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Abstract

Reasoning paths are reliable information in knowl-
edge graph completion (KGC) in which algorithms
can find strong clues of the actual relation between
entities. However, in real-world applications, it is
difficult to guarantee that computationally afford-
able paths exist toward all candidate entities. Ac-
cording to our observation, the prediction accu-
racy drops significantly when paths are absent. To
make the proposed algorithm more stable against
the missing path circumstances, we introduce soft
reasoning paths. Concretely, a specific learnable
latent path embedding is concatenated to each re-
lation to help better model the characteristics of the
corresponding paths. The combination of the re-
lation and the corresponding learnable embedding
is termed a soft path in our paper. By aligning the
soft paths with the reasoning paths, a learnable em-
bedding is guided to learn a generalized path rep-
resentation of the corresponding relation. In addi-
tion, we introduce a hierarchical ranking strategy
to make full use of information about the entity, re-
lation, path, and soft path to help improve both the
efficiency and accuracy of the model. Extensive ex-
perimental results illustrate that our algorithm out-
performs the compared state-of-the-art algorithms
by a notable margin. Our code will be released at
https://github.com/7THHHHH/SRP-KGC.

1 Introduction

Knowledge graphs (KGs) have emerged as a foundational
framework for organizing and utilizing structured informa-
tion in mission-critical domains, including question answer-
ing [Sun et al., 2019a; Dinan et al., 2019], recommendation
systems [Huang et al., 2018], and information retrieval [Edge
et al., 2024]. Structurally, KGs are composed of triples
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(h,r,t), where h denotes the head entity, r specifies the se-
mantic relationship and ¢ identifies the tail entity. However,
despite their practical importance, KGs often exhibit incom-
pleteness. This inherent limitation underscores the impor-
tance of Knowledge Graph Completion (KGC) techniques,
which play a pivotal role in automating the knowledge graph
construction and validation processes.

Existing knowledge graph completion methods can be
broadly categorized into two main categories: embedding-
based methods [Bordes et al., 2013; Sun et al., 2019b;
Balazevic et al., 2019] and text-based methods [Wang et al.,
2022a; Qiao et al., 2023; Chen et al., 2023]. With the advent
of language models, their advanced linguistic understanding
capabilities have significantly improved the performance of
text-based methods. Taking full advantage of the semantic
relationships between candidate tail entities and the query,
text-based approaches have gained widespread adoption due
to their substantial improvements in accuracy.

Recent studies [Iwamoto and Kameiwa, 2024; Zha et al.,
2021] have investigated the incorporation of reasoning path
information into text-based knowledge graph completion,
where reasoning paths serve as valuable indicators for pre-
dicting entity relationships, leading to significant improve-
ments in prediction accuracy. However, our empirical anal-
ysis reveals that these algorithms exhibit a marked decrease
in performance when reasoning paths are not available. Fur-
thermore, through a detailed statistical evaluation, we found
that approximately 82% of the triples in the WN18RR test set
and roughly 27% of the triples in the FB15K-237 test set do
not contain valid 2-hop or 3-hop reasoning paths. This obser-
vation suggests that a substantial portion of entities lack ac-
cessible reasoning paths that could be utilized for relation pre-
diction. Consequently, this limitation severely constrains the
performance ceiling of these methods. Moreover, prior path-
based methods require reasoning path searches and ranking
for all candidate tail entities to achieve high prediction accu-
racy, resulting in long testing times and limiting their practical
application in real-world scenarios.

To address the aforementioned challenges, we propose a
knowledge graph completion method based on soft reasoning
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paths (SRP-KGC). Specifically, the proposed soft reasoning
paths are formed by combining relations and learnable em-
beddings. By assigning an independent learnable embedding
to each type of relation and then aligning it with the paths
of that relation, our approach enables the modeling of vari-
ous path information corresponding to the same relation using
soft reasoning paths. In cases where reasoning paths are miss-
ing, soft reasoning paths effectively fill the gaps, thereby en-
hancing the stability and robustness of the algorithm in such
scenarios.

Additionally, to improve the scalability of the algorithm
and mitigate the negative impact of extensive path searches
on efficiency while maintaining the accuracy of the ranking,
we propose a hierarchical ranking strategy. This approach
utilizes a combination of relation, reasoning path, and soft
reasoning path evaluation metrics to perform tiered filtering,
effectively ensuring the scalability of the algorithm for test
entities. Our contributions are summarized as follows:

* We identify an overlooked issue of performance degra-
dation in path-based algorithms when paths are miss-
ing and propose a KGC method based on soft reasoning
paths that enhances the algorithm’s stability against the
candidate entities whose path information is absent.

We propose a hierarchical ranking method based on re-
lations, reasoning paths, and soft reasoning paths, which
alleviate the scalability defect of the path-based algo-
rithm and enhances its practical value.

Extensive experimental results demonstrate that the soft
reasoning paths constructed based on trainable em-
beddings can effectively narrow the semantic gap be-
tween relations and their corresponding holistic reason-
ing paths, while enhancing the discriminative ability of
relational representations in path discrimination.

2 Related Work

2.1 Knowledge Graph Completion

Existing methods for knowledge graph completion (KGC)
fall into two categories: embedding-based and text-
based.Embedding-based methods encode entities and rela-
tions as vectors. Translational models (e.g., TransE [Bor-
des et al, 2013], TransH [Wang et al, 2014]) are effi-
cient but weak in modeling complex patterns. Tensor mod-
els like ComplEx [Trouillon er al, 2016] handle diverse
relations but scale poorly. Graph neural networks (e.g.,
CompGCN [Vashishth ef al., 2019]) incorporate neighbor in-
formation to improve representations, though they require
careful architecture design.Text-based methods leverage tex-
tual context. KG-BERT [Yao et al., 2021] encodes triples as
text for classification. SimKGC [Wang et al., 2022a] and C-
LMKE [Wang et al., 2022b] use contrastive learning for bet-
ter discrimination. However, these methods often rely only
on (h,r) and candidate entity text similarity, ignoring richer
auxiliary cues.

2.2 Reasoning Path in KGC

Reasoning is crucial for accurate knowledge graph comple-
tion (KGC). Unlike traditional embedding-based methods,

reasoning path-based approaches capture higher-order rela-
tions by exploring paths that reflect semantic or logical con-
nections. GralL [Teru et al., 2020] uses GNNs to assess
path-relation relevance, BERTRL [Zha et al., 2021] encodes
reasoning paths and candidate triples with BERT, and Re-
DistLP [Iwamoto and Kameiwa, 2024] aggregates multiple
paths for prediction. These methods excel in inductive KGC
but struggle when reasoning paths are missing or candidate
triples are abundant.

2.3 Prompt Tuning

Prompt tuning, through the use of prompts, enables pre-
trained language models (PLMs) to achieve exceptional per-
formance across various downstream tasks with minimal
computational cost. CSProm-KG [Chen et al., 2023] is the
first work to incorporate prompt tuning into KGC tasks. By
applying prefix tuning in conjunction with GNNs, it effec-
tively completes the KGC task under low-parameter condi-
tions. AutoKG [Zhu er al., 2023] also explores the application
of prompt engineering within the knowledge graph domain.
A frequently overlooked aspect of prompt tuning is its capac-
ity to learn general representations of data during the training
process, a feature that our method leverages. This enables our
model not only to handle specific tasks but also to extract and
utilize general patterns from the data, thereby enhancing the
model’s generalization ability and overall performance.

3 Method

3.1 Problem Statement

Given a knowledge graph G = {(h,r,t) | h,t € E,r € R},
where E and R are the set of entities and relations of the KG,
respectively. h and t are the head and tail entities, while r is
the relation between them. The KGC task aims to predict the
missing triples. In the entity ranking evaluation protocol, tail
entity prediction (h,, 7) ranks all entities based on & and 7,
while head entity prediction (?,7,t) does the same. In this
paper, we follow the SIimKGC [Wang er al., 2022a] setup and
add an inverse triple (¢, %, h) for each triple (h,r,t), sim-
plifying the task to only tail entity prediction.

3.2 Network Framework Based on Contrastive
Learning

The proposed SRP-KGC method is based on a dual-encoder
contrastive learning architecture and consists of three main
components. First, we use multi-type positive samples for
contrastive learning, introducing reasoning paths during the
training phase to guide the model in enhancing its ability to
discriminate reasoning paths. Next, we introduce soft reason-
ing paths, and by aligning soft reasoning paths with reasoning
paths, we guide the model to learn generalized path represen-
tations of the corresponding relations to alleviate the issue of
missing reasoning paths. Finally, during the testing phase, to
fully utilize the information from entities, relations, reasoning
paths, and soft reasoning paths, we introduce a hierarchical
ranking strategy, combining multiple sources of information
to further improve the accuracy of predictions.
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Figure 1: SRP-KGC Framework: During the training process, we introduced three types of positive samples. By incorporating these diverse
positive samples, the model’s ability to understand reasoning paths was enhanced, while the soft reasoning path learns the generalized
representation of reasoning paths. In the testing phase, we employed a hierarchical ranking strategy, combining information from entities,
relations, soft reasoning paths, and reasoning paths to further improve the model’s accuracy.

3.3 Multi-Type Positive Samples

In the contrastive learning framework, we use three types of
positive samples: relation positive samples, reasoning path
positive samples, and soft reasoning path positive samples.
Relation positive samples are triples (h, r,t) where the head
and tail entities are directly related by relation r. Reasoning
path positive samples replace the direct relation with a rea-
soning path from A to ¢, while soft reasoning path positive
samples involve learning a generalized representation of the
reasoning path through trainable embeddings, which will be
explained in the next section.

Reasoning paths are the foundation of our approach. To en-
sure their generalization, we focus on relations and ignore en-
tity information, represented as p = {r1,ro,... }. Paths are
classified based on the number of hops n, with 2-hop and 3-
hop paths being considered. We use a path constraint resource
allocation algorithm from [Lin et al., 2015] to compute the
confidence of each path and retain the highest-scoring ones.
Additionally, we add the original relations as prefixes to each
path to improve their expressiveness, creating a composite
representation.

1P = [CLS|h[SEP]r[SEP] )
17, = [CLS|h[SEP]rp:[SEP) )

1?5 = [CLS|h[SEP]rps[SEP] 3)

In our framework, each relation or reasoning path, combined
with the corresponding head entity, forms query texts (IF,
I7 5, I7,3). These query texts are paired with the correct
tail entity ¢t to generate positive samples. Then, these text
pairs are processed through two BERT modules: the relation-
aware module (Berty,-) encodes the query text, generating
embeddings ey, eprp2, and ep-p3. The entity-specific mod-
ule (Bert,;) independently encodes the tail entity and gener-
ates the embedding e;.

['hr,t = »C(eh'ra €t), Chp,t = »C(eh'r‘p% et) +£(eh1‘p37 et) (4)

Here, L represents the loss function, and its specific form will
be introduced in detail later.

3.4 Soft Reasoning Paths

To alleviate the issue of absent reasoning paths, we intro-
duce soft reasoning paths. Specifically, for each relation r
or inverse relation r—!, we append a trainable embedding
S, € RdoutXm o it. By concatenating trainable embed-
ding with the original relation representation, we construct
soft reasoning paths that are capable of generalizing path se-
mantics. During training, we design a contrastive learning ob-
jective to align the soft reasoning path embedding ej,,.s with
the encoded authentic reasoning paths ey,,,2 and ej,,,3 in vec-
tor space. This alignment guides the soft reasoning paths to
learn generalized path patterns of relations from a limited set
of path samples. This design allows soft reasoning paths to
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simulate latent reasoning logic through generalized represen-
tations during testing, even when reasoning paths are absent,
thus significantly mitigating the impact of missing paths on
prediction performance.

Specifically, we first construct sentence pairs 2. After to-
ken embedding, we append a trainable embedding S, to the
embedding vector of the relation. We define the soft reason-
ing path as IZ..

1P, = [CLS|h[SEP]rS.[SEP], S, = Wa-(ReLU(W;-2;))

&)
where x,. € R%n*™ 1 denotes the number of relations, and
d;,, represents the dimensionality of the trainable embeddings
we define. W, € R *din and W, € RutXdn are trainable
weight matrices. dj, denotes the dimensionality of the hidden
layer, while d,,; represents the dimensionality of the output
layer. The output layer is typically expressed as [ x 768, where
l is the number of trainable embeddings, and 768 is the default
dimensionality of BERT input embeddings. A corresponding
x, is assigned to each relation. Specifically, if the knowledge
graph contains 247 types of relations, there will be a total of
247 x 2 instances of x,. (accounting for both forward and in-
verse relations). Notably, W; and Wy are shared parameters
across all relations. The soft reasoning path plays a role in
learning the representations of reasoning paths to better cap-
ture complex reasoning information.

Lirst = E(th'Sa et) (6)

l:hrs,p = ‘C(eh’!‘87 ehp2) + £(ehrsa ehp3) (7)
Here, ep,s is the result of encoding IE, with Bertp,..

3.5 Hierarchical Ranking

During the testing phase, we predict the tail entities using the
known head entities and relations. In this process, in addi-
tion to the relational information, we can also leverage the
soft reasoning paths learned during training (i.e., (h,r) and
(h,rs)). By employing a dual-encoder architecture, we pre-
process all candidate tail entities, enabling efficient and rapid
computation. Although reasoning paths are highly valuable,
performing path searches for every candidate entity would in-
cur substantial computational costs. For instance, in the Wiki-
data5M dataset, each triple contains 4,594,485 candidate tail
entities, making exhaustive computation impractical. To ad-
dress this challenge, our approach strikes a balance between
computational cost and performance through a hierarchical
ranking strategy. During the reasoning phase, we first per-
form a quick filtering using the relations and soft reasoning
paths, and then conduct reasoning path searches only for the
high-confidence candidate entities.

Logits = ¢(h, r,t) + ¢(h,rs,t), E = Top-N(Logits) (8)

Here, we define ¢(h, r,t) = cos(ep,, e;) € [—1, 1], and sim-
ilarly, ¢(h,7s,t) = cos(enrs,er) € [—1,1]. Next, we select
the top N candidate entities with the highest scores for the
current triple (h,r), and perform path searches in the known
graph between the head entity and these candidate entities.
Here, N is a tunable ranking parameter that can be adjusted
flexibly based on the characteristics of the dataset.

Pathy, Paths = Search(h, E) )

Here, we still limit the search to only 2-hop and 3-hop paths,
i.e., Patho and Pathg. After combining the searched paths
with the head entity and passing them through Bert;,, we ob-
tain the embeddings ey,p2 and ey,p3. Then, we calculate the
similarity between these two vectors and ej,.s by computing
the cosine similarity, yielding a value « € [—1,1]. From
these results, we select the one with the highest score.

o = max (cos(epp2, €nrs), COS(€np3, €hrs)) (10)

We add the obtained « values to the high-confidence can-
didate entities in order to further optimize the results. This
adjustment allows the model to prioritize the most relevant
entities, improving the overall performance of the KGC task.

3.6 Loss Function

In the training process, to further enhance the generalizabil-
ity of the knowledge learned by the soft reasoning paths, in-
spired by [Khosla et al., 20201, we improve the InfoNCE loss
function. We extend InfoNCE [Chen et al., 2020] to handle
multiple positive samples simultaneously by maximizing the
likelihood of these positive samples, thus integrating shared
semantic information. This modification allows the model to
better capture diverse patterns in the data, improving its per-
formance on KGC tasks.

. bhrnt) /7
I 11
PP e

Here, P is the set of all previously mentioned positive sam-
ples, that is, the relation r, 2-hop path rp,, 3-hop path rps,
and the soft reasoning path rs. At the same time, we retain the
temperature parameter 7 to balance the importance between
the samples. In addition to the in-batch negative samples, we
do not introduce any additional negative samples.

£all = wlﬁhr,t + w2£hp,t + w?)‘chrs,t + w4£hrs,p (12)

Where w; is tunable hyper-parameters for adapting to specific
knowledge graph characteristics.

4 Experiments

In this section, we evaluate the overall performance of SRP-
KGC and the effectiveness of its individual modules. The
experiments aim to answer the following four research ques-
tions:

* RQI. How does the proposed SRP-KGC perform com-
pared to the state-of-the-art methods under both trans-
ductive and inductive settings? (see Section 4.2)

e RQ2. Will the introduction of soft paths improve the
discriminability of the reasoning path embedding? (see
Section 4.3)

* RQ3. How does the soft reasoning path perform when
reasoning paths are missing or present? (see Section 4.4)

* RQ4. How does hierarchical ranking work? Is it effec-
tive? (see Section 4.5)
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\ WN18RR \ FB15k-237 \ Wikidata5M-Trans
Methods | MRR Hits@l Hits@3 Hits@10 | MRR Hits@1 Hits@3 Hits@10 | MRR Hits@! Hits@3 Hits@10
Embedding-based methods
TransE 243 43 44.1 53.2 27.9 19.8 37.6 44.1 25.3 17.0 31.1 39.2
ComplEx | 449 409 46.9 53.0 27.8 19.4 29.7 45.0 282 226 - 39.7
RotatE 476 4238 49.2 57.1 33.8  24.1 37.5 53.3 290 234 322 39.0
ConvE 456 419 47.0 53.1 312 225 34.1 49.7 - - - -
CompGCN | 48.1 44.8 492 54.8 355 264 39.0 53.5 - 4 - -
TuckER 470 443 48.2 52.6 358 266 39.4 54.4 - 9 - -
CompoundE | 49.2 452 51.0 57.0 350 262 39.0 54.7 - - - -
KPACL 527 482 54.7 61.3 36.0 266 39.5 54.8 4 g - -
RotatE-VLP | 498 455 51.4 58.2 362 27.1 39.7 54.2 Y - - -
Text-based methods
KG-BERT | 21.6 4.1 30.2 52.4 - - - 42.0 - - - -
StAR 40.1 24.3 49.1 70.9 296 205 32.2 48.2 - - - -
KG-S2S 574 531 59.5 66.1 33.6 257 37.3 49.8 - - - -
C-LMKE | 619 523 67.1 78.9 306 21.8 33.1 48.4 - - - -
SimKGC | 67.1 58.7 73.1 81.7 333 246 36.2 51.0 353 30.1 37.4 44.8
CSProm-KG | 575 522 59.6 67.8 358 269 39.3 53.8 38.0 343 39.9 44.6
LP-BERT | 482 343 56.3 75.2 31.0 223 33.6 49.0 - - - -
GS-KGC - 34.6 51.6 - - 28.0 42.6 - - - 3 -
GHN 678  59.6 71.9 82.1 339 251 36.4 51.8 364 317 38.0 453
SRP-KGC | 70.5  63.6 74.4 831 | 431 353 46.1 585 | 409  36.6 43.0 48.8

Table 1: Main results on WN18RR,FB15k-237 and WikidataSM-Trans datasets. Bold numbers represent the best and underlined numbers

represent the second best.

4.1 Experimental Settings

We evaluated our method on three commonly used datasets:
WN18RR, FB15k-237, and WikidataSM-Trans. Detailed in-
formation about these datasets is shown in Table 2. Dur-
ing the evaluation on these datasets, the candidate entities
included all entities in the respective datasets. In addi-
tion, [Teru et al., 2020] extracted four inductive versions
(v1,v2,v3,v4) of datasets for both WN18RR and FB15k-237.
When testing on these inductive datasets, we followed the
conventional setup and used only 50 candidate entities that in-
cluded the target tail entity for fair comparison. Due to space
constraints, the detailed descriptions of the inductive datasets
are provided in the appendix.

Dataset #Ent #Rel #train # valid # test
WNI18RR 40,943 11 86,835 3,034 3,134
FB15k-237 14,541 237 272,115 17,535 20,466

WikidataSM-Trans 4,594,485 822 20,614,279 5,163 5,163

Table 2: Statistics of the datasets.

We adopted the text-based model SimKGC [Wang er al.,
2022a] as our baseline, retaining the BERT parameter settings
from the original paper. Our implementation was built using
PyTorch. Hyperparameters w; were optimized via grid search
over the set {0.2,0.4,0.6,0.8,1}. All experiments ran on 4
NVIDIA RTX 4090 24GB GPUs. Evaluation used four au-
tomated metrics:MRR: Mean reciprocal rank of test triples;
Hit@Fk: Proportion of correct entities in top-k predictions
(k = 1,3,10). The detailed hyperparameters can be found
in the appendix.

4.2 Performance Comparison with SOTA Method

In this study, we conducted a comparative analysis of SRP-
KGC, comparing it with both embedding-based and text-
based approaches. The embedding-based methods include
TransE [Bordes et al., 2013], ComplEx [Trouillon et al.,
2016], RotatE [Sun et al., 2019b], ConvE [Dettmers et al.,
2017], TuckER [Balazevic et al., 2019], CompoundE [Ge et
al., 2023], KRACL [Tan ef al., 20221, and RotatE-VLP [Li
et al., 2023]. On the other hand, the text-based methods
include KG-BERT [Yao et al., 20211, StAR [Wang et al.,
2021], KG-S2S [Chen et al., 2022], C-LMKE [Wang et al.,
2022b], SimKGC [Wang et al., 2022a], CSProm-KG [Chen
et al., 2023], LP-BERT [Li er al., 2022], GS-KGC [Yang et
al., 2024] and GHN [Qiao et al., 2023].

The main results are summarized in Table 1. Several
conclusions can be drawn from these findings. Firstly, our
method outperforms previous works across all metrics on the
three datasets. Specifically, on the WN18RR dataset, our
SRP-KGC improves the MRR and Hits@1 metrics by 4%
and 6.7%, respectively. On WikidataSM-Trans, it improves
by 7.6% and 6.7%. Notably, on FB15k-237, our SRP-KGC
improves by 19% and 26.1%. These results indicate that
our SRP-KGC method demonstrates strong competitiveness
in knowledge graphs with both sparse and dense topologies,
as well as in large-scale knowledge graphs.

To further explore the generalization capability of our
method, we conducted experiments under the inductive KGC
setting. The datasets used include WN18RR (v1, v2, v3,
v4) and FB15k-237 (v1, v2, v3, v4), which were extracted
by [Teru er al, 2020]. Due to space constraints, we
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| WNISRR ind
Methods | "y v2  v3  v4 AVG

GralL 824 786 584 734 732
SimKGC | 958 972 962 974 96.7
GLAR 93.6 947 933 924 935
SRP-KGC | 97.8 989 96.1 984 978

Table 3: The Hits@10 of WN18RR under inductive scenario. The
optimal values of each metric are marked in blod.

compared SRP-KGC with the following three approaches:
GralL [Teru et al., 20201, which is one of the most classic
methods for completing KGC tasks using reasoning paths;
SimKGC [Wang et al., 2022a], which has a similar struc-
ture; and GLAR [Xie et al., 2024], the current state-of-the-art
method. For a fair comparison, we adopted the experimental
setup of GralL, retaining only 50 candidate entities contain-
ing the target tail entity by default, and used Hits@10 as the
evaluation metric. Tables 3 and Tables 4 present the experi-
mental results on these two datasets.

| FB15k-237_ind
Methods | vi — v2  v3 v4 AVG

GralL 642 81.8 957 893 827
SimKGC | 90.5 932 91.0 90.1 912
GLAR 913 96.6 96.0 964 95.1
SRP-KGC | 96.3 981 96.2 953 96.5

Table 4: The Hits@10 of FB15k-237 under the inductive scenario.
The optimal values of each metric are marked in bold.

The experiments demonstrate that SRP-KGC improves
upon the best-performing method by 1.1% and 1.5%, respec-
tively, in these two tasks. Through this approach, the model is
able to effectively capture the underlying patterns of reason-
ing paths, demonstrating strong generalization ability even
when handling previously unseen entities.

4.3 Ability to Comprehend the Reasoning Path

SimKGC ours
L]
v ¥ hd :
52 . s
S
g % .

Figure 2: Visualization of embeddings with the different head en-
tities and relations using t-SNE under the settings of SimKGC and
SRP-KGC. In the visualization, points with the same color represent
embeddings that share the same target tail entity.

We compared the discriminative features obtained from
different head entities pointing to the same tail entity through
different paths and validated the effectiveness of incorporat-
ing multiple types of positive samples into the training pro-

cess to enhance the model’s ability to understand reasoning
paths. In the experiment, we selected 10 tail entities that
are highly relevant to triples from the FB15k-237 test set.
For these tail entities and their related triples, we performed
path searches and combined the resulting paths with their cor-
responding head entities. Subsequently, we encoded these
combinations using BERT models trained with SimKGC and
SRP-KGC. We visualized the encoded outcomes using t-SNE
in Figure 2. The visualization shows that after training with
SRP-KGC, the embeddings for the same tail entity are signif-
icantly closer in the embedding space, demonstrating better
feature discriminability.

4.4 Effectiveness of Soft Reasoning Paths

To validate the effectiveness of the soft reasoning path, we
designed a series of comparative experiments, focusing on
its performance in different scenarios. Specifically, we con-
ducted comparisons under two conditions based on the exis-
tence of reasoning paths, and analyzed the impact of intro-
ducing the soft reasoning path:

Testing settings \ MRR Hits@l Hits@3 Hits@10
R 26.9 18.0 29.6 441
RS 33.2 24.4 36.5 51.0

Table 5: For the comparison of results in the absence of reasoning
paths, R represents testing using relationships, while RS represents
testing using soft reasoning paths.

Without reasoning paths: In this scenario, previous mod-
els rely solely on the direct relationships within the triples
for prediction, which fails to provide more effective informa-
tion. Our approach introduces soft reasoning paths, and we
conduct a comparative analysis. We collected 5,560 triplets
from the FB15k-237 test set that do not have reasoning paths,
and performed a separate analysis. As shown in Table 5, the
proposed Soft reasoning paths, in the case of missing paths,
showed improvements over traditional methods by 23.4%,
35.6%, 23.3%, and 15.6% on the MRR, Hits@1, Hits@3,
and Hits @ 10 metrics, respectively. These results demonstrate
that Soft reasoning paths, by learning the representation of the
same relationship under different paths, effectively alleviate
the issue of missing reasoning paths in KGC tasks.

With reasoning paths: In this scenario, existing path-based
methods determine the target tail entity by the correlation be-
tween the reasoning path and the target relation. However,
reasoning paths are often stacks of relationships, resulting in
a significant semantic gap from the target relation. To alle-
viate this, we compared the correlation between reasoning
paths and relations, as well as the correlation between rea-
soning paths and soft reasoning paths, to evaluate the role of
soft reasoning paths in reducing the semantic gap.

Replacing the soft reasoning path with relationships and
applying it to the final step of our proposed hierarchical
ranking strategy is an effective comparative method. We
conducted comparisons on the structurally relatively dense
FB15k-237 dataset, as shown in Table 6, indicate that using
Soft reasoning paths, compared to using relationships, led to
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improvements of 23.3%, 30.5%, 23.2%, and 15.9% in MRR,
Hit@1, Hit@3, and Hit@ 10, respectively.

Rank settings ‘ MRR Hits@l Hits@3 Hits@10
R 338 26.2 36.1 48.5
RS 41.7 34.2 44.5 56.2

Table 6: The comparison of results during the ranking phase using
relationships and soft reasoning paths is as follows: R represents
relationships, and RS represents Soft reasoning paths.

To further validate the effectiveness of soft reasoning paths,
we collected 14,806 triples with reasoning paths and searched
for their 2-hop and 3-hop paths. We performed relation pre-
diction using both relations and soft reasoning paths for these
paths. Specifically, the embedding vectors e, of the relations
involved in these triples, as well as the soft reasoning paths
e,s corresponding to each relation, were computed. Subse-
quently, we encoded the embeddings of these reasoning paths
using the same encoder to obtain e,. Finally, we calculated
the similarities between e, and e,., as well as between e;, and
e, and evaluated the results within their respective sets. As
shown in Table 7, compared to using only relations, the use
of soft reasoning paths improved the Hits@10, F1, and ROC-
AUC metrics by 4.6%, 4.8%, and 2.1%, respectively. Fur-
thermore, if soft reasoning paths were not used during train-
ing, the corresponding improvements in the metrics would be
15.6%, 94.7%, and 6.3%, respectively.

Training Settings ‘ Testing Settings ‘ Hits@10 Fl1 ROC-AUC
w/o RS R 74.5 19.0 49.5
w RS R 823 353 51.5
w RS RS 86.1 37.0 52.6

Table 7: Relation prediction performance across training and testing
configurations. R represents relationships, and RS represents soft
reasoning paths.

4.5 Case Study

Contact, language film, English Language Answer
information ~ Top 3 candidate entities probabilities Rank

Greek Language 0.547

(h,r) Japanese Language 0.543 7
Hebrew Language 0.530
Japanese Language 1.034

(h,r)+(h,rs) English Language 1.025 2
’ ’ Greek Language 1.021
English Language 1.458

(h,r)+(h,rs)+(p) Japanese Language 1.262 1
Greek Language 1.249

Table 8: The rankings and scores predicted by the model under dif-
ferent information conditions. The target entity is indicated in bold.

To further illustrate the effectiveness of the hierarchi-
cal ranking, we selected “Contac” as the head entity and

“language film” as the relation for a prediction experiment.
Specifically: Using (h,r) (head entity and relation) as the
query, we calculated the similarity with all candidate entities,
resulting in a rank of 7. Next, we added (h, rs) (head entity
and soft reasoning path) as the query and performed similarity
calculations again, improving the rank to 2. Finally, we con-
ducted a search for the reasoning path and calculated the sim-
ilarity between the reasoning paths and soft reasoning paths.
Adding this score to the original score further improved the
final rank to 1. This process demonstrates that integrating
multiple types of information can effectively improve the ac-
curacy of the model’s predictions.

5 Limitations

Although SRP-KGC enhances KGC tasks by introducing
soft reasoning paths, this leads to increased computational
demands during ranking. To assess this, we examined
the trade-off between performance gains and computational
costs.Comparing SRP-KGC with BERTRL and SimKGC,
SRP-KGC strikes the best balance between speed and accu-
racy. BERTRL takes 60 seconds per batch for a 3.5 MRR
improvement, while SRP-KGC achieves an 8.1 MRR boost
in just 15 seconds. Despite SRP-KGC requiring five times
more processing time than SimKGC (which has a 0.8 MRR
improvement), it offers ten times greater performance gains.
The results show that SRP-KGC effectively enhances model
precision through strategic computational allocation, surpass-
ing BERTRL in efficiency and SimKGC in effectiveness.
(The BERTRL results are from our reproduced experiments.
We used our hierarchical ranking strategy to handle many
candidate entities; without it, testing would take about 36
minutes per batch.)

Ranking Time Per Batch (512)

Methods Time Ability (MRR)
SimKGC 3s 32.8—33.6
BERTRL 60s 32.0—35.5
SRP-KGC 15s 33.6—41.7

Table 9: Comparison of ranking time and performance with
SimKGC and BERTRL in FB15k-237.

6 Conclusion

This paper proposes the SRP-KGC, which effectively al-
leviate issues such as missing reasoning paths, semantic
gaps, and scalability in existing KGC tasks. By introduc-
ing learnable embeddings to construct soft reasoning paths
and employing a hierarchical ranking strategy to fully lever-
age the available information, SRP-KGC significantly out-
performs existing methods across multiple datasets, demon-
strating its potential in large-scale KGC tasks. Although
there is an increase in computational overhead, the substan-
tial performance improvement indicates clear advantages of
the method. Future research will focus on optimizing compu-
tational efficiency and further reducing time costs to enhance
the practical applicability of the method.
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