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Abstract

Reinforcement learning, with its interpretable
path reasoning, has emerged as a promising
paradigm for multi-hop question answering
over knowledge graphs. However, existing
approaches suffer from two inherent limita-
tions: (1) lacking effective intermediate guid-
ance, agents often fall into aimless exploration
when confronted with complex multi-hop ques-
tions; and (2) policy networks focus on local
neighborhood information, making it difficult
to anticipate the long-term consequences of de-
cisions. To address these challenges, we pro-
pose a Progressive Planning and Reinforced
Reasoning (PPRR) framework. Specifically,
we introduce large language models as multi-
hop reasoning planners, converting decom-
posed sub-question sequences into stepwise de-
cision guidance and thereby granting the agent
human-like, step-by-step problem-solving ca-
pabilities. In addition, we design a structure-
aware lookahead policy network, which ex-
plicitly models inter-node dependencies along
the multi-hop reasoning process and performs
lookahead value evaluations for candidate ac-
tions, thereby enhancing the agent’s global state
awareness and decision foresight in complex
environments. Finally, we conducted exten-
sive experiments on four public multi-hop ques-
tion answering benchmarks and one domain-
specific dataset. The results demonstrate that
our framework surpasses state-of-the-art meth-
ods while demonstrating strong generalization.

1 Introduction

Knowledge graphs (KGs), as the primary carriers
of structured knowledge, have become essential in-
frastructure for intelligent question answering (QA)
(Saxena et al., 2020; Ji et al., 2024; Shen et al.,
2025), information retrieval(Xu et al., 2024b; Li
et al., 2025), recommendation (Jiang et al., 2024;
Patel, 2025) and beyond. Compared with tradi-
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Figure 1: Average Performance comparison on the PQL-
3H dataset. Curves show average Hits@1 scores on the
validation set across 15 training runs for three multi-hop
question answering methods: RL-based MHQA, RL
and LLM-based MHQA, and our PPRR framework.

tional QA systems, knowledge graph question an-
swering (KGQA) can directly leverage the relations
among entities, thereby exhibiting stronger reason-
ing capability and interpretability (Bi et al., 2025;
Martynova et al., 2025; Wang et al., 2025a). Within
KGQA, multi-hop question answering (MHQA) is
particularly challenging: it requires the model to
aggregate evidence across multiple triples, and has
attracted considerable research interest (Liu et al.,
2025; Chen et al., 2025; Xu et al., 2025; Zhou et al.,
2025).

Given the sequential decision nature of multi-
hop reasoning, the reinforcement learning (RL)
paradigm has been widely adopted for MHQA (Wu
etal., 2025; Zhang et al., 2025a). The core idea is to
cast the task as an interaction between an agent and
the KG environment: starting from the topic entity,
the agent incrementally extends a path by selecting
relations and entities, and optimizes its policy us-
ing a termination signal that indicates whether the
answer entity has been reached (Nie et al., 2024;
Jiang et al., 2023). A representative work ARN
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Figure 2: From RL to RL+LLM to the proposed framework. (a) RL-based MHQA: The agent searches for answer
paths on the KG via a state—action—reward interaction loop, but is prone to undirected exploration. (b) RL and
LLM-based MHQA: The LLM provides priors to shape inter-mediate rewards or evaluate candidate actions, thereby
reducing blind search. (c) Progressive Planning and Reinforced Reasoning: The LLM decomposes the original
question into an ordered sequence of sub-questions, and through subquestion-guided stepwise decision, enables

well-grounded multi-hop reasoning.

(Cui et al., 2023c) incorporates KG embeddings as
"expected information" within the RL framework,
which mitigates issues like sparse and delayed re-
wards to some extent. Nevertheless, the inherent
limitations of RL remain pronounced: the lack of
explicit guidance for intermediate reasoning steps
often leads the agent to learn shallow heuristics
or spurious correlations (Zhang and Zhao, 2025;
Hao et al., 2025a). Figure 1 presents the average
Hits@1 results over 15 runs. It is evident that the
RL-based MHQA not only converges more slowly
and to a lower peak performance, but also exhibits
a rise-then-decline pattern in the mid-to-late train-
ing stages. We argue that this instability primarily
stems from the lack of explicit intermediate supervi-
sion. Without guided feedback at critical reasoning
steps, the agent can be easily misled by coinciden-
tal successes, ultimately failing to develop robust
reasoning strategies and leading to performance
collapse.

In recent years, hybrid frameworks that couple
large language models (LLMs) with RL have of-
fered fresh avenues for multi-hop reasoning (Zhang
and Zhao, 2025; Song et al., 2025): they lever-
age LLM prior knowledge to generate interme-
diate signals (e.g., reward shaping, action eval-
uation), thereby mitigating the disadvantage of
pure RL’s aimless exploration (see Fig. 1). How-

ever, these methods still have notable limitations:
first, they typically intervene in decision-making
through coarse-grained "indirect signals", while
lacking step-by-step guidance over concrete action
paths, making it difficult for the agent to acquire
an executable multi-hop reasoning policy. Second,
existing RL approaches seldom learn the multi-hop
subgraph structures of KGs, and cannot predict
the potential consequences of decisions in advance,
causing the agent to drift into inefficient explo-
ration on complex multi-hop queries.

To this end, we propose a Progressive Plan-
ning and Reinforced Reasoning (PPRR) frame-
work. Figure 2 contrasts our approach with RL
and RL+LLM pipelines: the proposed framework
leverages an LLLM to decompose the input ques-
tion into an ordered sequence of sub-questions,
and via a "subquestion-guided stepwise decision"
scheme, tightly aligns high-level semantic plan-
ning with hop-by-hop search over the knowledge
graph, thereby maintaining fine-grained, progres-
sive guidance. This design rests on a simple ob-
servation: complex real-world questions can natu-
rally be broken into multiple steps, and each sub-
question aligns semantically with relation paths in
the KG. Additionally, we further introduce a looka-
head policy network to enhance the agent’s global
situational awareness and decision foresight. It inte-
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grates an improved graph-attention module that ex-
plicitly encodes inter-node dependencies on multi-
hop subgraphs and computes lookahead scores for
candidate actions, enabling the policy to prioritize
moves with long-term value. As the detailed case
in Figure 3 shows, at the second hop, although
most movies match the local context of this hop,
from the perspective of global answer derivation
they are preemptively deemed low-reward by the
policy network because they lack an effective path
(in_language) to the target. Main contributions are
summarized as follows:

(1) We propose a Progressive Planning and Re-
inforced Reasoning framework for MHQA over
knowledge graph. By tightly coupling LLM macro
planning with RL micro reasoning, the frame-
work guides agents toward human-style, stepwise
decision-making and problem solving.

(2) We develop a structure-aware lookahead pol-
icy network that encourages learning global rea-
soning beyond immediate rewards, substantially
reducing ineffective exploration.

(3) We conduct extensive experiments on four
public MHQA benchmarks and an additional in-
domain dataset. The results show that our frame-
work outperforms state-of-the-art baselines while
exhibiting strong generalization.

2 Related Work

This section reviews the strengths and limitations
of existing MHQA methods from two perspectives:
RL-based, RL and LLM-based MHQA.

2.1 RL-based MHQA

Reinforcement learning models multi-hop question
answering as a sequential decision-making prob-
lem on a knowledge graph (Kaiser et al., 2021;
Hou et al., 2021). This approach not only ensures
the interpretability of the reasoning process, but
also endows the model with robustness under data
sparsity, providing a key technical pathway for
building transparent and reliable QA systems (Ed-
wards et al., 2022; Han et al., 2025). Early work
by Qiu et al. (2020) first applied RL to MHQA and
demonstrated its efficacy across multiple datasets.
Building on this, ARL (Zhang et al., 2022) and
HRN (Zhang et al., 2025b) seek to alleviate sparse
and delayed rewards by designing an adaptive path
generator and introducing hierarchical rewards, re-
spectively. Moreover, to address the spurious-path
issue, Cui et al. (2023b) proposed an adversarial RL

formulation for MHQA. Despite these advances in
end-to-end path learning, two common shortcom-
ings remain: (1) the absence of strong priors leaves
agents prone to unguided exploration in vast search
spaces; and (2) the policy network fails to fully con-
sider the global structural information of subgraphs,
preventing adequate perception of subgraph con-
text before making decisions and thereby reducing
reasoning accuracy.

2.2 RL and LLM-based MHQA

LLMs serve as knowledge engines that inject com-
monsense and priors into reinforcement learning
(Wang et al., 2024a; Rashidi Laleh and Nili Ah-
madabadi, 2024; Xu et al., 2024a). Accordingly,
an important research paradigm is to use LLMs
to provide structured guidance for each step of an
agent’s decision-making, thereby fundamentally
alleviating the intrinsic challenges of blind explo-
ration and reward sparsity (Hao et al., 2025b; Wang
et al., 2024b). For example, Zhang and Zhao (2025)
propose an LLM—-RL collaborative framework that
uses LLM outputs as intermediate rewards to ease
sparsity and treats the LLM as an action advisor
to score candidate actions, thereby reducing blind
exploration. Nevertheless, the guidance in existing
methods largely remains at an indirect, post-hoc
evaluation level, making it difficult to impose fine-
grained, feedforward constraints on specific action
paths. Moreover, reliance on LLMs can introduce
risks such as hallucination, which reduces the over-
all accuracy of MHQA.

3 Approach

To address the above challenges, we propose
Progressive Planning and Reinforced Reasoning
(PPRR) framework for MHQA. As illustrated in
Figure 3, the framework introduces two key inno-
vations: (1) Progressive planning. We align LLM-
decomposed sub-questions with hop-by-hop deci-
sions on the KG, enabling targeted and subquestion-
guided reasoning rather than unguided exploration.
(2) Structure-aware lookahead policy network. We
explicitly model relational information over multi-
hop subgraphs and perform lookahead value evalu-
ation for candidate actions, proactively suppressing
ineffective exploration before decisions are made.
We now detail each component of PPRR.

3.1 Progressive Planning

LLM:s are capable of decomposing complex ques-
tions into executable inter-mediate steps (Li et al.,
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2024b; Chen et al., 2024; Zhang et al., 2024).
Given a question g, a topic entity eg, and the multi-
hop sub-graph around ey, the LLM adaptively
produces an ordered sequence of sub-questions
{sqi1,sq2,...,sqn}. For example, for the input
question "What are the languages spoken in the
films whose actors also appear in Killing Me
Softly?" the LLM outputs three sub-questions: (1)
Which actors starred in Killing Me Softly? (2)
For each actor found, which films did they star
in? (3) Which languages (in_language) are listed
for those films? These sub-questions align one-to-
one with the three-hop reasoning from the topic
entity Killing Me Softly: Actor — Film — Lan-
guage. In our implementation, GPT-4 (OpenAl
et al., 2024) serves as the planner that generates
the sub-question sequence. It should be noted that,
in order to cultivate the model’s progressive plan-
ning ability, sub-question decomposition is used
only during the training phase. In addition, we
further enforce a KG-alignment validation: when-
ever any sub-question cannot be matched to a suf-
ficiently similar relation in the knowledge graph
(when the similarity falls below the threshold 7=
0.6), we trigger a re-decomposition prompt to miti-
gate hallucination-induced misguidance from the

228

LLM.

3.2 Reinforced Reasoning

The core of KGQA is to locate answers by ex-
ploiting structured knowledge, while RL offers a
dynamic framework for path exploration. We cast
QA as a Markov decision process (MDP) (BELL-
MAN, 1957) in which states, actions, and rewards
interact to enable stepwise reasoning over the KG
and ultimately identify the correct answer. Details
are as follows:

State. At time step ¢, we define the state as
Sy = (g, €0, €1, ht), where ¢ denotes the encoded
question, eq is the topic entity, e; is the current
entity, and h; is the history of traversed relations,
updated via hy = LSTM(h;—1, A;—1) (Greff et al.,
2017). All vectors are initialized to zero at ¢=0.

Action. The action space comprises outgoing
edges from the current entity e;. Concretely, A; =
{(r,e)|(es, 7€) € G}, i.e., the agent chooses a
relation and entity pair (r, e) from the neighbors of
e as the next hop.

Reward. The reward combines an intermediate
guidance signal and a terminal payoff. For hop
h, we first encode the sub-question representation
sqn and select the most compatible guiding rela-
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tion r, from the candidate set. We then compute
the cosine similarity between the actually chosen
relation 7, and 7, to form the per-hop reward Rj,.
The detailed calculation process is shown in Egs.(1-
2). This intermediate signal encourages semantic
consistency between the selected relation and the
current sub-question, thereby suppressing blind ex-
ploration during training. All text/relation vectors
are produced by a pretrained BERT encoder (Koro-
teev, 2021).

rg = argmaz, cos(sqp,T) (D
Ry = X - cos(rg,rp) ()

At the terminal step 7', the final reward is computed
via Eq.(3). To mitigate sparsity from binary suc-
cess/failure signals, we utilize the scoring function
f() (Cui et al., 2023c¢) of the KGE model to compute
soft rewards for candidate entities. This soft metric
provides denser and more stable supervision for
policy learning, thereby mitigating reward sparsity
and improving training stability.

17 if er = 2N
R, = T . 3)
f(eo,q,er), otherwise

where er is the predicted entity and e?™® is the
golden answer.

3.3 Structure-Aware Lookahead Policy
Network

As the core execution component of MHQA, the
policy network maps the current state to a probabil-
ity distribution over candidate actions at each hop.
Specifically, we encode the input question g using
a Transformer encoder (Vaswani et al., 2017). Con-
sidering that different time steps ¢ may focus on
different parts of the question, we employ a linear
layer to generate stepwise vector representations
¢"Y). The implementation details are provided in

Eq.(4).
¢ =1g",¢",..., ¢ = Tanh(W;-g+b;) (4)

where ¢; is the vector representation of the ¢-th
token of ¢, Tanh is the activation function, and
W, and b, are learnable parameter matrices. Next,
given the state S; = (g, eo, ¢, ht) and the action
space A;, we compute the relation-aware question
representation ¢; using Egs.(5-6), thereby learning
token-level alignments between the relation and the
question for each action A* = (r*,e*) € Ay.

=Y aiq (5)
=1

= (t)
o = exp(Wa (T @qi )> (6)

S exp(Wa - (* O ¢”))

where W, is a learnable parameter matrix, and r*
represents the relation vector generated by the pre-
trained ConvE model (Dettmers et al., 2018). To
endow the policy network with deeper insight, we
propose Graph Attention Networks with Looka-
head Evaluation (LEGAT). Traditional graph atten-
tion mechanisms lack a long-term perspective when
assessing the importance of connections, which can
cause agents to become trapped in locally optimal
exploration. LEGAT overcomes this limitation by
explicitly encoding lookahead evaluation into the
message-passing process. Concretely, at layer [,
LEGAT updates each node representation g; ac-
cording to Eq.(7).

g;“ = fm( Z nimij) + gj('l) (7N
iENj

where IV; denotes the neighborhood of node j. The
message m;; is passed from node 7 to node j and
consists of the node embedding g and the relation
embedding r (i.e., the action space). Note that
these embeddings are produced by a pretrained
ConvE model (Dettmers et al., 2018). The function
fm aggregates incoming messages via a two-layer
MLP and normalization (Ioffe and Szegedy, 2015).
Unlike standard graph attention (Velickovi¢ et al.,
2018), we replace raw attention weights with a
lookahead score n; for each action/message, com-
puted as in Eq.(8). This score, computed via a
lightweight neural network, aims to capture the
multi-step value of message transmission from
node 7 to node 7, rather than solely relying on the
immediate relevance of their current states.

i = Tanh(W, - [g;, my;
n iél]r\lf'(Wb [9i, mij]) + bp) (8)

where W}, and by, are learnable parameters and Tanh
denotes the activation function. To cultivate the
network’s lookahead evaluation capability, a looka-
head evaluation loss is proposed and jointly opti-
mized with the reasoning loss. It supervises the
lookahead score n to fit a lookahead value c, as de-
tailed in Eqgs.(9-10). The computation of c is strate-
gically designed: it evaluates not only the relevance
between the candidate relation and the associated
sub-question, but also the anticipated quality of the
outgoing (next-hop) relations from the candidate
node. This design enables the model to identify and
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suppress paths that appear locally relevant but can-
not reach the target, thereby achieving pre-decision
pruning and reducing blind exploration. It is worth
noting that although the lookahead value c is de-
fined only over the one-hop neighbors of a candi-
date node, LEGAT’s message-passing mechanism
can progressively propagate and accumulate the
expectation signal. Consequently, higher-layer rep-
resentations can integrate lookahead information
from more distant regions of the subgraph, thereby
enabling structural multi-hop awareness and global
evaluation of potential reasoning paths.

1 m
Loss = — Y (nj —¢;)’
055 = — zAZl(n ¢i) 9)

i = (10)

1
: Z cos(rk, sq*)

o
keN;

As before, we encode the relations and sub-
questions using a pretrained BERT encoder (Ko-
roteev, 2021). Here, N; denotes the neighborhood
of the candidate node . Additionally, m denotes
the number of nodes in the local subgraph, and o
denotes the number of relations adjacent to node
i. We use sq* to indicate the sub-question aligned
to relation r;. Concretely, if the hop distance from
the current entity e; to 7, is n, then sq* refers to the
(t+n)-th sub-question. If ¢+ n exceeds the number
of sub-questions, those relations are excluded from
the computation of c.

As illustrated in Fig.3, the lookahead score be-
comes pivotal at the second hop, preemptively
flagging film candidates that satisfy actor co-
appearance yet lack the in_language relation re-
quired by the final objective. This exemplifies the
proposed framework’s distinctive foresight in com-
plex multi-hop reasoning: it proactively prunes
trajectories that cannot reach the target. Finally,
the policy network selects the most promising ac-
tion based on the path history ht, the relation-aware
question representation ¢, and lookahead structural
cue g, as detailed in Eq.(11).

W(at‘St) = A*WCRCLU(Wd [ht7 qt;get]) (11)

where W, and W are learnable parameter matri-
ces, and ReLLU serves as the activation function.
Although both LEGAT and ARN (Clui et al., 2023c)
introduce future-oriented signals to mitigate blind
exploration in RL-based KGQA, their mechanisms
differ fundamentally. ARN is answer-oriented:

it derives an anticipation embedding from KGE-
based scoring over candidate answer entities and
injects this embedding into the RL state as a global
target prior. In contrast, LEGAT is action-centric
and structure-aware: it assigns a lookahead score
to each candidate action through graph message
passing, without explicitly inferring a target-entity
embedding. Moreover, LEGAT’s lookahead scores
are trained with an explicit supervision objective
that captures both current sub-question alignment
and the expected quality of subsequent transitions.
Therefore, ARN provides an answer-level global
prior, whereas LEGAT performs a structured, fine-
grained evaluation of candidate actions during rea-
soning.

3.4 Optimization and Training

During training, we follow Zhang and Zhao (2025)
and optimize the policy network using the REIN-
FORCE algorithm. Let the training set be D. Our
objective is to maximize the expected cumulative
return over question—answer pairs (g, a), as formal-
ized in Eq.(12). The gradient of the objective J(0)
with respect to the policy parameters 6, given in
Eq.(13), guides the policy updates to maximize the
expected return, thus progressively improving the
policy network.

VJ(Q) = E(q,a)ED[EaL,az ..... aTNﬂ'[Zz;l R(St)v log 71—]]
(13)

4 Experiment

4.1 Datasets and Evaluation Metrics

To assess the effectiveness of our framework,
we evaluate it on four public MHQA bench-
marks: WebQuestionSP (WebQSP) (Yih et al.,
2016), PathQuestion (PQ) (Zhou et al., 2018),
PathQuestion-Large (PQL) (Zhou et al., 2018) and
MoviE Text Audio QA (MetaQA) (Zhang et al.,
2018). These datasets are also among the most
widely used in existing RL-based MHQA research.
For each dataset, we adopt both the most challeng-
ing subsets (i.e., those with the largest hop) and
mixed-hop subsets to rigorously probe complex
reasoning ability. Performance is reported using
the standard Hits@ 1, which measures whether the
top-ranked prediction matches the gold answer. We
give a detailed description of each dataset in Ap-
pendix A.
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Methods WebQSP PQ PQL MetaQA
Mix Mix 3H Mix 3H 3H
KVMemNN (Miller et al., 2016) 46.7 794 852 634 68.6 53.8
IRN (Zhou et al., 2018) - 833 858 61.8 624 35.6
EmbedKGQA (Saxena et al., 2020) 66.6 - - - - 94.8
DRN (Clui et al., 2023a) - 923 935 952 928 95.9
BSEM(Yuan et al., 2024) 70.8 - - - - -
PullNet(Sun et al., 2019) 68.1 - - - - 91.4
2HR-DR(Han et al., 2020) 67.0 - - 921 - -
HyperTransformer(Heo et al., 2022) 90.3 895 954 945 -
ComPath(Li et al., 2024a) 915 - - - 84.4
SRN(Qiu et al., 2020) - 89.2 893 775 783 75.2
ARN(Clui et al., 2023c) 68.0 90.6 93.7 942 950 97.0
AR2N(Clui et al., 2023b) 923 939 952 0958 96.2
HRN(Zhang et al., 2025b) 93.1 953 - - -
SCR(Han et al., 2025) - 94.0 940 97.1 98.5 95.0
CRF(Zhang and Zhao, 2025) 79.5 957 97.1 - - 99.2
PPRR (Ours) 84.5 969 98.5 98.1 99.2 99.5

Table 1: Performances (%Hits@1) of different MHQA methods. The best score is in bold, the second-best is
underlined, and "-" indicates no results were reported in the original papers.

4.2 Baselines

To provide a comprehensive evaluation, we group
baselines into three families: (1) Neural network-
based methods: KVMemNN (Miller et al., 2016),
IRN (Zhou et al., 2018), EmbedKGQA (Saxena
etal., 2020), DRN (Cui et al., 2023a), BSEM (Yuan
et al., 2024). (2) Graph neural network-based meth-
ods: PullNet (Sun et al., 2019), 2HR-DR (Han
et al., 2020), HyperTransformer (Heo et al., 2022),
Compath (Li et al., 2024a). (3) Reinforcement
learning-based methods: SRN (Qiu et al., 2020),
ARN (Cui et al., 2023c), AR2N (Cui et al., 2023b),
HRN (Zhang et al., 2025b), SCR (Han et al., 2025),
CRF (Zhang and Zhao, 2025). The detailed de-
scription is introduced in Appendix C.

4.3 Main Results

Table 1 summarizes results on four public MHQA
benchmarks: WebQSP (Yih et al., 2016), PQ (Zhou
et al., 2018), PQL (Zhou et al., 2018), and MetaQA
(Zhang et al., 2018). Overall, our framework
achieves the best performance on all datasets, sub-
stantiating the effectiveness of PPRR. In partic-
ular, neural network and graph neural network-
based methods generally lag behind RL-based ap-
proaches, indicating that the interactive nature of
RL is better suited to path search and reasoning
over knowledge graphs. In contrast, pure neural
or graph models lack explicit stepwise exploration
and struggle to capture the path dependencies in

multi-hop reasoning. That said, conventional RL
methods often suffer from aimless exploration and
low-quality reward signals, which limit their per-
formance.

Marrying LLM priors with RL effectively pushes
past this ceiling. Notably, recent approaches such
as CRF (Zhang and Zhao, 2025) achieve substantial
gains across datasets, highlighting the synergistic
advantage of combining RL’s path exploration capa-
bility with the semantic priors of LLMs. Building
on this line, our framework delivers a further 5%
improvement on the most challenging WebQSP
(Yih et al., 2016) benchmark, affirming its suit-
ability and superiority for KG-based MHQA. This
advance stems from two design pillars: (1) pro-
gressive planning, which tightly fuses the LLM’s
macro-level decomposition with the RL agent’s
micro-level path search, thereby strengthening di-
rectional guidance throughout multi-hop reasoning;
and (2) a structure-aware lookahead policy network
that precisely identifies critical nodes and viable
connections along the reasoning path, proactively
avoiding off-target decisions and further improving
path-search accuracy.

4.4 Comparison with LLM-based Methods

As shown in Table 2, PPRR demonstrates a favor-
able accuracy—efficiency trade-off when compared
with competitive LLM-based baselines. On We-
bQSP, its Hits@1 score (84.5) is lower than that
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Methods WebQSP MetaQA-3H Times(s)

ToG w/GPT-4 (Sun et al., 2024) 82.6 - 63.1
PoG w/GPT-4 (Chen et al., 2024) 87.3 - 16.8
ReKnoS w/GPT-40-mini (Wang et al., 2025b) 83.8 - 3.7
DoG w/GPT-4 (Ma et al., 2025) 91.0 96.0 8.5
PPRR w/GPT-4 84.5 99.5 0.17

Table 2: Results of different LLM-based methods.

of the strongest prompting-agent methods, such as
DoG (91.0) and PoG (87.3), but its inference time
is only 0.17 seconds, which is substantially faster
than all LLM-based competitors. On MetaQA-3H,
PPRR achieves the best performance (99.5), outper-
forming DoG (96.0) while maintaining the same
low latency. This comparison highlights that PPRR
internalizes the planning capability of LLMs into a
reasoning model, thereby eliminating the need for
repeated LLM calls at inference time and achiev-
ing a more practical balance between accuracy and
efficiency.

4.5 Ablation Study

Methods WebQSP PQ PQL MetaQA Ag:rage
Mix  Mix Mix 3H eps
PPRR 84.5 98.5 99.2 99.5 1.93
w/o PP 779 949 955 96.4 2.16
w/o LEGAT 81.1 96.8 97.0 97.7 2.09

Table 3: Ablation experiments of proposed framework.

Table 3 reports the ablation results of the PPRR
framework. By contrasting the full model with
variants that remove key components, we directly
verify the necessity and contribution of both Pro-
gressive Planning(PP) and the LEGAT-based policy
network. It should be noted that the average steps
refer to the mean number of reasoning steps per
test sample across all four datasets. Specifically,
removing progressive planning leads to substan-
tial degradation across all datasets. On the most
challenging WebQSP (Yih et al., 2016) benchmark,
accuracy declines by 6.6%. This indicates that with-
out subquestion-guided direction, the model reverts
to the unguided random exploration of vanilla RL,
severely undermining reasoning accuracy and effi-
ciency. In addition, removing LEGAT also yields
noticeable declines in QA accuracy and increases
in reasoning steps, confirming that LEGAT explic-
itly models multi-hop subgraph structures and an-
ticipates the long-term value of actions, thereby
enhancing the RL model’s global awareness and
decision-making foresight.

4.6 Efficiency Evaluation

PQ-Mix MetaQA-3H

Hits@1
Hits@1

PPRR (Ours)
— scr

050
4000 5000 6000 0 2000 4000 60

3000 00 8000 10000
Episodes Episodes

Figure 4: Convergence curves on different datasets.

To further assess convergence efficiency, we
compare learning curves on PQ-Mix (Zhou et al.,
2018) and MetaQA-3H (Zhang et al., 2018), as
shown in Figure 4. Across both datasets, PPRR
consistently surpasses the baseline SCR (Han et al.,
2025) in terms of initial accuracy, convergence
speed, and ultimate performance. These results
provide strong evidence that, by deftly coupling the
strengths of LLMs and RL, our framework achieves
a more efficient training process and superior out-
comes for multi-hop reasoning over knowledge
graphs.

4.7 Case Study

As shown in Figure 5, the case study clearly il-
lustrates the effectiveness of our framework. It
should be noted that this case is drawn from the
test set, meaning the evaluation was conducted
without guidance from a large language model.
The results show that the framework’s reasoning
path remains precisely aligned with the sequence
of sub-questions, confirming that during training
the agent successfully internalized the "progressive
planning" mindset as its own reasoning capability.

More importantly, the lookahead policy network
exhibits decision foresight. At the first hop, the
agent faces multiple candidate actions. Although
Up and Paris are consistent with the current sub-
question, the prospective network early identifies
their lack of the necessary release relationship for
the next step by evaluating their long-term value,
thereby assigning them lower weights. By con-
trast, it assigns the highest weight to Venus, whose
path leads successfully to the correct answer De-
odato_2. This demonstrates that the lookahead
mechanism can preemptively filter out paths that
are "locally correct but globally ineffective", en-
abling pre-execution pruning that significantly im-
proves both efficiency and success rate in multi-hop
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Question: What is the release of Alistair Wells 's track? Answer: Deodato 2

Sub-question 1:
Which (artist) tracks are by Alistair Wells?

Alistair Wells

Sub-question 2:
For each found track, what is its release?

x5
track _release D

Figure 5: A case from PQL-2H dataset.

reasoning.

4.8 Domain Applicability Evaluation

C—His@!

93.8
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Figure 6: Performances on Power Domain Dataset.

To further assess the framework’s generaliza-
tion ability, we conduct experiments on a power-
domain QA dataset. It should be noted that this
dataset also includes reasoning tasks with differ-
ent hop counts on the domain knowledge graph.
The most challenging of these is the fault diagnosis
question-answering task with more than 3 hops,
which involves multiple types of nodes such as
fault phenomena, fault types, fault causes, and fault
locations. Specifically, we randomly split 962 fault-
related QA pairs into training, validation and test
sets with an 8:1:1 ratio and evaluate using Hits@1
metric. Figure 6 illustrates the results of repre-
sentative baselines on this in-domain benchmark.
Our framework consistently outperforms compet-
ing methods, indicating strong domain adaptabil-
ity. We attribute these gains to the structure-aware
lookahead policy network, which accurately cap-
tures fault-related dependencies in the power KG
and thereby strengthens reasoning over complex

fault-propagation paths.

5 Conclusion

To address issues such as blind exploration in ex-
isting reinforcement learning methods for MHQA
on knowledge graphs, we propose a Progressive
Planning and Reinforced Reasoning framework.
Subquestion-guided stepwise decisions give the
agent human-like stepwise problem-solving cogni-
tion, and a structure-aware lookahead policy net-
work estimates the long-term return of multi-hop
reasoning paths. Experiments on multiple public
benchmarks and a domain-specific dataset demon-
strate that PPRR not only delivers substantial per-
formance gains but also curbs ineffective explo-
ration and backtracking via proactive decision-
making. These results validate the framework’s
effectiveness and generalization in complex multi-
hop reasoning. In future work, we will further en-
hance generalization and robustness to better han-
dle sparse KGs and stringent logical constraints.

Limitations

Although the proposed framework achieves strong
performance on multiple MHQA datasets, its ap-
plication scope can be further broadened. First,
the current planning and reasoning efficacy still
depends to some extent on the structural complete-
ness of the underlying KG. Second, tackling com-
plex logic-intensive queries (e.g., multi-constraint
comparative questions) calls for a finer-grained co-
ordination mechanism between semantic planning
and action execution. Third, the framework’s gen-
eralization to unseen relations has not been sys-
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tematically evaluated in this work and remains an
important direction for future research.
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A Datasets
Datasets KG Train  Valid  Test
WebQSP Mix Freebase 2848 260 1639
PQ 3H Freebase 4163 535 520
Mix Freebase 5691 704 711
POL 3H Freebase 825 102 104
Mix Freebase 2101 260 264
MetaQA 3H OMDb 114196 14274 14274

Table 4: Statistics of the experiment datasets.

Table 4 summarizes the statistics of the datasets
used in our experiments, listing the dataset names,
associated knowledge graphs, question types, and
the numbers of training/validation/test instances.
Most datasets are built on the Freebase knowledge
graph; MetaQA uses OMDb and has a training set
substantially larger than the others.

B Implementation Details

In all experiments, we use 300-dimensional pre-
trained GloVe embeddings for tokens, and set both
entity and relation embedding sizes to 200. The
LSTM (Greff et al., 2017) encoder for decision
history uses a 200-dimensional hidden state. For

each pre-trained Transformer (Vaswani et al., 2017)
question encoder, we employ 2 layers with 4 atten-
tion heads. Moreover, the batch size is 32 and the
learning rate is 0.0001. The intermediate-reward
coefficient \ is selected from 0.2,0.5,0.7,1.0. In ad-
dition, we incorporate a A decay strategy, with de-
tailed experimental analysis provided in Appendix
D. The number of graph-network layers [ is set
equal to the maximum hop count of questions in
the dataset. All experiments are performed on a
Linux-based server with 2 NVIDIA A40 GPUs.

C Baselines

KVMemNN (Miller et al., 2016) is a key—value
memory neural network that uses the key for ad-
dressing and the value for reading, and outputs an
answer after accumulating evidence through multi-
hop reads.

IRN (Zhou et al., 2018) incrementally parses the
question via multi-hop reasoning and predicts rela-
tions in the knowledge base, thereby constructing
a traceable path to the an-swer.

EmbedKGQA (Saxena et al., 2020) directly pre-
dicts the answer entity by mapping the question and
the entities in the knowledge graph into a shared
vector space.

DRN (Cui et al., 2023a) is a dynamic reasoning
network that performs multi-hop knowledge graph
question answering by progressively predicting re-
lation paths.

BSEM (Yuan et al., 2024) alleviates the semantic
drift caused by path expansion in multi-hop knowl-
edge graph QA by introducing reverse semantic
reasoning and incorporating joint and contrastive
learning.

PullNet (Sun et al., 2019) constructs a question-
relevant heterogeneous subgraph from the knowl-
edge base and text via iterative retrieval, and per-
forms answer inference using a graph convolutional
network.

2HR-DR (Han et al., 2020) is a multi-hop knowl-
edge base question answering model built on a
directed hypergraph convolutional network. It ex-
plicitly updates relation representations and pre-
dicts relation paths hop by hop through a two-stage
dynamic relation reasoning mechanism, enabling
interpretable QA reasoning.

HyperTransformer (Heo et al., 2022) builds
hypergraphs for the question and the knowledge,
and uses guided attention and self-attention to learn
higher-order hypergraph associations, thereby en-

22882


https://doi.org/10.1609/aaai.v32i1.12057
https://doi.org/10.1609/aaai.v32i1.12057
https://doi.org/10.1109/ICASSP49660.2025.10887938
https://doi.org/10.1109/ICASSP49660.2025.10887938
https://doi.org/10.1109/ICASSP49660.2025.10887938
https://aclanthology.org/2025.coling-main.712/
https://aclanthology.org/2025.coling-main.712/
https://aclanthology.org/2025.coling-main.712/
https://aclanthology.org/2025.coling-main.712/
https://arxiv.org/abs/1801.04726
https://arxiv.org/abs/1801.04726
https://aclanthology.org/2025.coling-main.285/
https://aclanthology.org/2025.coling-main.285/
https://aclanthology.org/2025.coling-main.285/

abling knowledge reasoning and QA under weak
supervision.

Compath (Li et al., 2024a) is a two-stage frame-
work for multi-hop knowledge graph question an-
swering. It uses CompGCN for knowledge graph
completion to mitigate incompleteness, and em-
ploys a path analyzer that fuses semantic and struc-
tural information to select answers.

SRN (Qiu et al., 2020) models multi-relational
knowledge graph question answering as a sequen-
tial decision problem, progressively inferring the
answer via path search and attention mechanisms.

ARN (Cui et al., 2023c) is a model that integrates
expectation embeddings into a reinforcement learn-
ing framework, aiming to address issues such as
blind exploration and sparse rewards.

AR2N (Cui et al., 2023b) adopts an adversarial
learning approach to mitigate the spurious-path
problem in RL-based MHQA.

HRN (Zhang et al., 2025b) is a framework based
on hierarchical reinforcement learning, which de-
composes complex question answering tasks into
two processes: high-level constraint detection and
low-level path reasoning.

SCR (Han et al., 2025) adopts the idea of "com-
pletion then answering" to address the incomplete-
ness of knowledge graphs, and designs semantic
rewards to mitigate the sparse reward problem.

CRF (Zhang and Zhao, 2025) is a collaborative
reasoning framework that integrates hierarchical
reinforcement learning with LLMs, effectively ad-
dresses issues such as low exploration efficiency in
complex knowledge-graph question answering.

D Hyperparameter Analysis

A\ WebQSP PQ PQL MetaQA
Mix Mix Mix 3H
0.2 82.3 96.8 97.7 98.2
0.5 83.2 97.6 98.5 98.8
0.7 83.5 98.5 98.5 99.2
1 82.8 98.5 99.2 99.5

Table 5: Experiments under different intermediate-
reward coefficient.

Table 5 reports the results under different
intermediate-reward coefficients \. Except for We-
bQSP (Yih et al., 2016), increasing A\ from 0.2
to 1.0 yields steady accuracy gains on PQ (Zhou
et al., 2018) and PQL (Zhou et al., 2018), MetaQA
(Zhang et al., 2018) indicating that strengthening

intermediate reward can more effectively guide
multi-hop reasoning. In contrast, WebQSP (Yih
et al., 2016) peaks at A=0.7; pushing A to 1.0 leads
to a slight decline. We argue that on relatively dif-
ficult datasets, overly strong intermediate rewards
can constrain the agent’s ability to develop inde-
pendent and globally-oriented decision-making ca-
pabilities during later training stages. Conversely,
once the agent has established fundamental reason-
ing skills through early-stage guidance, "letting go"
at the right time can better stimulate its potential
for autonomous exploration. Therefore, we adopt a
decaying intermediate-reward coefficient strategy.
Specifically, during the early stages of training, a
relatively large coefficient is used to help the model
quickly develop sensitivity to intermediate reason-
ing targets, guiding it toward effective exploration.
As training progresses, the coefficient is gradually
reduced, shifting the agent’s focus from local sub-
goals to the global optimization objective and pre-
venting over-reliance on intermediate rewards, as
shown in Eq.(14).

)= 1
~ 14 0.0003 x eposides

(14)

Under this strategy, the model achieves an optimal
accuracy of 84.5%, demonstrating that the decay-
ing mechanism successfully balances short-term
exploration and long-term optimization, effectively
resolving the performance degradation caused by
conflicting reward signals in complex datasets.

E Different LLM Analysis

WebQSP PQ PQL MetaQA
Mix Mix Mix 3H

PPRR w/Llama3-8b 81.6 973 97.7 98.9
PPRR w/Deepseek 83.8 98.5 98.5 99.4
PPRR w/ChatGPT 82.9 97.5 98.5 99.2
PPRR w/GPT-4 84.5 98.5 99.2 99.5

LLMs

Table 6: Experiments under different LLMs.

Table 6 presents the experimental results un-
der different LLMs. We observe that even with
LLMs of varying capability, the proposed frame-
work maintains strong performance. This further
demonstrates that tightly coupling the LLM’s rea-
soning logic with the multi-hop reasoning paths
is effective and reduces dependence on any single
LLM. Moreover, different LLMs show varying re-
sults on the more challenging WebQSP (Yih et al.,

22883



2016) dataset, because GPT-4 can generate more
precise sub-questions, thereby mitigating semantic
bias or hallucinations.

F Few-shot Study
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Figure 7: Performances at Different Scales of PQ-3H
dataset.

To evaluate few-shot generalization under data
scarcity, we vary the fraction of PQ-3H (Zhou
et al., 2018) training dataset (20%, 40%, 60%,
80%, 100%) and present results in Figure 7. Even
with only 20% of the training set, PPRR attains
63.1% Hits@1. Performance improves steadily as
more data are provided, and with 60% of the data
the model already approaches the saturated perfor-
mance of several baselines. These findings substan-
tiate the core advantage of progressive planning:
integrating large language models’ commonsense
priors and planning capabilities into the proposed
framework markedly improves learning efficiency
and sample utilization, thereby substantially reduc-
ing reliance on large labeled datasets.
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