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Abstract

To keep abreast of the latest research progress on TransE-based representation
learning methods, this paper categorizes TransE-based representation learning
methods into four types through induction and organization: methods based on
complex relations, methods based on relation paths, methods based on image
information, and methods based on other aspects. A detailed analysis is con-
ducted on the design rationale, advantages, and disadvantages of each method.
Simultaneously, a comparison and summary of public datasets and evaluation
metrics for TransE-based representation learning methods is provided, along
with a comparative analysis of the experimental performance of various TransE-
based representation learning algorithms. Finally, the research of the entire
paper is summarized, and future research hotspots are prospected. From the
research results, the PaSKoGE method, NTransGH method, TCE method, and
TransD method demonstrate the best performance on link prediction and triple
classification tasks, warranting promotion and further expansion, with poten-
tial for further improvement in their path-specific embedding, two-layer neural
network, triple context, and dynamically constructed mapping matrices.
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Abstract: To keep abreast of the latest research progress in TransE-based rep-
resentation learning methods, this paper systematically classifies these methods
into four categories: methods based on complex relationships, methods based
on relationship paths, methods based on image information, and methods based
on other aspects. For each category, we provide a detailed analysis of the de-
sign rationale, advantages, and disadvantages. Additionally, we compare and
summarize the common datasets and evaluation metrics used in TransE-based
representation learning, and conduct a comparative analysis of the experimen-
tal performance of various TransE-based algorithms. Finally, we summarize
the research findings and outline future research directions. The results indi-
cate that the PaSKoGE, NTransGH, TCE, and TransD methods demonstrate
the best performance on link prediction and triple classification tasks, warrant-
ing further promotion and extension. These methods can be further improved
through path-specific embedding, two-layer neural networks, triple context, and
dynamic mapping matrix construction.

Keywords: knowledge graph; representation learning; TransE model; knowl-
edge graph embedding; translation model
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0 Introduction

In recent years, inspired by word vector models, representation learning—par-
ticularly translation models—has garnered increasing attention in the field of
knowledge graphs (KG). Knowledge representation involves mapping symbolic
triples into a low-dimensional dense vector space, facilitating computation be-
tween entities and relations [?, 7, ?]. In such vector spaces, semantic similarity
between entities (or relations) can be inferred by calculating distances, effec-
tively addressing data sparsity challenges and making knowledge acquisition
and reasoning more efficient and accurate [?, ?]. Moreover, knowledge repre-
sentation learning research serves applications such as entity alignment, event
extraction, and question answering systems, offering broad prospects [?].

Given the extensive application potential of knowledge representation, scholars
have proposed numerous models, including Structured Embedding (SE), Single
Layer Model (SLM), Semantic Matching Energy (SME), tensor decomposition
models, and translation-based models [?]. Among these classical approaches,
translation models represented by TransE [?] have received the most attention
and become a current research hotspot. Proposed by Bordes in 2013, TransE
demonstrates excellent performance in link prediction with fewer parameters
and simple operation. However, TransE suffers from low accuracy when han-
dling complex relationships, such as one-to-many, many-to-one, many-to-many,
and reflexive relations, as it cannot precisely infer entities sharing the same
relation [?, 7, 7.
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Optimizing TransE has remained a popular research topic, with many novel
models emerging annually [?, 7, ?, ?]. This survey classifies TransE-based rep-
resentation learning methods into four categories based on TransE’ s limitations:
(a) methods for complex relationships, such as STransH, TransD, NTransGH,
TransGraph, and TransAH [?, 7, ?]; (b) methods for relationship paths, such
as PTransE and PaSKoGE [?, ?]; (¢) methods for image information, such as
ITMEA and TCE [?, ?]; and (d) other methods [?, 7, ?], such as TransRD [?],
TransE-SNS [?], AST_{NZL} [?], and GTrans [?].

The main contributions of this paper are: 1. We introduce the algorithmic princi-
ples and pros/cons of TransE-based representation learning methods, providing
a comprehensive and reasonable classification and summary [?, ?]. 2. We con-
duct a detailed analysis and overview of the problems inherent in TransE-based
methods. 3. We analyze and summarize commonly used experimental datasets
and performance evaluation metrics, compare key metrics across algorithms for
each problem category, and identify methods worthy of further promotion and
extension [?]. 4. We analyze and summarize current problems, solved issues,
and potential future research directions in TransE-based representation learning
algorithms [?].

1 Overview of TransE Representation Learning

TransE addresses the problem of embedding entities and multi-relational data in
low-dimensional vector spaces by interpreting relations as translations operating
on entity embeddings [?, ?]. Analyzing its fundamental principles, advantages,
disadvantages, and algorithms deepens understanding of its mechanism.

1.1 TransE Method Overview

TransE is a classic method among knowledge representation translation models,
with the Trans series extending from it. In TransE, entities and relations are
mapped to a vector space, where their representations become vector operations
[?, ?]. The core idea treats a triple (h,r,t) as a translation operation from head
entity vector to tail entity vector [?, ?]. TransE makes several assumptions
about mapping triples (h,r,t) to vector space (Figure [Figure 1: see original
paper]), positing that each triple can be represented as:

h+r~t

where h denotes the head entity vector, r the relation vector, and t the tail
entity vector. Equation (1) signifies that in vector space, the head entity vector
plus the relation should equal the tail entity vector. If this holds, the triple
(h,r,t) is valid in the KG. TransE training requires:

For positive triples: h+r ~ t
For negative triples: h’ +r # t/
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The relationship between (h,r,t) and (h',r,t") approximates vector similarity.
TransE employs Euclidean distance as the scoring function:

flhyrt)=|h+r—t|, /1,

Lower scores benefit positive triples, while higher scores benefit negative triples.
TransE then designs a loss function to evaluate representation learning effective-

. L= Z Z [’y+f<h77“,t)—f(h/77",t/)]+

(h,r,t)eS (b r,t’)es’

where S is the positive sample set, S’ contains negative samples generated by
randomly replacing head or tail entities, v > 0 is the margin parameter, and
[z], = max(0,z). Through continuous training, TransE minimizes this loss
function.

Algorithm 1: Learning TransE
Input: Training set S, entity set E, relation set L, margin v, embedding dimen-
sion k

Initialize: v ~ uniform(—%7 %) foreachr € L, e ~ uniform(—%, %) for each
entity e € £
Loop:

Sample a minibatch of size b
Initialize T} qpep, < 0
For (h,?",t) € Sbatch:
Sample (h',7,t’) < sample(S(;, . ;)
Tbatch A Tbatch U {((h7 T, t)v (h/a T, t/>)}
Update embeddings w.r.t. Z((h,r,t),(h/,r,t’))eTbatch Viv+f(h,r,t)—f(R,r,t")],
End loop

1.2 Advantages and Disadvantages of TransE

TransE was proposed to handle multi-relational data, offering a simple and effi-
cient KG representation learning method capable of various link prediction tasks
[?, ?]. Tts simplicity demonstrates that KG representation learning can automat-
ically capture reasoning features without manual design, making it suitable for
large-scale complex KGs. However, TransE suffers from insufficient expressive-
ness. KG relations can be categorized as one-to-one, one-to-many, many-to-one,
and many-to-many based on head-to-tail entity ratios, but TransE cannot effec-
tively handle one-to-many, many-to-one, many-to-many, or reflexive relations.
Additionally, TransE minimizes a margin loss function shared across all rela-
tion paths to determine entities, relations, and multi-step paths, which cannot
consider differences between relation paths [?]. TransE also exhibits poor perfor-
mance with image information, low-quality negative triples, slow convergence,
poor generalization, and weak margin identification.
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2 TransE-Based Representation Learning Methods

To address TransE’s limitations, researchers have developed various optimization
models, primarily focusing on complex relationships, relationship paths, and
image information, with fewer works on other aspects.

2.1 Methods Based on Complex Relationships

Complex relationship issues refer to TransE’ s inability to handle one-to-many,
many-to-one, many-to-many, and reflexive relations. Classic methods include
TransR, TransH, and TransA [?]. The conventional approach projects entities
and relations into vector space before computing loss functions to infer semantic
connections [?], but this suffers from inefficiency in link prediction and triple
classification.

Five main solutions excel at link prediction and triple classification:

STransH (Single-layer Neural Network Embedding) embeds entities and
relations in separate spaces, using single-layer neural network nonlinear opera-
tions to strengthen semantic connections. Inspired by TransH, it introduces
relation-specific hyperplane projection, allowing entities to play different roles
in different relations. Advantages: Relation-specific hyperplane projection. Dis-
advantages: Does not consider relation paths.

TransD (Dynamic Mapping Matrix Construction) represents each sym-
bol (entity/relation) with two vectors: one for meaning and another for dynam-
ically constructing mapping matrices, considering both relation diversity and
entity characteristics (Figure [Figure 2: see original paper]). Advantages: Dy-
namic matrix construction provides flexible projection. Disadvantages: Ignores
intrinsic relation correlations, has many parameters, and hinders knowledge
sharing.

The TransD mapping function is:
M, = rph; +I, M, = I'pt; +1

where I is the identity matrix. Head and tail entities use different mapping
matrices M,,;, and M,,, determined by relation vector r, and entity mapping
vectors h,, or t,. The projected vectors are:

p

hL = Mrhha tL = Mrtt
The TransD loss function becomes:

fhyrt) =|h, +r—t, ] L,

NTransGH (Generalized Hyperplane Translation Mechanism) com-
bines a translation mechanism modeling relations as generalized hyperplanes
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with neural networks capturing complex entity-relation interactions. Advan-
tages: Two-layer neural network for scoring functions enables low-dimensional
embeddings. Disadvantages: Requires many parameters.

NTransGH uses basis vectors (instead of TransH’s single normal vector) to define
generalized hyperplanes (Figure Figure 3: see original paper). It introduces a
two-layer neural network scoring function to find low-dimensional embeddings
for complex relations. For triple (h,r,t), NTransGH projects entities onto a
generalized hyperplane using basis vectors, but this increases parameter count.

TransGraph (Cross-Training Mechanism Embedding) uses stochastic
gradient descent to optimize objective function L, updating vectors and parame-
ters through gradient computation. It introduces a vector-sharing cross-training
mechanism on top of TransE to deeply fuse network structure and triple infor-
mation. Advantages: Integrates KG network structure features. Disadvantages:
Ignores entity description text and web text.

TransAH (Hyperplane Model Embedding) first builds relation-specific
hyperplane models, then embeds head and tail entities into these hyperplanes for
relation reasoning. Advantages: Relation-specific hyperplane models effectively
represent complex relations. Disadvantages: Does not consider text relation
extraction or entity clustering tasks.

For complex relationships, STransH, TransD, NTransGH, TransGraph, and
TransAH all show good performance. STransH uses single-layer neural net-
works but remains weak in predicting complex relations; adding hyperplane
models significantly improves performance. TransD dynamically constructs re-
lation projection matrices through outer products, reducing parameters in KGs
with many relations but few entities while enhancing global feature capture.
NTransGH’ s core is its two-layer neural network scoring function—a trend in
improving TransE’ s performance. TransGraph’ s vector-sharing cross-training
mechanism is novel and worth referencing. TransAH needs strengthening in
entity clustering tasks.

2.2 Methods Based on Relationship Paths

Relationship path issues arise because TransE only considers direct relations in
representation learning, while multi-step paths contain rich inference patterns
and ignore differences between paths [?]. Path-based optimization is a recent
hotspot, though few methods excel at link prediction and triple classification.

Two main solutions perform well:

PTransE (Path Representation Learning) treats relation paths as trans-
lations between entities, representing paths through semantic composition of
relation embeddings. Advantages: Builds triples from entity pairs connected by
relation paths, facilitating reliable path selection. Disadvantages: Only consid-
ers direct relations and simple inference patterns.
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PaSKoGE (Path-Specific Embedding) adaptively determines margin-
based loss functions for each path by encoding correlations between relations
and multi-step paths for any entity pair. Advantages: Path-specific embedding
with adaptive margins per path. Disadvantages: Requires additional time to
compute path-specific margins.

The PaSKoGE margin-varying objective function is:
Api(hyryt) = Epepinpllh +r =t =, + |0 + 7" =[],

where P(h,t) is the path set between h and ¢, and 7, is the optimal margin
separating positive and negative triples, defined similarly to TransA. Train-
ing uses SGD, with negative triples constructed by randomly replacing com-
ponents. Modeling correlations between relations and multi-step paths requires
extra time.

Both PTransE and PaSKoGE effectively address TransE’ s path issues, with
different emphases: PTransE focuses on path-as-translation and reliability mea-
surement, while PaSKoGE minimizes path-specific margin losses. Both remain
promising research directions.

2.3 Methods Based on Image Information

TransE treats KGs as independent triples during learning, failing to utilize en-
tity features and numerous inter-triple connections. It also focuses on text while
ignoring image information, leaving visual features underutilized. Typical solu-
tions include ITMEA and TCE.

ITMEA (Multi-modal Entity Alignment) jointly embeds multi-modal (im-
age, text) data using a combination of TransE and TransD, enabling multi-
modal data embedding into low-dimensional semantic space. It iteratively learns
alignment mappings between aligned multi-modal entities and applies them to
unaligned entities. Limitations: No confidence evaluation for newly aligned
entities during iteration, resulting in low iteration effectiveness.

TCE (Triple Context Exploitation) defines triple context comprising neigh-
bor context and path context, evaluating correlations between triples and their
contexts rather than using triples individually. It incorporates context into a
scoring function assessing triple confidence. For each triple, two structural in-
formation types are considered as context: outgoing relations of entities and
relation paths between entity pairs (Figure [Figure 4: see original paper]). Lim-
itations: Underperforms compared to classical translation models.

Triple context (h,r,t) consists of head entity neighbor context and entity pair
(h,t) path context, formalized as:

C(h,?",t) = Ch U C(h,t)

The scoring function introduces triple context as conditional probability given
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context and all embeddings:
f(h,rt) = P((h,r,t)|C(h,r,t);0)
The objective maximizes joint probability of all triples in KG K:

© = argmax II PhrvICHr1);0)
(h,rit)eK

Neighbor and path contexts are merged via:

P((h,r,0)|C(h, 7, 1)) = P(B|Cy) - P(H|Cy) - P(r|C, )

Both ITMEA and TCE have advantages: ITMEA strengthens multi-modal em-
bedding, while TCE effectively utilizes KG structure, particularly local triple
context. Addressing their limitations remains a key research focus.

2.4 Methods Based on Other Aspects

TransE also suffers from poor generalization, low-quality negative triples, slow
convergence, and weak margin identification. Few scholars have addressed these
issues, leaving substantial room for development.

Poor Generalization: More triples during training yield better embedding,
but few triples result in insufficient updates and poor performance [?]. Tran-
sRD (Unequal Transfer Matrix Embedding) addresses this by projecting
head/tail entities with unequal transfer matrices, using ADADELTA for learn-
ing rate adjustment and grouping relations to share projection matrices. Ad-
vantages: Uses shared projection matrices to capture relations, improving gen-
eralization by modeling intrinsic correlations. Disadvantages: Does not utilize
KG relation path information.

Low-Quality Negative Triples: KGE training generates negatives by ran-
domly replacing entities, producing many low-quality samples. TransE-SNS
(K-means Clustering) clusters KG entities via K-means, then replaces
head or tail entities with similar entities from the same cluster. Advantages:
Similarity-based negative sampling improves entity similarity. Disadvantages:
Difficult for sparse large-scale KGs.

Slow Convergence: Random training data may be hard to train, causing de-
lays and poor model quality. AST_{NZL} (Adaptive Selection) selects
relation categories probabilistically, then randomly samples instances from se-
lected groups, adaptively adjusting selection probabilities based on training ef-
fectiveness. Advantages: “Loss non-zero” mechanism improves probability esti-
mation accuracy. Disadvantages: Does not explore relation grouping.

Weak Margin Identification: Poor relation representation with obvious
noise from other relations. GTrans (Generic Translation Framework) ex-
plains each entity through intrinsic state (inherent features) and mimic state
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(relation-influenced features), building dynamic relation spaces by assigning dif-
ferent weights to entities. Advantages: Dynamic relation spaces provide flexibil-
ity and reduce noise. Disadvantages: Only considers single triple extraction.

TransRD, TransE-SNS, AST {NZL}, and GTrans each address specific TransE
limitations effectively. However, these remain challenging problems with limited
breakthroughs. Future research may combine these methods with attention
mechanisms and convolutional neural networks.

3 Experiments on TransE-Based Representation Learning
Algorithms

This section introduces common datasets, evaluation metrics, and comparative
analyses of the aforementioned algorithms [?, 7, ?].

3.1 Common Datasets

Standard entity-relation datasets are required for scientific evaluation [?]. Com-
monly used datasets include:

e WN18: WordNet subset with 18 relations and 40,943 entities

e FB15K: Dense FreeBase subset with 1,345 relations and 14,951 entities
¢ WN11: WordNet subset with 11 relations and 38,696 entities

¢ FB13: Dense FreeBase subset with 13 relations and 75,043 entities

o FB40K: Dense FreeBase subset with 1,336 relations and 39,528 entities
« MPBC_ {20}: 20 relations and 175,624 entities

o FB15K-237: FreeBase subset with 237 relations and 14,541 entities

Table summarizes these datasets, comparing relations, entities, train-
ing/validation/test sets.

3.2 Evaluation Metrics

Metrics are categorized into Mean Rank, Hits@10, and Accuracy [?, 7, ?]. Mean
Rank and Hits@10 measure link prediction, while Accuracy measures triple
classification [?, 7.

a) Mean Rank: Average rank of correct entities (lower is better) [?].
b) Hits@10: Probability of correct entities ranking in top 10 (higher is better).
c) Accuracy: For triple classification:
T,+T,
Npos + Nyeg

pos

ACC =

where T, and T, are correctly predicted positive/negative triples, and Npos
N,,., are total positive/negative triples. Higher ACC indicates better classifica-
tion [?, 7, ?].

d) Running Time: Compares method efficiency (lower is better) [?, ?].
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3.3 Algorithm Analysis and Comparison

Table compares representative TransE-based algorithms, including classification,
publication year, datasets, metrics, principles, and pros/cons [?, ?].

3.4 Experimental Results

Experiments compare methods on link prediction (Table ) and triple clas-
sification (Table ) using public datasets. Parameters: learning rate a €
{0.002,0.005,0.01}, margin v € {0.25,0.5,1,2}, dimension k € {50,75,100},
weight 1 € {0.05,0.0625, 0.25,1.0}, batch size B € {20, 75,200, 1200, 4800}.

Link Prediction: On WNI18, TransD, NTransGH, TransGraph, PaSKoGE,
TransRD, TransE-SNS, and GTrans outperform TransE in MeanRank, with
PaSKoGE best; for Hits@10, STransH, TransD, NTransGH, TransGraph,
PaSKoGE, TransRD, TransE-SNS, AST {NZL}, and GTrans outperform
TransE, with NTransGH best [?, ?, ?]. On FBI15K, STransH, TransD,
NTransGH, TransGraph, TransAH, PTransE, PaSKoGE, TCE, TransRD,
TransE-SNS, and GTrans outperform TransE in MeanRank, with TCE
best; all methods improve Hits@10 over TransE, with PaSKoGE best [?, 7].
Conclusion: PaSKoGE, TCE, and NTransGH are worth promoting.

Triple Classification: On WN11, STransH, TransD, NTransGH, TransGraph,
TransAH, and TransE-SNS outperform TransE, with NTransGH best. On FB13,
STransH, TransD, NTransGH, TransGraph, TransAH, and TransE-SNS outper-
form TransE, with TransD best. On FB15K, STransH, TransD, NTransGH,
TransAH, and TransE-SNS outperform TransE, with NTransGH best [?, ?7].
Conclusion: NTransGH and TransD are worth promoting.

4 Summary and Outlook

TransE-based representation learning has become a KG research hotspot. This
paper provides a scientific analysis and summary, introducing methods for com-
plex relationships, relationship paths, image information, and other aspects.
PaSKoGE, NTransGH, TCE, and TransD show the best performance on link
prediction and triple classification, warranting further extension through path-
specific embedding, two-layer neural networks, triple context, and dynamic map-
ping matrices.

Future research trends include:

1) Gaussian Mixture Embedding Methods

TransE struggles with multiple relation semantics where one relation may have
multiple meanings across entity pairs. We propose TransGM, a novel Gaus-
sian mixture model that leverages mixture of relation component vectors for
embedding factual triples. Experiments show this model requires further im-
provement.
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2) Fewer-Parameter Single-Layer Neural Network Methods

While deep neural networks can enhance entity description embedding for
TransE, they require additional parameter storage and hyperparameter tuning.
We propose a single-layer, fewer-parameter model that maximizes log-likelihood
of observed knowledge by measuring triple probabilities with entity descriptions,
simultaneously learning embeddings for entities, relations, and description
words. Experiments show research significance.

3) Separate Entity and Relation Space Embedding Methods
Models like TransE treat relations as translations in a shared semantic space.
However, entities have multiple aspects, and relations focus on different aspects,
making shared spaces insufficient. We propose TransR to build separate en-
tity and relation spaces, projecting entities into relation spaces before learning
translations. Experiments show this model needs further refinement.

5 Conclusion

TransE cannot effectively handle one-to-many, many-to-one, many-to-many, or
reflexive relations, and suffers from poor image information processing, low-
quality negative triples, slow convergence, poor generalization, and weak margin
identification. This survey classifies TransE-based methods into four categories
based on these problems and validates their effectiveness through link prediction
and triple classification experiments. Future work will test effectiveness on entity
alignment.
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