning (Section 3.3).

3.2 Distillation-Based Policy Bootstrapping
3.2.1 Active Reasoning Distillation (ARD)
We cast trajectory synthesis under a fixed budget
as a non-stationary multi-armed bandit (Figure 2),
where the reward distribution shifts as per-relation
success rates evolve with accumulated trajectories.
Each relation r ∈ R is an arm; pulling arm r

randomly selects a head entity h from the training
triples of r to form query (h, r, ?), then queries
a teacher LLM for a trajectory. The goal is to
allocate budget toward relations yielding learnable
trajectories rather than uniform exploration.

Composite Acquisition Function. The priority
score for relation r at iteration t combines three
terms:

St(r) = Idist(r) + λ1Idiff(r) + λ2Iunc(r), (4)

where λ1 > λ2 prioritizes learnability-driven sam-
pling over pure exploration.

Distribution Alignment. Let P ∗(r) denote the
empirical relation frequency in the training set,
Ntotal the total budget, and Nt(r) the number of
valid trajectories collected for r up to iteration t.

Idist(r) = max
(
0,

NtotalP
∗(r)−Nt(r)

NtotalP ∗(r) + ε

)
(5)

This term prioritizes relations whose trajectory
count trails their target quota.

Difficulty Awareness. Beyond coverage, not
all relations are equally learnable. Let µt(r) =
Vt(r)/At(r) be the empirical success rate for r,
where At(r) and Vt(r) count total attempts and
valid trajectories. A relation is abandoned when
At(r) > Aabandon yet µt(r) < µmin. We model
learnability via a Gaussian window centered at
µtarget:

Idiff(r) =




0, abandoned,

exp
(
− (µt(r)−µtarget)2

2σ2

)
, otherwise.

(6)
Gated Uncertainty Exploration. We encour-

age exploration of under-sampled relations while
suppressing unlearnable ones by gating the UCB
term with µt(r)

γ :

Iunc(r) =

√
2 ln(

∑
r′ Nt(r′) + 1)

Nt(r) + 1
· µt(r)

γ . (7)

Closed-Loop Distillation. ARD proceeds itera-
tively: St is Softmax-transformed into a sampling
distribution; a batch of relations is drawn, queries
are instantiated and submitted to the teacher; Nt(r)
and µt(r) are updated from trajectory validity. The
three acquisition terms interact dynamically: early
iterations are dominated by distribution alignment
(broad coverage), mid-stage by difficulty aware-
ness (concentrating on the learnability window),
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Figure 3: Implicit Reasoning Distillation (IRD). (A)
Semantic–Topological Mismatch: semantically plau-
sible teacher reasoning does not always translate into
correct graph-constrained decisions. (B) Action-centric
masking: gradients are restricted to grounded action to-
kens, reducing supervision from potentially misaligned
CoT.

and late-stage by gated uncertainty (suppressing
exhausted or hopeless relations). This phase transi-
tion, visualized in Appendix C, yields an adaptive
curriculum under a fixed budget. Each synthesized
trajectory pairs grounded actions with the teacher’s
CoT reasoning. As we show next, the free-form
reasoning can be semantically plausible yet mis-
aligned with the graph-constrained decision pro-
cess.

3.2.2 Implicit Reasoning Distillation (IRD)
To mitigate the semantic–topological mismatch in-
troduced by explicit CoT supervision (quantified in
Appendix B; Figure 3), we propose Implicit Rea-
soning Distillation (IRD). Rather than directly su-
pervising the student with the teacher’s full free-
form reasoning trace, IRD treats reasoning as a
latent variable and optimizes the policy through
grounded action supervision, reducing its depen-
dence on potentially misaligned CoT.

Theoretical Motivation. LLM reasoning can be
understood as an interaction between two mani-
folds: the continuous semantic manifold Msem
from pretraining, and the discrete topological man-
ifold Gtopo of the knowledge graph. Teacher-
generated traces zsyn, sampled from Msem, may
diverge from the structured decisions required by
Gtopo. We distinguish explicit topological viola-
tions, where a navigation action does not corre-
spond to a valid KG edge, from grounded but
outcome-misaligned trajectories, where all exe-
cuted edges are valid but the final prediction is
incorrect. Across 5,000 teacher trajectories on
YAGO3-10, 89.6% fall into the latter category,
while only 2.2% contain explicit topological vi-

olations (Appendix B).
This mismatch creates two problems for ex-

plicit CoT supervision. First, spurious correla-
tion: when the teacher’s free-form reasoning is mis-
aligned with the graph-constrained decision while
the associated action remains useful for supervi-
sion, directly optimizing the full CoT can encour-
age the student to model irrelevant or misleading
reasoning signals. Second, high-variance gradi-
ents: the CoT trace spans many tokens whose gra-
dient ∇ logPθ(zsyn | x) competes with the action
gradient, diluting supervision on the decisions that
matter. By masking CoT tokens and backpropagat-
ing only through actions, IRD reduces exposure to
both sources of noise and concentrates the training
signal on the state-to-action mapping.

Action-Centric Optimization. We implement
IRD via step-wise behavioral cloning with an
action-centric masking strategy. Given a flattened
trajectory sequence X = [xt; yt], we construct a
binary mask M where Mi = 1 if Xi ∈ Tokens(yt)
and 0 otherwise. The objective is:

LBC(θ) = −E(x,y)∼Dstep

∑

i

Mi logPθ(Xi | X<i).

(8)
Importantly, IRD primarily serves as an action-
grounded policy initialization rather than the final
optimization stage. On YAGO3-10, the IRD/SFT-
only policy achieves 0.324 Hits@1, which is sub-
sequently improved to 0.568 by GRPO. By con-
centrating supervision on executable graph actions,
IRD provides a lower-noise initialization for subse-
quent policy optimization.

3.3 Reinforcement Fine-Tuning with
Bandit-Guided Rollout

3.3.1 Step-wise GRPO
Starting from the IRD-initialized policy πBC, we
refine it via Step-wise Group Relative Policy Op-
timization (GRPO), a critic-free algorithm using
group-based relative feedback (Figure 4).

Rank-Aware Reward & Advantage. To mit-
igate the “hedging” phenomenon where models
generate excessive candidates, we define a Rank-
Aware Reward that strictly enforces Top-1 preci-
sion while penalizing path length:

R(τ) =
I(egold ∈ Lpred)

Rank(egold)
− λlen(|τ | − 1). (9)

For each query, we sample a group of G trajectories.
The advantage Ai for trajectory τi is computed by
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Step-wise GRPO with Relative Advantage
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Figure 4: Step-wise GRPO with Relative Advantage.
The process iterates through: (1) sampling a group of
trajectories; (2) computing relative advantages based on
rank-aware rewards; and (3) updating the policy directly
to reinforce high-quality reasoning paths without a critic
network.

normalizing rewards against the group statistics:
Ai = (Ri − µR)/(σR + ε). To address tempo-
ral credit assignment, we modulate this advantage
with an exponential decay weight ωi,t = γTi−t,
assigning higher credit to actions closer to the fi-
nal prediction—critical in graph navigation, where
early exploration decisions determine which sub-
graph is reachable. The GRPO objective maxi-
mizes the weighted likelihood of step-wise actions
while penalizing deviation from the reference pol-
icy πref:

LGRPO(θ) =− 1

G

G∑

i=1

|τi|∑

t=1

ωi,t

[
Ai log πθ(ai,t | xi,t)

− βDKL
(
πθ||πref

)
t

]
,

(10)

where DKL(·)t is the per-step KL penalty for train-
ing stability.

3.3.2 MAB-Guided Rollout Sampling
Each GRPO iteration requires sampling rollout
queries. Uniform sampling wastes budget on rela-
tions the policy already masters. We extend the ban-
dit principle to the RL phase: per-relation success
rates from the preceding evaluation determine sam-
pling weights, assigning higher weight to relations
where the policy struggles. However, naively con-
centrating all rollout budget on the hardest relations
introduces a training stability risk: in early RL iter-
ations, when the policy is still fragile, batches dom-
inated by near-impossible queries produce sparse,
noisy rewards that can destabilize the policy before
it consolidates basic graph navigation patterns.

To mitigate this, we introduce a Relation Buffer
term that guarantees every relation a minimum sam-

Dataset Entity Relation Train Valid Test

YAGO3-10 123,182 37 1,079,040 5,000 5,000
NELL-995 75,492 200 154,213 543 2,818

Table 1: Summary statistics of benchmark datasets.

pling probability, preventing the distribution from
collapsing to extreme difficulty. Formally, given
the policy’s per-relation success rate µeval

t (r) at RL
iteration t, the sampling weight for relation r is

w(r) =
(
1− µeval

t (r)
)

︸ ︷︷ ︸
difficulty

+ β︸︷︷︸
buffer

, (11)

where β > 0 controls the minimum allocation
share. The rollout query distribution is then

P (r) =
w(r)∑
r′ w(r

′)
. (12)

When β is small, allocation is dominated by failure
rates, concentrating updates on weaknesses; when
β is large, the distribution approaches uniformity,
ensuring even mastered relations (µeval

t → 1) retain
a non-negligible sampling probability.

Together with ARD, this forms a unified bandit-
based data selection strategy spanning both training
stages.

4 Experiment

4.1 Experimental Setup
Datasets We evaluate our method on two distinct
benchmarks: YAGO3-10 (Suchanek et al.) and
NELL-995 (Xiong et al., 2018). YAGO3-10 is
a large-scale subset of YAGO3, characterized by
a high number of entities and a long-tail relation
distribution, serving as a stress test for scalabil-
ity. NELL-995, derived from the Never-Ending
Language Learning system, serves as a standard
testbed for multi-hop reasoning. It features com-
plex path dependencies and specific reasoning tasks
that rigorously test the agent’s ability to perform
logical deduction over multiple steps. Table 1 sum-
marizes the statistics of these datasets. We exclude
FB15k-237 and WN18RR; justification is provided
in Appendix A.

Evaluation Metrics We assess performance us-
ing standard KGC metrics: Mean Reciprocal Rank
(MRR) and Hits@k (k = 1, 10). Hits@k measures
the proportion of test triples where the ground-truth
entity is ranked within the top-k candidates. We
employ the filtered ranking setting proposed by
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Bordes et al. (2013), excluding other known true
triples (h, r, t′) ∈ Gtrain ∪ Gvalid ∪ Gtest (t′ 6= t)
during evaluation.

For LLM-based prediction, entity names re-
turned by predict_tail are mapped to KG entity
IDs using case-insensitive exact matching, and the
ranked valid candidates are used for metric compu-
tation. For SC@10, we independently sample 10
reasoning trajectories with temperature 0.7 and ag-
gregate their final predictions via majority voting.

Implementation Details. We employ DeepSeek-
V3.2 (DeepSeek-AI, 2025) as the teacher to synthe-
size ARD-curated trajectories, yielding 4,498 valid
trajectories for YAGO3-10 and 12,654 for NELL-
995 (detailed synthesis statistics in Appendix D).
The student model, Qwen3-8B (Yang et al., 2025),
undergoes full-parameter SFT followed by Step-
wise GRPO, both on 8×A100 GPUs with Deep-
Speed ZeRO-3. Full hyperparameters are provided
in Appendix D.

Table 2 details the coverage profile of the ARD-
synthesized trajectories relative to the full training
graphs.

Table 2: Trajectory coverage statistics. Unique Query
Triples counts distinct (h, r, ?) queries; Unique Entities
counts distinct entities appearing in any state or obser-
vation; Unique Edges counts distinct (h, r, t) traversed.
Percentages denote coverage of the full-graph entity set
(123,182 for YAGO3-10, 75,492 for NELL-995).

YAGO3-10 NELL-995

Synthesized trajectories 4,498 12,654
Unique query triples 4,439 5,996
Unique entities 8,113 7,055

(% of full graph) (6.6%) (9.3%)
Unique edges traversed 5,483 6,262
Relations covered 34/37 182/200

Full-graph training triples 1,079,040 154,213

On YAGO3-10, the ARD process yields 4,498
valid trajectories covering 4,439 distinct queries
across 34 of 37 relations; the three uncovered re-
lations receive negligible allocation due to persis-
tently low teacher success rates—a consequence of
Idist and Idiff in Eq. 4 that jointly suppress unpro-
ductive exploration. On NELL-995, 12,654 trajec-
tories span 182 of 200 relations; the remaining 18
are extreme long-tail cases where the teacher failed
to produce valid reasoning chains despite extended
exploration. This coverage profile highlights a key
distinction from embedding-based methods: AdaG-
Reason trains exclusively on relation-diverse, ARD-

filtered trajectories rather than the full triple set.
The resulting trajectories cover only 6.6% and 9.3%
of graph entities, respectively, indicating that the
student is trained from a sparse subset of the avail-
able graph supervision. Here, sample efficiency
refers to the amount and coverage of retained su-
pervision used for student training, rather than end-
to-end computational efficiency; detailed synthesis
and training costs are reported in Appendix D.5.

4.2 Main Results
Table 3 presents the performance comparison
against a broad range of state-of-the-art baselines
on both datasets. We include classical and con-
temporary embedding-based models, recent neural
graph reasoning approaches, and text-based meth-
ods.

Precision and the Role of Design Choices.
AdaG-Reason achieves the highest Hits@1 on both
datasets (0.572 on YAGO3-10; 0.518 on NELL-
995), surpassing KNOWFORMER, and reaches
MRR 0.597 on YAGO3-10. This precision fol-
lows from the design choices in Section 3. ARD’s
bandit curriculum (Section 3.2) ensures the policy
is bootstrapped from learnable trajectories rather
than uniformly sampled noise. IRD’s action-centric
masking (Section 3.2.2) avoids directly supervising
the student with potentially misaligned CoT to-
kens, reducing the impact of semantic–topological
mismatch during distillation. GRPO with MAB-
guided rollout (Section 3.3) further sharpens the
policy by concentrating reinforcement signals on
relations where the model is most uncertain. On
NELL-995, this precision focus comes at a trade-
off in MRR (0.558 vs. KNOWFORMER 0.566),
reflecting the rank-aware reward’s structural bias
toward Top-1 accuracy. Each component addresses
a specific source of optimization noise, and the
consistent Top-1 accuracy across two structurally
distinct benchmarks suggests that their combined
effect favors decisive, high-confidence predictions.

Relational Complexity vs. Entity Scale.
YAGO3-10 (123k entities, 37 relations) achieves
higher absolute performance than NELL-995 (75k
entities, 200 relations) under the same training
paradigm. This counter-intuitive result—the larger
entity set yielding better performance—aligns with
the bandit formulation of ARD: the difficulty of
path-based KGC is not determined by the num-
ber of entities but by the diversity of the relation
space. YAGO3-10’s 37 hierarchically clear re-
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Table 3: Main Results on YAGO3-10 and NELL-995. The best results are highlighted in bold, and the second-best
are underlined. ± denotes standard deviation over 3 training seeds. Direct: greedy single-path decoding; SC@10:
self-consistency decoding with 10 paths.

Method YAGO3-10 NELL-995

MRR H@1 H@10 MRR H@1 H@10

TransE (Bordes et al., 2013) 0.510 0.413 0.681 0.507 0.424 0.648
RotatE (Sun et al., 2019) 0.495 0.402 0.670 0.508 0.448 0.608
DistMult (Yang et al., 2015) 0.566 0.491 0.704 0.510 0.438 0.636
HousE (Li et al., 2022) 0.571 0.491 0.714 0.519 0.458 0.618
AdaProp (Zhang et al., 2023) 0.573 0.510 0.685 0.554 0.493 0.655
NBFNet (Zhu et al., 2022) 0.563 0.480 0.708 0.525 0.451 0.639
DRUM (Sadeghian et al., 2019) 0.531 0.453 0.676 0.532 0.460 0.662
CompGCN (Vashishth et al., 2020) 0.421 0.392 0.577 0.463 0.383 0.596
SimKGC (Wang et al., 2022) 0.211 0.141 0.351 0.501 0.426 0.653
KNOWFORMER (Liu et al., 2024) 0.615 0.547 0.734 0.566 0.502 0.675
KG-FIT (Jiang et al., 2024) 0.568 0.474 0.718 - - -
SAT (Liu et al., 2025) 0.616 0.525 0.726 - - -

AdaG-Reason (Direct) 0.597±0.007 0.568±0.008 0.640±0.006 0.539±0.008 0.518±0.009 0.565±0.007
AdaG-Reason (SC@10) 0.617±0.004 0.572±0.005 0.678±0.004 0.558±0.005 0.518±0.005 0.613±0.004

lations present a concentrated learning problem,
while NELL-995’s 200 diverse relations demand
complex, long-range reasoning chains that stretch
the capacity of both teacher and student. This ob-
servation suggests that relation diversity and rea-
soning depth may be more informative indicators
of difficulty than entity count alone in agent-based
KGC.

Self-Consistency and the Single-Path Trade-off.
Direct decoding trails global embedding methods
on Hits@10, reflecting the recall limitation inherent
in greedy single-path inference. Self-consistency
decoding (SC@10) bridges this gap without retrain-
ing: sampling 10 independent paths and aggregat-
ing via majority voting raises YAGO3-10 MRR
to 0.617, surpassing KNOWFORMER, and lifts
Hits@10 to 0.678. That an opt-in, training-free
decoding strategy closes much of the gap suggests
that a substantial portion of the Hits@10 deficit
arises from the high-confidence search behavior en-
couraged by the rank-aware reward (Section 3.3.1),
which prioritizes Top-1 precision over recall.No-
tably, SC@10 yields marginal H@1 improvement
on both datasets (+0.004 on YAGO3-10, +0.000
on NELL-995), indicating that the policy’s top-
ranked prediction is already accurate and stable;
the gain from self-consistency lies in recovering
correct candidates that fall outside the top-1, not in
correcting the top-1 itself.

4.3 Ablation Studies

We conduct comprehensive ablation studies on the
YAGO3-10 dataset to validate our architectural

choices and training mechanisms.

4.3.1 Impact of Reasoning Modality
We contrast our implicit reasoning paradigm
against three baselines: (1) Zero-shot ReAct (using
Qwen3-32B-Instruct as a comparable-scale refer-
ence; the 8B-Instruct variant was unavailable at the
time of experiments); (2) Direct SFT, which treats
KGC as internal memorization; and (3) Explicit
Chain-of-Thought (CoT) ReAct. All fine-tuned
variants use Qwen3-8B and are evaluated after the
IRD/SFT stage. Results on YAGO3-10 and NELL-
995 are shown in Table 4.

Table 4: Ablation on reasoning modality on YAGO3-10
and NELL-995. Models are evaluated after the IRD/SFT
stage under full-parameter training.

Variant YAGO3-10 NELL-995

MRR H@1 MRR H@1

Zero-shot ReAct 0.067 0.066 0.026 0.026
Memorization SFT 0.063 0.063 0.120 0.116
CoT ReAct SFT 0.152 0.147 0.216 0.209
AdaG-Reason SFT only 0.324 0.324 0.339 0.339

ReAct vs. Memorization. Zero-shot ReAct and
Direct SFT both perform poorly, supporting the
premise of our agent design: large-scale KGC is
fundamentally a reasoning-and-acting task rather
than one that relies solely on internal knowledge
recall. Parametric memory alone is insufficient
to cover the rich factual relations in large-scale
knowledge graphs, supporting the POMDP formu-
lation in Section 3.1 that requires active graph ex-
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ploration.

Implicit vs. Explicit Reasoning. Across both
datasets, CoT ReAct SFT substantially under-
performs IRD, providing further support for the
semantic–topological mismatch analysis in Sec-
tion 3.2.2. Explicit reasoning traces generated by
the teacher in semantic space may deviate from
effective decision paths in the graph environment;
forcing the student to imitate these intermediate
reasoning traces can therefore introduce additional
optimization noise. By restricting supervision to
grounded actions, IRD enables the student to learn
a more direct mapping from graph states to struc-
turally valid actions, yielding a stronger initializa-
tion for subsequent policy optimization.

4.3.2 Impact of Learning Paradigm
We isolate the contribution of the RL stage by com-
paring the supervised baseline (IRD/SFT-Only) ver-
sus the full pipeline (SFT + GRPO). Results are
shown in Table 5. Full-parameter SFT alone yields

Table 5: Ablation on Impact of Learning Paradigm. Full-
parameter SFT vs. SFT + GRPO.

Dataset Stage MRR H@1 H@10

YAGO3-10 Full SFT only 0.324 0.324 0.325
YAGO3-10 Full SFT + GRPO 0.597 0.568 0.640
YAGO3-10 + SC@10 0.617 0.572 0.678

NELL-995 Full SFT only 0.339 0.339 0.340
NELL-995 Full SFT + GRPO 0.539 0.518 0.565
NELL-995 + SC@10 0.558 0.518 0.613

near-identical H@1 and H@10 on both datasets,
indicating that the policy gains little benefit from
ranking additional candidates at this stage. GRPO
substantially improves MRR and Hits@k on both
datasets, demonstrating the importance of subse-
quent policy optimization beyond supervised ini-
tialization. The rank-aware reward (Section 3.3.1)
is designed to reward precise Top-1 predictions
while penalizing hedging, encouraging the policy
to place greater confidence on high-ranked can-
didates. SC@10 further lifts YAGO3-10 MRR
to 0.617, showing that additional inference-time
sampling can further improve candidate ranking
without retraining.

4.3.3 Impact of Bandit-Based Adaptive
Sampling

We evaluate bandit-based adaptive sampling at both
the data synthesis and RL rollout stages on YAGO3-
10 (Table 6). At the synthesis stage, we compare

topology-only BFS sampling, uniform teacher dis-
tillation, and ARD. At the RL stage, we indepen-
dently vary the rollout strategy under both uniform
and ARD-based SFT initializations.

Table 6: Data synthesis and RL rollout strategies on
YAGO3-10.

SFT Rollout MRR H@1

SFT only
BFS Random – 0.047 0.043
Uniform – 0.206 0.204
ARD – 0.324 0.324

SFT + GRPO
Uniform Uniform 0.456 0.423
Uniform MAB 0.525 0.491
ARD Uniform 0.526 0.505
ARD MAB 0.597 0.568
ARD MAB + SC@10 0.617 0.572

Effect of Adaptive Sampling. At the synthe-
sis stage, BFS Random produces topologically
valid but semantically unguided trajectories and
performs poorly, highlighting the importance of
teacher-guided trajectory generation. Uniform
teacher sampling substantially improves over BFS
Random, while ARD further improves the SFT
initialization by adaptively allocating the synthe-
sis budget toward more learnable relations. Im-
portantly, this advantage persists after subsequent
GRPO training.

At the RL stage, MAB-guided sampling con-
sistently outperforms uniform sampling under
both SFT initialization strategies, suggesting that
relation-difficulty-aware rollout allocation provides
additional gains beyond those obtained from adap-
tive distillation. Overall, adaptive allocation is
beneficial at both data synthesis and RL explo-
ration stages, with ARD and MAB-guided rollout
achieving the strongest training-time performance.
SC@10 further improves the final result at infer-
ence time without additional training.

ARD Allocation Behavior. The ARD bandit
policy dynamically allocates the synthesis budget
across three regimes: easy relations are exploited
early and throttled upon convergence, medium-
difficulty relations receive the majority of invest-
ment, and persistently hard relations are suppressed
to prevent low-quality trajectories from diluting the
training signal. The complete analysis and visual-
ization are provided in Appendix C.
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4.4 Reasoning Depth Analysis

To analyze the actual reasoning depth of the learned
policy, we group test trajectories by the number
of graph-navigation steps executed before the fi-
nal prediction and report the trajectory ratio and
Hits@1 at each depth.

Table 7: Performance across reasoning depths. Ratio
denotes the proportion of test trajectories terminating at
each depth.

Steps YAGO3-10 NELL-995

Ratio H@1 Ratio H@1

1 5.7% 0.341 4.1% 0.291
2 23.2% 0.769 17.6% 0.688
3 33.9% 0.738 30.5% 0.651
4 23.9% 0.436 27.1% 0.491
5 13.4% 0.188 20.7% 0.228

Across both datasets, most trajectories involve
multi-step graph navigation, while only a small
fraction terminate after a single step. Performance
is strongest at intermediate depths of 2–3 steps
and degrades noticeably as trajectories become
longer. This pattern indicates that the policy can
effectively exploit moderate-depth multi-hop paths,
while longer reasoning chains remain more suscep-
tible to path uncertainty and error accumulation.

5 Conclusion

We present AdaG-Reason, a framework where
LLM agents acquire graph reasoning through
actively curated demonstrations (ARD), action-
grounded supervision (IRD), and trial-and-error
refinement (Step-wise GRPO). Our analysis iden-
tifies a semantic–topological mismatch in teacher
supervision: explicit topological violations are rare
(2.2%), whereas 89.6% of analyzed trajectories ex-
hibit implicit semantic misalignment. This finding
motivates IRD’s action-centric supervision, which
avoids direct imitation of the teacher’s full CoT.
Across YAGO3-10 and NELL-995, AdaG-Reason
consistently improves Top-1 prediction through
adaptive data selection and policy optimization.
On YAGO3-10, it achieves state-of-the-art Hits@1
(0.572) while training on trajectories covering only
6.6% of graph entities.
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Limitations

ARD relies on the teacher producing at least a
minimal number of valid trajectories per relation;
relations where the teacher consistently fails re-
ceive little or no allocation (3/37 on YAGO3-10
and 18/200 on NELL-995), limiting the framework
on queries beyond the teacher’s reasoning compe-
tence. Although the retained supervision used for
student training is sparse, ARD still incurs substan-
tial teacher-side synthesis cost because trajectory
generation requires repeated API calls and filtering.

The current framework is primarily designed
and optimized for graph reasoning settings repre-
sented by YAGO3-10 and NELL-995, where ex-
plicit multi-step navigation and relational composi-
tion play an important role. Its effectiveness may
not directly transfer to datasets with substantially
different graph structures or reasoning character-
istics, such as regimes dominated by short-range
associations, highly hierarchical relations, or differ-
ent connectivity patterns. Adapting the sampling
strategy, navigation policy, or training objective to
such graph regimes remains an important direction
for future work.

The single-path formulation favors Top-1 accu-
racy at the expense of candidate recall; although
SC@10 partially mitigates this trade-off at infer-
ence time, it introduces additional latency. More
generally, AdaG-Reason incurs higher inference
cost than embedding-based methods because each
query requires sequential model interaction and
multiple forward passes.
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A Applicability Scope and Dataset
Selection

In this work, we primarily study explicit logical
reasoning over graph structures, where inference re-
quires multi-hop traversal and structured decision-
making, rather than implicit semantic similarity
matching. Accordingly, we conduct experiments
on YAGO3-10 and NELL-995, which are com-
monly used benchmarks for path-based and rule-
like reasoning. In this appendix, we clarify the
scope of our evaluation and discuss the considera-
tions behind excluding FB15k-237 and WN18RR.

Reasoning Type: Logical Inference vs. Se-
mantic Correlation. FB15k-237 contains a large
number of relations whose predictions can often
be resolved through direct semantic associations
between entities (e.g., /award/award_nominee
↔ /award/award_winner). Prior work has
shown that embedding-based models (e.g., Ro-
tatE, TuckER) are particularly effective in such set-
tings by capturing symmetric or anti-symmetric pat-
terns in a continuous latent space. In contrast, our
method focuses on explicit path-based reasoning,
where correct predictions depend on composing
multiple relational steps (e.g., A bornIn−−−→ B

locatedIn−−−−−→
C ⇒ A

nationality−−−−−→ C). YAGO3-10 and NELL-995
contain a higher proportion of such multi-hop, rule-
like relational patterns, making them more suitable
for evaluating sequential decision-making agents.
As a result, we do not expect the advantages of
explicit reasoning policies to be fully reflected on
FB15k-237.

Graph Topology and Relational Diversity.
WN18RR exhibits a predominantly hierarchical
structure with a low average node degree, where
reasoning is largely constrained to hypernym and
hyponym relations. While this dataset is well-
suited for studying hierarchical representation
learning, it provides limited relational diversity
for evaluating general-purpose graph navigation
agents. By contrast, YAGO3-10 and NELL-995
exhibit heterogeneous and long-tailed relation dis-
tributions, requiring models to generalize from fre-
quent relations to sparsely observed ones. This
property aligns with our focus on sample-efficient
reasoning under sparse supervision, which consti-
tutes a central motivation of our work.

Scope of LLM-based Agents. Our framework
is designed for scenarios in which reasoning re-
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quires explicit multi-step decision-making under
structural constraints. In datasets where answers
are frequently reachable within one hop or can be
inferred via surface-level semantic similarity, the
computational overhead of LLM-based agents may
not translate into clear empirical gains. Therefore,
we restrict our evaluation to benchmarks where
structured reasoning is expected to play a more
prominent role. We leave a systematic study of
extending AdaG-Reason to other dataset regimes,
including dense or hierarchy-dominated graphs, to
future work.

B Semantic-Topological Mismatch
Quantification

To quantify semantic–topological mismatch in
teacher-generated trajectories, we analyze 5,000
reasoning traces produced by DeepSeek-V3.2 on
YAGO3-10. The classification is deterministic and
requires no manual labeling. It is based on whether
each executed follow_edge action corresponds to
an edge available in the current KG observation
and whether the terminal prediction matches the
ground-truth tail. Each trajectory is assigned to one
of the following categories:

• Successful (207, 4.1%): The trajectory pro-
duces the correct target entity through graph-
based reasoning.

• Explicit Topological Violation (109, 2.2%):
At least one executed follow_edge action at-
tempts to traverse an edge that is not present
in the current KG observation.

• Implicit Semantic Misalignment (4,480,
89.6%): All executed follow_edge actions
correspond to valid KG edges, but the trajec-
tory ultimately produces an incorrect tail pre-
diction.

• Single-Step Guess (204, 4.1%): The agent in-
vokes predict_tail without graph traversal.

The breakdown reveals a marked asymmetry: ex-
plicit violations of graph structure are rare (2.2%),
whereas the dominant failure mode consists of tra-
jectories that remain grounded in valid graph edges
but terminate at an incorrect entity (89.6% of all
analyzed trajectories). This asymmetry motivates
IRD (Section 3.2.2): rather than requiring the stu-
dent to imitate the teacher’s full intermediate rea-
soning text, IRD restricts supervision to grounded,

executable actions, reducing the influence of rea-
soning signals that are not aligned with the final
graph decision.

C ARD Resource Allocation Analysis

Figure 5 illustrates how the MAB policy optimizes
the synthesis budget on NELL-995. The joint anal-
ysis of temporal evolution (Panel A) and final effi-
ciency (Panel B) reveals a strategic transition from
correctness to utility via three mechanisms:

Saturation-Aware Throttling. Easy relations
are exploited early but throttled upon convergence
(Panel A, Red), producing a counter-intuitive in-
version where the highest-performing tasks receive
minimal final investment (Panel B, Top-Left) to
prevent overfitting on trivial patterns.

Dynamic Stratification. Resources shift to the
medium-difficulty learnability window (Panel A,
Green); the majority of the budget concentrates on
these high-gradient tasks (Panel B, Warm Colors),
maximizing their contribution to the student model.

Cost-Effective Pruning. Hard relations undergo
active suppression (Panel A, Gray) into sustained
low-resource exploration (Panel B, Bottom), pre-
venting high-uncertainty failures from diluting data
quality while maintaining coverage of long-tail
knowledge.

D Implementation Details

D.1 Hardware and Environment

All training experiments were conducted on 8 ×
NVIDIA A100 80G GPUs using DeepSpeed ZeRO-
3. The software environment includes PyTorch 2.6,
CUDA 12.6, and HuggingFace Transformers. For
GRPO results, we report the mean and standard
deviation over 3 independent runs with different
random seeds (42, 123, 456). Due to the non-
deterministic nature of the DeepSeek API, teacher-
generated trajectories may vary across API calls;
we will therefore release all synthesized trajectories
alongside our code to facilitate reproducibility.

D.2 Active Reasoning Distillation (ARD)

Hyperparameters. In the composite acquisition
function (Eq. 4), we set the coefficients for diffi-
culty and uncertainty as λ1 = 1 and λ2 = 0.3,
giving distribution alignment and difficulty equal
emphasis while moderating the uncertainty-driven
exploration to prevent unproductive sampling from
dominating the acquisition score.
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Figure 5: Visualization of Dynamic Resource Allocation in ARD. Panel A traces the temporal evolution of allocation
quotas, illustrating the strategic shift from early exploration of simple relations to a focused exploitation of learnable,
intermediate-difficulty ones. Panel B maps the final efficiency landscape.

Synthesis Statistics. We employed DeepSeek-
V3.2 as the teacher model. The synthesis process
details are as follows:

• YAGO3-10: We set the target retained-
trajectory budget to 5,000. At each ARD iter-
ation, a candidate pool of 1,000 queries was
constructed and adaptively allocated across
relations. The synthesis process consumed ap-
proximately 200,000 teacher API calls before
early stopping, yielding 4,498 valid trajecto-
ries.

• NELL-995: We set the target retained-
trajectory budget to 20,000. Each ARD
iteration used a candidate pool of 1,000
queries. Due to the increasing concentration
of sampling on difficult long-tail relations, the
marginal yield of valid trajectories gradually
diminished, and the process was terminated
early after approximately 800,000 teacher API
calls, yielding 12,654 valid trajectories.

D.3 Implicit Reasoning Distillation (IRD)
In the Supervised Fine-Tuning (SFT) phase, we
apply full-parameter fine-tuning to the student
model (Qwen3-8B) using DeepSpeed ZeRO-3. The
detailed configuration is:

• Optimization: AdamW optimizer with a
learning rate of 1×10−5 and a linear learning
rate scheduler.

• Regularization: Weight decay of 0.02.

• Training Config: Effective batch size of 32,
trained for 3 epochs (YAGO3-10 and NELL-
995) or 5 epochs (FB15k-237).

D.4 Step-wise GRPO

For the reinforcement learning stage, we optimize
all model parameters (no adapters) under Deep-
Speed ZeRO-3. The specific hyperparameters are:

• Group Size G: 16 (sampling 16 trajectories
per query).

• KL Coefficient β: 0.04 (to penalize deviation
from the reference policy).

• Temporal Decay γ: 0.8 (for step-wise credit
assignment).

• Learning Rate: Constant 1× 10−6.

• Training Duration: 10 iterations of the Stage
1–Stage 3 cycle, with 500 queries sampled per
iteration.

• Reward Design: We use the rank-aware re-
ward and step-wise credit assignment defined
in Section 3.3.1.

• Rollout Sampling: We use the relation-
difficulty-aware sampling distribution defined
in Section 3.3.1.
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D.5 Cost Analysis
Table 8 summarizes the resource consumption of
AdaG-Reason across trajectory synthesis and stu-
dent training. Teacher API calls denote the cumu-
lative number of model calls made during ARD
before early stopping, rather than the target number
of retained trajectories or the candidate query pool
size.

Table 8: Resource consumption for trajectory synthe-
sis and student training. GPU hours include the full-
parameter SFT and GRPO stages.

Resource YAGO3-10 NELL-995

Teacher API calls ∼200K ∼800K
Retained trajectories 4,498 12,654
SFT GPU hours 5.0 11.5
GRPO GPU hours 160.0 80.0

Total training GPU hours 165.0 91.5

The synthesis cost reflects the iterative nature
of ARD: the target retained-trajectory budgets are
5,000 and 20,000 for YAGO3-10 and NELL-995,
respectively, while the actual number of teacher
calls is determined by adaptive sampling and early
stopping. Thus, the low coverage of the retained
trajectories should be interpreted as efficiency in
the amount of supervision consumed by the student,
rather than low end-to-end synthesis cost.

At inference time, Direct decoding requires
approximately 1.6 seconds per query, whereas
SC@10 requires approximately 5.0 seconds per
query, corresponding to about 3.1× the latency.
SC@10 incurs no additional training cost and is
used only as an optional inference-time strategy to
improve candidate recall.

E Prompt Design

The local graph state xt is serialized into a natural
language prompt to guide the LLM agent. Below
is the template used for both the Teacher (during
ARD) and the Student (during Inference). Note
that for the Student model in the Implicit Reason-
ing setting, the output is strictly constrained to the
action space tokens.
You are an agent that searches a Knowledge Graph

for a missing tail entity.
Your task: Through multi-step graph lookup,

decide whether to continue exploring (using
follow_edge) based on explored paths and
visible adjacent relationships.

If the current context is sufficient for a final
decision, execute predict_tail. You may

predict any entity from the set of already
explored entities.

You are given the following information:
Query (head, relation): ({e1q_name}, {rq_name})
Current traversal node (et): {et_name}

You observe the following local subgraph (
context):

{context_text}

Allowed Actions (choose ONE in one answer):
- follow_edge('relation_name','tail_entity_name

')
-> Move one step along a visible edge from

the current node et to its neighbor.
-> The relation_name and tail_entity_name

must be chosen from the current
observation's neighbors.

- predict_tail(['tail1','tail2', ...])
-> Finally return an ordered list of tail

entity names, at most 20 items.

{output_format}

Note:
- Only response a specific Action, no other

words.
- When using predict_tail, list results most-

likely-first that appears in the context and
past paths, max 20.

- When using follow_edge, pick a neighbor that
appears in the context.
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