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Abstract

Recent years, multi-hop reasoning has been widely stud-
ied for knowledge graph (KG) reasoning due to its efficacy
and interpretability. However, previous multi-hop reasoning
approaches are subject to two primary shortcomings. First,
agents struggle to learn effective and robust policies at the
early phase due to sparse rewards. Second, these approaches
often falter on specific datasets like sparse knowledge graphs,
where agents are required to traverse lengthy reasoning paths.
To address these problems, we propose a multi-hop reasoning
model with dual agents based on hierarchical reinforcement
learning (HRL), which is named FULORA. FULORA tack-
les the above reasoning challenges by eFficient GUidance-
ExpLORAtion between dual agents. The high-level agent
walks on the simplified knowledge graph to provide stage-
wise hints for the low-level agent walking on the original
knowledge graph. In this framework, the low-level agent opti-
mizes a value function that balances two objectives: (1) max-
imizing return, and (2) integrating efficient guidance from the
high-level agent. Experiments conducted on three real-word
knowledge graph datasets demonstrate that FULORA out-
performs RL-based baselines, especially in the case of long-
distance reasoning.

Introduction
Knowledge graphs (KGs) are designed to represent the
world knowledge in a structured way. There are various
downstream NLP tasks especially knowledge-driven ser-
vices, such as query answering (Guu, Miller, and Liang
2015; Cui et al. 2019), relation extraction (Mintz et al. 2009;
Reiplinger, Wiegand, and Klakow 2014) and dialogue gen-
eration (He et al. 2017). However, a significant proportion of
KGs are severely incomplete, which constrains their efficacy
in numerous tasks. Consequently, this study concentrates on
automatic knowledge graph (KG) reasoning, also as known
knowledge graph completion (KGC).

Over recent years, embedding-based models (Bordes et al.
2013; Lin et al. 2015) have effectively preserved KG struc-
tural information for single-hop reasoning but lack inter-
pretability. To address this, reinforcement learning (RL)
frameworks (Xiong, Hoang, and Wang 2017; Das et al.
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Figure 1: An illustrative example of short direct path and
long indirect path. When no short direct path exists, the
agent searches for a long indirect path.

2018) have been introduced to compose single-hop triplets
into multi-hop reasoning chains. Recent advances in deep
learning (DL) and RL (Wang et al. 2019; Lv et al. 2020;
Nikopensius et al. 2023; Wang et al. 2025) further enhance
multi-hop reasoning. For instance, AttnPath (Wang et al.
2019) employs attention mechanisms to guide agents, pre-
venting them from stalling at the same node.

Although existing multi-hop reasoning models have
achieved impressive results, there is a noteworthy issue with
these models that they only perform well when the agent’s
reasoning path length is short. The drawback that the agent
relies heavily on short reasoning chains is fatal in certain
datasets, such as sparse KG. Figure 1 is an illustration of
short direct path and long indirect path. It’s challenging for
an agent to identify a short direct path due to the sparsity
which makes the relation r2 do not exist. The optimal path
for agent is e1 → e2 → e4 → e3 we called long indirect
path instead of e1 → e2 → e3. From this point, enhancing
the agent’s long-distance reasoning ability is one solution
to alleviate the multi-hop models’ poor performance in the
sparse KG.

However, the dimension of the discrete action space at
each space is large (Das et al. 2018). As the path length
increases, the choices the agent faced will grow exponen-
tially. The most relevant to our work is CURL (Zhang et al.
2022) which proposed a dual-agent framework and mutual
reinforcement rewards to assign one of the agents (GIANT)
searching on cluster-level paths quickly and providing stage-
wise hints for another agent (DWARF). Compared to the
classic multi-hop model MINERVA (Das et al. 2018), CURL
does improve long-distance reasoning ability. But CURL
also has two drawbacks, which make CURL’s performance
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inconsistent: (1) Mutual reinforcement reward mechanism
forces the low-level agent DWARF to adopt similar policies
to the high-level agent GIANT, even if GIANT’s policies is
not well enough. This may result in false-negative rewards
to the intermediate actions which are reasonable. (2) At the
early phase, DWARF and GIANT adopt a near-random pol-
icy which makes low training efficacy. For briefness, we call
the high-level agent as GIANT and the low-level agent as
DWARF like (Bai et al. 2022).

In light of these challenges, we propose FULORA, a
robust dual-agent framework for KG reasoning with tak-
ing full advantage of entity embedding and relation em-
bedding in the KG. FULORA seamlessly makes the self-
exploration and path-reliance trade-off of DWARF through
a supervised learning method. This unique mechanism will
enable DWARF to make its own decisions while receiving
meaningful guidance from GIANT, instead of relying en-
tirely on the command of GIANT. Moreover, with the aim
to make better use of the entity embedding and relation em-
bedding, FULORA introduces attention mechanism and dy-
namic path feedback to DWARF and GIANT respectively.
Intuitively, GIANT searches a feasible path as soon as pos-
sible to guide DWARF to reduce the search space, while
DWARF adopts diversified exploration policies in the con-
strictive search space to prevent over-dependence on GI-
ANT. In this way, DWARF walking on the original KG has
both excellent long distance reasoning ability and short di-
rect path utilization ability.

Related Work
In line with the focus of our work, we provide a brief
overview of the background and related work on knowledge
graph reasoning.

Knowledge Graph Embedding
Knowledge graph embedding (KGE) methods map entities
to vectors in low-dimensional embedding space, and model
relations as transformations between entity embeddings (Bai
et al. 2022). Once we map them to low-dimensional dense
vector space, we can use modeling methods to perform cal-
culations and reasoning (Ma et al. 2018). Prominent exam-
ples include TransE (Bordes et al. 2013), TransR (Lin et al.
2015), ConvE (Dettmers et al. 2018), TuckER (Balazevic,
Allen, and Hospedales 2019) and LMKE (Wang et al. 2022),
which are equipped with a scoring function that maps any
triplet (es, rq, eo) to a scalar score. While KGE is effective
at capturing simpler relationships in the graph, such as first-
order adjacency relationships, it struggles with more com-
plex reasoning tasks, particularly those involving multi-hop
reasoning (Yao, Mao, and Luo 2019; Wang et al. 2023).

GNN-based Reasoning
Graph neural networks (GNNs) (Scarselli et al. 2008;
Veličković et al. 2017; Xu et al. 2018) are a class of mod-
els used for representation learning, specifically designed
to encode the structural information of graphs. In the con-
text of link prediction, common frameworks often rely on
an auto-encoder formulation, where GNNs generate node

embeddings, and edges are predicted as a function of node
pairs. These frameworks are inductive when node features
are provided, but they become transductive when such fea-
tures are not available. Another set of frameworks, including
SEAL (Zhang and Chen 2018) and GraIL (Teru, Denis, and
Hamilton 2020), explicitly encode the subgraph surrounding
each node pair for link prediction. Recent advancements in
this field include works such as NBFNet (Zhu et al. 2021)
and RED-GNN (Zhang and Yao 2022). The former solves
the path formulation with learned operators in the gener-
alized Bellman-Ford algorithm while the latter makes use
of dynamic programming to recursively encodes multiple r-
digraphs with shared edges, and utilizes query-dependent at-
tention mechanism to select the strongly correlated edges.
However, these methods primarily focus on the structure
of the knowledge graph (KG) itself, specifically the graph
structure information of the central node, without address-
ing how to enhance the ability for long-distance reasoning.

Multi-hop Reasoning
The advancement of deep reinforcement learning (DRL) has
sparked interest in applying DRL to path-finding tasks. The
first significant work combining DRL and KG reasoning is
DeepPath (Xiong, Hoang, and Wang 2017), which inspired
subsequent models, though it requires prior knowledge of
the target entity. In contrast, MINERVA (Das et al. 2018)
eliminates this requirement, allowing the agent to traverse
the knowledge graph until it finds the target. Recent de-
velopments have explored the use of powerful neural net-
works for generating walking policies. M-Walk (Shen et al.
2018) uses an RNN (Elman 1990) to record agent trajecto-
ries and optimize rewards with a Monte Carlo Tree Search
(MCTS) (Coulom 2006). GRL (Wang et al. 2020) combines
GAN (Goodfellow et al. 2014) and LSTM (Hochreiter 1997)
to generate new trajectory sequences, enabling the agent to
reason not only within the original graph but also in auto-
matically generated sub-graphs, extending relational paths
until target entities are found. HMLS (Zheng et al. 2024)
improves the generalizability and effectiveness of multi-hop
reasoning in few-shot scenarios by exploiting hard relations
and hierarchical relation structures. While these models per-
form well in short-distance reasoning (path length = 3), their
performance in long-distance reasoning tasks remains sub-
optimal. Unlike previous multi-hop reasoning methods, FU-
LORA focuses more on the agents’ long-distance reasoning
ability and the significant impact of sparse rewards on train-
ing efficiency.

Preliminary
In this section, we commence with the problem definition
of our work, followed by the introduction of environment
representation.

Problem Definition
We formally define the research problem of this paper in the
following part. The knowledge graph is defined as a directed
graph G = {E ,R}, where E is a set of all entities and R is a
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Figure 2: An overview of FULORA framework. ❶ Given a KG G, We first pre-embed the KG using TransE and then apply
K-means clustering to generate the cluster-level KG Gc. ❷ We design separate policy networks for GIANT and DWARF, using
cluster-level KG Gc and entity-level KG Ge as inputs. The hidden states of GIANT and DWARF hc

t and he
t share information,

facilitating communication. ❸ To enable DWARF to better leverage the KG structure, we apply the graph attention mechanism
and feed the resulting attention vector into the policy network. Dynamic Path Feedback alleviates the near-random policy issue
caused by sparse rewards in early training phase, allowing GIANT to provide high-quality guidance to DWARF sooner.

set of all relations. A link triplet l consists of the source en-
tity es ∈ E , the target entity eo ∈ E and the relation r ∈ R,
i.e., l = (es, r, eo). In the real world, a link triplet corre-
sponds to a fact tuple. For instance, we can represent the
fact whale is a mammal as (whale, is a,mammal). We
follow the definition in prior graph walking models, that is,
query answering (Das et al. 2018; Zhang et al. 2022). In the
applications such as searching and query answering, most
problems are to infer another entity when we only know
the source entity es and the query relation rq , which can be
formed by an incomplete link triplet lm = (es, rq, ?), where
”?” indicates the target entity eo is unknown and needs to be
found in the KG.

Environment Representation
State. The state consists of two entities—current entity et
and source entity es—and the query relation. The current
entity et is state-dependent, reflecting the agent’s reasoning
condition, while the source entity es and query relation are
shared globally. Formally, st = (et, es, rq) ∈ S .
Action. The agent interacts with the environment by select-
ing an action at ∈ A, corresponding to an outgoing edge of
the graph G. Formally, at = {(rt+1, et+1)|(et, rt+1, et+1) ∈
G}. To allow termination, the agent can also stay at the cur-

rent entity by selecting a self-loop edge.
Transition. A state transition occurs when the agent takes an
action. The transition function δ : S × A → S is defined as
δ(st, at), which produces a new state. Multi-hop reasoning
typically selects a neighboring entity randomly, as entities
often have multiple neighbors connected by the same rela-
tion (Xiong, Hoang, and Wang 2017; Das et al. 2018).
Reward. After the agent takes an action, if the correspond-
ing entity is the correct target, it receives a reward of 1; oth-
erwise, it receives a reward of 0.

Methodology
In this section, we propose FULORA, an extended dual-
agent framework for knowledge graph reasoning via effi-
cient guidance-exploration. As illustrated in Figure 2, FU-
LORA is able to improve the exploration efficiency of GI-
ANT via dynamic feedback mechanism, so as to provide
more reliable guidance for DWARF. In a corresponding
manner, DWARF employs a supervised learning approach to
achieve a balance between guidance and exploration. Subse-
quently, it aggregates messages emitted by all neighbors of
the current entity via an attention mechanism. Next, we will
delve into the specifics of each aforementioned components.
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Embedding Generation
Consistent with (Zhang et al. 2022), we employ TransE
(Bordes et al. 2013) due to its efficiency in encoding the
structural proximity information of KG to generate pre-
trained entity embeddings, then we divide the original KG
into N clusters by utilizing K-means. In order for GIANT
can easily walk on the cluster-level graph Gc while preserv-
ing the relation information of the original KG G, we add a
link to two clusters if there is at least one entity-level edge
between them, which is detailed in Appendix E.

Policy Networks
In our model, we utilize a three-layer LSTM, enabling the
agent to memorize and learn from the actions taken before.
In contrast to previous models, the necessity arises to design
the network separately in this case, given that two agents are
walking on the KG. An agent based on LSTM encodes the
recursive sequence as a continuous vector ht ∈ R2d. Specif-
ically, the hidden state embedding of GIANT is hc

t while the
hidden state embedding of DWARF is he

t . Their initial hid-
den state is 0. In addition, we define an information sharing
vector It = [he

t ;h
c
t ] for GIANT and DWARF to share path

information. To a certain extent, cluster-level paths are com-
plementary to entity-level paths, as they ensure the sharing
of essential path information from GIANT to DWARF.
For GIANT. We denote the current cluster embedding at
time step t by ct ∈ R2d. The action representation act is
given by the cluster embedding itself, i.e., act = ct ∈ R2d

because the action corresponds to the next outgoing cluster.
The history embedding is updated according to LSTM dy-
namics:

hc
t = LSTMc(W

c[hc
t−1; It−1],a

c
t−1), (1)

where Wc ∈ R2d×6d is a projection matrix to maintain
shape.
For DWARF. Unlike GIANT, which operates on cluster-
level KGs, DWARF faces greater challenges on the origi-
nal KG. Entities often have multiple aspects. For instance, a
professor may have both professional relations (e.g., works-
ForUniversity) and family relations (e.g., spouse). Addition-
ally, cluster-level paths are typically shorter than entity-level
paths, requiring DWARF to have enhanced long-distance
reasoning. Consequently, DWARF should prioritize rela-
tions and neighbors most relevant to the query. Therefore,
we integrate the Graph Attention mechanism (Velickovic
et al. 2017) into DWARF. We adopt the same approach as
AttnPath (Wang et al. 2019) to obtain the attention vector
atnt−1. DWARF’s history embedding he

t can be obtained
from

he
t = LSTMe(W

e[he
t−1;atnt−1; It−1],a

e
t−1), (2)

where We ∈ R2d×7d is a projection matrix, while the ac-
tion representation aet is the concatenation of the relation
embedding rt ∈ Rd and the end node embedding et ∈ Rd,
i.e., aet = [rt; et] ∈ R2d.
Policy Generation. To predict the next cluster for GIANT
and the next entity for DWARF, we apply a two-layer feed-
forward network on the concatenation of their last LSTM

Figure 3: An illustration of Effective Guidance-Exploration.
When DWARF is out of bounds, GIANT guides it to move
quickly inside. Otherwise, DWARF prefers to explore for
itself to find a correct target.

states and current RL state embeddings,

dc
t = SoftMax(Ac

t ×Wc
2ReLU(Wc

1[ct;h
c
t ])),

act ∼ Categorical(dc
t),

(3)

de
t = SoftMax(Ae

t ×We
2ReLU(We

1[et; rq;h
e
t ])),

aet ∼ Categorical(de
t ),

(4)

where Wc
1 ∈ R4d×4d, Wc

2 ∈ R2d×4d, We
1 ∈ R4d×4d,

We
2 ∈ R2d×4d are the matrices of learnable weights to

maintain dimension of history embedding. While Ac
t ∈

R|Ac
t |×2d,Ae

t ∈ R|Ae
t |×2d represent the embeddings of all

next possible actions for GIANT and DWARF respectively.

Efficient Guidance-Exploration
As mentioned above, to address the issue of sparse re-
wards and a large action space, we aim for GIANT to guide
DWARF in reducing the action space. However, GIANT’s
guidance is not always beneficial due to two key issues:

• Poor guidance. Poor guidance can lead DWARF to in-
correct answers.

• Policy shift. A policy which is suitable for GIANT may
not be fully applicable to DWARF.

Considering the two issues, we propose an efficient
guidance-exploration approach, which gives DWARF a con-
straint reward to balance guidance and exploration via su-
pervised learning approaches.
Constraint Reward. Considering the constraint, that is,
receiving high-quality guidance from GIANT, we intro-
duce a metric for the state similarity between GIANT and
DWARF, denoted as Sim(sct , s

e
t ). It is calculated as the co-

sine similarity between the pre-trained embeddings of the
current cluster1 and the current entity:

Sim(sct , s
e
t ) =

c⊤t et
||ct||2||et||2

. (5)

1Each cluster embedding is obtained by averaging all entity em-
beddings within it. A slight abuse of notation indicates that the ct
here is not the ct mentioned in the policy network. In the concrete
implementation, we treat the ct in the policy network as a self-
cascade of the ct here.
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We solve the optimization problem by the following formu-
las,

max Eae
1,...,a

e
T∼πe

θ

[
T−1∑
t=0

re(s
e
t |se0)

]

s.t. Sim(sct , s
e
t ) ≥

δ

rc(sct) + ε

(6)

where re(set ) and rc(s
c
t) are default rewards for DWARF and

GIANT respectively, the agent obtains a favorable reward
1 if the corresponding entity or cluster is a correct target
and unfavorable reward 0 otherwise. It is only when GIANT
reaches the correct cluster that the constraint in Equation 6
is operative. In practice, we set ε = −0.01δ.
Practical Algorithm. The objective in Equation 6 can be
optimized with any reinforcement learning algorithm that
implements generalized policy iteration. Here we use REIN-
FORCE (Williams 1992) and the method of Lagrange mul-
tipliers as described by (Abdolmaleki et al. 2018; Grillotti
et al. 2024). For all DWARF state set , we maximize the La-
grangian function, subject to 0 ≤ λ(set ) ≤ 1,

J(θπe) =
T−1∑
t=0

[(1−λ(set ))re(s
e
t )+λ(set )Sim(sct , s

e
t )], (7)

the Lagrange multiplier is updated to make the guidance-
exploration trade-off. Figure 3 gives an illustration: When
the state similarity metric between GIANT and DWARF
Sim(sct , s

e
t ) is less than the threshold, the parameter θλ are

optimized so that λ(set ) increases to encourage GIANT to
provide more guidance for DWARF. Conversely, the param-
eter θλ are optimized so that λ(set ) decreases to encourage
DWARF to explore in the constrictive space when the state
similarity metric between GIANT and DWARF Sim(sct , s

e
t )

is greater than the threshold. In practice, we utilize a cross-
entropy loss to optimize θλ:

J(θλ) =

T−1∑
t=0

[−(1− y)log(1− λ(set ))− ylog(λ(set ))]

where y =

0 if Sim(sct , s
e
t ) ≥

δ

rc(sct) + ε

1 otherwise
(8)

Dynamic Path Feedback
A further challenge is to enhance the search efficiency of
GIANT in order to provide DWARF with the requisite guid-
ance as expeditiously as possible, given that the search is
limited to a fixed number of step T . In the default reward,
GIANT will receive 1 reward only when it reaches the cor-
rect cluster, and the rest will be 0, which makes GIANT
adopt random policy at the early phase. This phenomenon
is not conducive to stable learning outcomes for two agents.
On the basis of the theory of reward shaping (Harutyun-
yan et al. 2015), we rewrite the reward function of GIANT,
named dynamic path feedback. In particular, we write it in

Dataset #Ent #Rel #Fact #Que #Mean #Med

NELL-995 75,492 200 154,213 3,992 4.07 1
WN18RR 40,945 11 86,835 3,134 2.19 2

FB15K-237 14,505 237 272,115 20,466 19.74 14

Table 1: The statistics of some benchmark KG datasets.
#Mean is the averaged outgoing degree of every entity that
can indicate the sparsity level while #Med is the correspond-
ing median.

the form of an objective function J(θπc),

J(θπc) =
T−1∑
t=0

[rc(s
c
t)− α∆(sct , s

c
t+1)],

∆(sct , s
c
t+1) = Sim(sct , s

c
target)− Sim(sct+1, s

c
target)

(9)

sct+1 comes from the next state generated by the policy net-
work. In contrast to the default reward, dynamic path feed-
back uses the reward function to score the GIANT’s path in a
rollout rather than simply identifying whether it has reached
the correct target cluster. Even if GIANT does not reach the
correct target cluster in a rollout, it will evaluate the qual-
ity of the path, thereby accelerating the learning process. In
Appendix D, we prove that GIANT learns optimal policy
in dynamic path feedback is consistent with default rewards
circumstance:

Theorem 1 (Consistency of optimal policy) Given two
MDPs that differ only in reward function, denoted as
M = (S,A, δ,R) and M ′ = (S,A, δ,RD) respec-
tively, where R = rc(s

c
t) is the default reward while

RD = rc(s
c
t)− α∆(sct , s

c
t+1) is the dynamic path feedback

reward. Their optimal policies are consistent, that is,

π∗
M (sct) = π∗

M ′(sct).

Experiments
In this section, we evaluate the efficacy of FULORA on three
real-world KG datasets: NELL-995 (Xiong, Hoang, and
Wang 2017), WN18RR (Dettmers et al. 2018) and FB15K-
237 (Toutanova et al. 2015). The datasets statistics are listed
in Table 1.

As can be seen from the statistical indicators, these three
datasets represent standard KG, sparse KG and Dense KG
respectively. In our selection of the baseline, we are not only
evaluating it against the state-of-the-art multi-hop reasoning
methods, but also against with other embedding-based KG
reasoning methods and GNN-based reasoning methods. FU-
LORA and all baselines are implemented under the Pytorch
framework and run on the NVIDIA 3080Ti GPU. All the re-
sults are the average of the results in five experiments. See
Appendix A.1 for a brief introduction of each baseline.

Short-distance Reasoning Ability
For each triplet (es, rq, eo) in the test set, we convert it to
a query (es, rq, ?) and use embedding-based or multi-hop
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Model NELL-995 WN18RR FB15K-237
MRR @1 @3 @10 MRR @1 @3 @10 MRR @1 @3 @10

TransE (Bordes et al. 2013) 51.4 45.6 67.8 75.1 35.9 28.9 46.4 53.4 36.1 24.8 40.1 45.0
DistMult (Yang et al. 2015) 68.0 61.0 73.3 79.5 43.3 41.0 44.1 47.5 37.0 27.5 41.7 56.8
ComplEx (Trouillon et al. 2016) 68.4 61.2 76.1 82.1 41.5 38.2 43.3 48.0 39.4 30.3 43.4 57.2
LMKE (Wang et al. 2022) 74.6 71.7 84.7 89.5 53.6 45.1 66.0 79.4 41.2 31.8 46.2 56.9

NBFNet (Zhu et al. 2021) 70.9 68.0 76.8 80.4 48.1 44.9 49.8 58.3 40.5 30.8 45.8 55.2
RED-GNN (Zhang and Yao 2022) 71.2 67.8 - 86.2 46.9 42.5 - 53.0 39.8 29.9 - 54.4

MINERVA (Das et al. 2018) 67.5 58.8 74.6 81.3 44.8 41.3 45.6 51.3 27.1 19.2 30.7 42.6
AttnPath (Wang et al. 2019) 69.3 62.7 73.9 80.1 42.9 40.7 44.3 52.9 31.9 24.1 40.4 43.8
SQUIRE (Bai et al. 2022) 71.1 68.2 81.4 87.2 48.2 45.0 51.4 59.7 35.0 26.5 41.7 50.3
CURL (Zhang et al. 2022) 70.8 66.7 78.6 84.3 46.0 42.9 47.1 52.3 30.6 23.9 38.1 50.9
HMLS (Zheng et al. 2024) 71.8 69.0 80.9 88.9 48.5 43.9 52.9 60.4 37.4 28.0 42.1 52.5
FULORA (Ours) 72.5 69.4 79.7 89.2 49.1 45.6 50.7 59.2 36.4 27.1 41.9 51.3

Table 2: Link prediction results with a path length of 3 on the NELL, WordNet, and Freebase datasets (embedding-based
and GNN-based reasoning do not inherently consider path length, so we exclude triples reachable by shorter paths for fair
comparison). All metrics are multiplied by 100. The best score of embedding-based reasoning models, GNN-based models are
underlined while multi-hop reasoning models are in bold. Compared to other indicators, we specifically highlight the MRR to
emphasize its significance.

models with a beam search width of 50 to rank the tail enti-
ties. Following (Bordes et al. 2013), we evaluate using two
metrics: (1) mean reciprocal rank (MRR) and (2) Hits@K,
the proportion of correct tail entities ranked in the top K.

As shown in Table 2, we present the performance of
FULORA and all baselines on NELL-995, WN18RR, and
FB15K-237. On both the standard KG (NELL-995) and
sparse KG (WN18RR), FULORA not only outperforms
CURL, SQUIRE and HMLS currently regarded as the most
powerful multi-hop reasoning models, but also significantly
surpasses NBFNet and RED-GNN, both of which are rec-
ognized as advanced GNN-based reasoning algorithms. FU-
LORA also achieves comparable performance to the best
embedding-based model, LMKE. On FB15K-237, where
1-to-M relations dominate, multi-hop models often strug-
gle with high-degree nodes, hindering correct entity re-
trieval. In contrast, FULORA’s attention mechanism fo-
cuses on the most relevant neighbors. Averaging across three
datasets, FULORA improves MRR and Hits@1, 3, and 10
by 3.5%, 2.9%, 2.8%, and 4.1% over CURL. Notably, Ta-
ble 2 presents results based on a path length of 3, which
does not capture FULORA’s exceptional performance in
long-distance reasoning. Subsequent experiments focus on
the performance of FULORA’s components, GIANT and
DWARF, in long-distance reasoning, with comparisons to
other advanced models in Table 2. In fact prediction, FU-
LORA outperforms other multi-hop baselines, as detailed in
Appendix B.1.

Long-distance Reasoning Ability
Recall the motivation of FULORA, we tend to address the is-
sue of multi-hop reasoning models being unable to infer cor-
rect answer due to the lack of short direct path by improving
long-distance reasoning ability. This issue is significant on
standard KG and sparse KG, so we conduct the following ex-

Figure 4: Learning curves comparing the performance of
ours against CURL from NELL-995 relation tasks and all
tasks. Averaged over 5 seeds with the shaded area showing
standard deviation. Our proposed model is significantly bet-
ter than CURL in both score and stability.

periments on NELL-995 and WN18RR. For effective evalu-
ation, we compare our model with MINERVA and CURL
in NELL-995 and WN18RR, where we remove the most
frequently-visited short paths found by the bi-directional
search (Xiong, Hoang, and Wang 2017; Zhang et al. 2022)
inside KGs.
Cluster State Similarity. One of the most signifi-
cant contributions of GIANT is the implementation of dy-
namic path feedback, which has been shown to enhance
the learning efficiency. To visually demonstrate the efficacy
of dynamic path feedback, we initially focus on GIANT’s
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NELL-995/WN18RR/FB15K-237 MRR @1 @10

FULORA + TransE (Bordes et al. 2013) 72.5/49.1/36.4 69.4/45.6/27.1 89.2/57.2/51.3
FULORA + LMKE (Wang et al. 2022) 76.8/54.4/38.6 73.0/46.3/30.2 93.7/72.4/51.2

Table 3: Effects of various pre-embedding methods on the performance of FULORA.

Figure 5: The long-distance performance: FULORA signif-
icantly outpeforms CURL, SQUIRE, HMLS, LMKE, RED-
GNN, NBFNet on NELL-995 (standrad KG) and WN18RR
(Sparse KG).

reasoning ability on cluster-level, which directly impacts
DWARF’s reasoning results. Here, we record the cluster
state similarity (CSS) Sim(scT , s

c
target) under each epoch. As

shown in Figure 4, our model outperforms CURL in scores
and stability in most cases. See Appendix B.3 for a compar-
ison of the remaining tasks.
Entity Reasoning Accuracy. we now demonstrate
that FULORA’s efficient guidance-exploration enhances
DWARF’s performance in long-distance reasoning com-
pared to other well-performed baselines (Appendix B.4.2
provides a further analysis). Figure 5 shows the MRR
for varying path lengths on NELL-995 and WN18RR.
FULORA excels in long-distance reasoning accuracy on
WN18RR (sparse KG). This highlights our motivation: FU-
LORA mitigates the poor performance of current KG rea-
soning methods in the absence of short direct paths by en-
hancing long-distance reasoning. Overall, FULORA demon-
strates more robust long-distance reasoning performance
with minimal degradation in long-path settings. This is
due to the dynamic path feedback and efficient guidance-
exploration, which enable better information sharing be-
tween GIANT and DWARF, ensuring DWARF’s excellent
self-exploration ability.

Ablation Study
Sensitivity Analysis. We utilize δ and α to control the
degree of efficient guidance-exploration and dynamic path
feedback. To comprehensively explore the efficacy of the
two mechanisms, we conduct link prediction on NELL-
995 and WN18RR by varying the values of δ and α
as {0.20, 0.30, 0.40, 0.50} and {0.05, 0.10, 0.15, 0.20}, re-
spectively. The averaged results are shown in Figure 6. In
accordance with our previous analysis, it is evident that

Figure 6: Ablation analysis w.r.t δ and α on NELL-995 and
WN18RR, respectively. Here we report MRR results with
path length=3 for both datasets.

DWARF cannot rely excessively on GIANT for guidance.
Furthermore, the level of path feedback that GIANT receives
should not be unduly strong. In addition, in Appendix B.4,
we have carefully discussed the influence of three main com-
ponents of FULORA on KG reasoning efficiency.
Pre-embedding Methods. In our approach, we use
TransE (Bordes et al. 2013) for pre-training the embeddings.
One straightforward idea is to improve FULORA’s perfor-
mance by using a more advanced KG embedding model
such as LMKE (Wang et al. 2022). Table 3 presents the per-
formance of TransE and LMKE as pre-embedding methods.
The more advanced LMKE indeed improves FULORA’s
performance. However, we use TransE in our experiments to
emphasize that the performance improvement is due to FU-
LORA’s efficient guidance-exploration mechanism, not the
strength of the KG embedding method.

Conclusion

We present FULORA, an efficient guidance-exploration
model built on dual-agent KG reasoning framework to en-
hance the agent’s long-distance reasoning ability on stan-
dard KG and sparse KG. The key insight behind our ap-
proach is balancing the self-exploration of DWARF and the
guidance from GIANT. Specifically, on the one hand, we
leverage the attention mechanism to make DWARF pay at-
tention to the neighbouring entities that are close to the
query. On the other hand, we propose that dynamic path
feedback enables GIANT to have better learning efficiency,
thus providing DWARF with high-quality guidance, making
the DWARF to have a favourable global vision while hav-
ing excellent local reasoning ability. Experiments on three
real-world datasets demonstrate that FULORA outperforms
state-of-the-art multi-hop reasoning methods. Further anal-
ysis reveals that FULORA’s long-distance reasoning ability
on standard and sparse KGs significantly outperforms cur-
rent KG reasoning methods.
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