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Abstract

Tensor decomposition (TD) models are promising solutions
for knowledge graph completion due to their simple struc-
tures but powerful representation capacities. These TD mod-
els typically adopt Tucker decomposition with a structured
core tensor. Some models with a sparse core tensor, such as
DistMult and ComplEx, are too simple and thus limit the in-
teraction between embedding components, while other mod-
els with a dense core tensor are too complex and may lead to
significant overfitting. To address these issues, we propose a
new TD model called SPAC (Sparse Partitioning and Adap-
tive Core tensor pruning). Specifically, SPAC captures coarse
and fine-grained semantic information using a hybrid core
tensor, where auxiliary cores are used to model sparse interac-
tions and main cores for dense interactions. Moreover, SPAC
introduces a gating mechanism to control the output of inter-
mediate variables, enhancing the interaction between differ-
ent partition groups. Furthermore, SPAC employs an adaptive
pruning approach to dynamically adjust the shape of the core
tensor. The proposed TD model enhances expressive capacity
and reduces the number of parameters in the core tensor. Ex-
periments are conducted on datasets FB15k-237, WN18RR,
and YAGO3-10. The results demonstrate that SPAC outper-
forms state-of-the-art tensor decomposition models, includ-
ing MEIM and Tucker models. A series of ablation studies
show that the gating mechanism and adaptive pruning strat-
egy in SPAC are crucial for the performance improvement.

Introduction
Knowledge Graphs (KGs) have emerged as a compelling
structure for representing structured and semi-structured
data across a wide range of domains. They provide a flex-
ible and intuitive way to model entities and their interrela-
tionships, making them an essential tool for various appli-
cations such as semantic search (Cha et al. 2023), recom-
mendation systems (Yang et al. 2023), and natural language
processing (Zhang et al. 2019b). Constructing and main-
taining a large-scale KG can be challenging due to the dy-
namic nature of data and the complexity of relationships.
Moreover, large KGs often contain missing or incomplete
information, which can hinder the performance of down-
stream applications. Therefore, Knowledge Graph Comple-
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tion (KGC), which aims to address this issue by inferring
missing relationships or entities, has attracted significant at-
tention in recent years.

In KGC tasks, Tensor Decomposition (TD) models
demonstrate substantial competitiveness. These models con-
ceptualize a knowledge graph as a three-dimensional ten-
sor and treat KGC as a tensor completion problem. These
TD models can be viewed as shallow neural networks. De-
spite the simplicity, they achieve impressive performance.
The RESCAL model (Nickel et al. 2011) interprets the spe-
cific relationships between head and tail entities as unique
weight matrices, facilitating interactions between their em-
bedding vectors. DistMult (Yang et al. 2014) simplifies the
relationship embedding in RESCAL into diagonal weight
matrices. ComplEx (Trouillon et al. 2016) extends Dist-
Mult’s real embeddings into the complex space, enhancing
its capacity to handle asymmetric relationships. Subsequent
models like SimplE and QuatE (Kazemi and Poole 2018;
Zhang et al. 2019a) have further simplified and expanded
upon ComplEx, and have notable performance. In 2019, the
author of (Balažević, Allen, and Hospedales 2019) applied
Tucker decomposition to KGC tasks and illustrated that the
aforementioned models can be regarded as special cases of
Tucker decomposition with a sparse core tensor.

From the perspective of core tensor structure, models like
DistMult and ComplEx, while interpretable to some extent,
suffer from performance issues due to the excessive spar-
sity of the core tensor, which limits effective interaction be-
tween embedding dimensions. Conversely, Tucker’s dense
core tensor structure leads to excessive interactions, but sig-
nificantly reduces training efficiency and increases the risk
of overfitting. MEI and MEIM (Tran and Takasu 2020;
Nghiep Tran and Takasu 2022) model the core tensor with
a diagonally blocked sparse structure, striking a balance be-
tween effectiveness and efficiency. These developments mo-
tivate us toward exploring a sparse and better dynamically
adaptive core tensor structure, starting from a semi-sparse
structure and pruning unnecessary parts to achieve a stream-
lined model. From an efficiency standpoint, pruning along
the diagonal blocks is beneficial. Instead of completely dis-
carding the pruned dimensions, we replace some parts of the
dense interactions with sparse interactions, which can cap-
ture general semantic information. Meanwhile, dense inter-
actions can capture precise semantic information. Further-
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more, considering that embedding features corresponding
to different diagonal blocks are independent and lack in-
teraction, introducing additional layers to facilitate param-
eter updates is beneficial. NePTuNe (Sonkar, Katiyar, and
Baraniuk 2022) is an insightful model that incorporates non-
linear activation layers into the linear TD model, enhanc-
ing its expressive capacity. This insight inspires us to seek
an additional network that can be integrated into the orig-
inal network without significantly altering the intermedi-
ates, allowing for interactions between different embedding
groups and introducing additional nonlinearity. In this re-
gard, a gating layer is an excellent choice. It enables inter-
action among independent embedding dimensions and adds
dynamic nonlinearity to the linear model, thus enhancing
its expressive power. To sum up, we propose a new model,
namely SPAC (Sparse Partitioning and Adaptive Core ten-
sor pruning), which utilizes sparse partitioning with gating
mechanism and adaptive pruning to enhance the model’s
performance. The main contributions of this paper can be
summarized as follows:
• We propose a SPAC model, which adopts a sparse block

diagonal tensor with main cores and auxiliary cores fill-
ing its hyperdiagonals. These two types of cores capture
semantic information of varying granularity, and thus en-
hance the model’s performance.

• A linear gating mechanism is introduced in SPAC to con-
trol intermediate outputs. This generates the interaction
between partition groups and incorporates a non-linear
transformation for the model, which enhances the net-
work’s expressive power.

• To dynamically adjust the shape of the core tensor, we em-
ploy an adaptive pruning approach during training. Specif-
ically, SPAC evaluates the importance and diversity of
each dimension in intermediate outputs and prunes the
corresponding parts of the core tensor.

• SPAC achieves state-of-the-art performance on the
FB15k-237, WN18RR, and YAGO3-10 datasets across
multiple metrics, and has a smaller number of parame-
ters compared to other typical models. Experimental re-
sults further demonstrate that the introduced gating mech-
anism and adaptive pruning strategy can be seamlessly in-
tegrated into other TD models, and significantly improve
the model’s performance.

Preliminaries
A Knowledge Graph (KG) can be mathematically repre-
sented as a directed, labeled graph T = {(ei, rk, ej)} ⊂
E ×R×E , where E andR denote the entity set and relation
set, respectively. Each triple (ei, rk, ej) represents a fact that
the head entity ei is related to the tail entity ej by relation
rk. The Knowledge Graph Completion (KGC) task is to in-
fer missing relationships or entities within a KG. Mathemat-
ically, this task can be solved by predicting the likelihood of
a missing link (ei, rk, ?) or (?, rk, ej), and this task can be
formalized as learning a scoring function ϕ : E×R×E → R,
where ϕ(ei, rk, ej) estimates the plausibility of the triple
(ei, rk, ej). A high score indicates a high likelihood that the
triple is correct.

A KG T ⊂ E × R × E can be regarded as a third-order
tensorXT ∈ {0, 1}|E|×|R|×|E|, where |·| denotes the number
of elements in a set. Specifically, the element XT [i, j, k] is 1
if the triple (ei, rk, ej) exists in the T , and 0 otherwise.

Tucker form: Given a tensor XT which represents the
knowledge graph T , Tucker decomposition method factor-
izes XT by a core tensor G ∈ Rde×dr×de and two factors
U(e) ∈ Rde×|E| and U(r) ∈ Rdr×|R|, which are matrices
composed of the embeddings of entities and relationships.
Note that de and dr are the embedding dimensions of enti-
ties and relations, respectively. Let σ(·) denotes the sigmoid
function, the Tucker form can be expressed as

XT ≈ σ(G ×1 U
(e) ×2 U

(r) ×3 U
(e)), (1)

where ×i denotes the mode-i product of a tensor and a ma-
trix along the i-th dimension. Let ei, ej ∈ Rde , rk ∈ Rdr

denote the embeddings of entities ei, ej and relation rk, re-
spectively. For a given triple t = (ei, rk, ej), the scoring
function ϕ(ei, rk, ej) can be calculated by

ϕ(ei, rk, ej) (2)

=σ(

de∑
a=1

dr∑
b=1

de∑
c=1

G[a, b, c]U(e)[a, i]U(r)[b, k]U(e)[c, j]) (3)

=σ(G ×1 ei ×2 rk ×3 ej) ≈ XT [i, k, j]. (4)

In many TD models, their core tensors have sparse struc-
tures. For example, the core tensor of CP model G̃CP can be
regarded as a third-order tensor with all the superdiagonals
being 1 and all the other elements being 0. The core tensor of
DistMult G̃DM can be regarded as a third-order tensor with
all the superdiagonals being learnable parameters and all the
other elements being 0. For MEI and MEIM, the core tensor
G̃M is a block diagonal tensor, where each block is a dense
tensor filled with learnable parameters.

SPAC Model
Models like CP, DistMult, SimplE, and ComplEx utilize
very simple core tensors, which limit the performance of the
model, while Tucker itself uses dense core tensor, which is
prone to overfitting and high computational cost. MEI and
MEIM make a compromise by using a block-diagonal core
tensor. Notice that the core tensor can be further sparsified
and the model performance can be improved by dynamic
pruning and introducing additional networks. To this end,
we propose a SPAC model, which partitions the core tensor
into a sparse block diagonal tensor and introduces a gating
mechanism to control the output of intermediate variables
and employs an adaptive mechanism to prune the core ten-
sor during training. The overall architecture of SPAC model
is shown in Figure 1.

Sparse partitioning
Given a triplet t = (ei, rk, ej) and its corresponding d-
dimensional embedding representations (assuming de =
dr = d) ei, rk, ej ∈ Rd, we divide the sparse core ten-
sor’s diagonal into p sufficiently interactive groups of size c
and q independent interaction units such that d = pc + q.
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Figure 1: The overall architecture of SPAC model. SPAC model consists of three components: sparse partitioning, interme-
diate output gating, and adaptive pruning.

Therefore, the first pc dimensions of the embedding vec-
tor ei can be reshaped into a matrix Ei ∈ Rp×c, and the
last q dimensions can be denoted by a vector ẽi ∈ Rq .
The same operation can be applied to rk and ej to obtain
Rk ∈ Rp×c, ẽk ∈ Rq and Ej ∈ Rp×c, ẽj ∈ Rq , respec-
tively. The sparse core tensor G̃SP can be partitioned into
p main cores M1,M2, · · · ,Mp ∈ Rc×c×c and q auxil-
iary cores A1,A2, · · · ,Aq ∈ R1×1×1, with corresponding
weights a1, a2, · · · , aq ∈ R. Therefore, the form of the scor-
ing function ϕ(ei, rk, ej) of SPAC can be formulated as

ϕ(ei, rk, ej) = σ(G̃SP ×1 ei ×2 rk ×3 ej) (5)

= σ(

p∑
l=1

Ml ×1 Ei[l, :]×2 Rk[l, :]×3 Ej [l, :]

+

q∑
l=1

alẽi[l]r̃k[l]ẽj [l]), (6)

where (·)[l, :], (·)[l] denote the l-th row of a matrix and the
l-th element of a vector, respectively. This scoring function
can be viewed as the sum of the results of p Tucker de-
compositions and the result of a CP decomposition. Specifi-
cally, the sparse core tensor G̃SP can be regarded as a block
diagonal tensor with p main cores and q auxiliary cores.
The auxiliary cores only interact within the same dimen-
sion, and are uncorrelated to other dimensions. Conversely,
the main cores generates dense interactions, where all di-
mensions within the same group engage in multiplication
once. Under this design, it is expected that the sparse inter-
actions produced by the auxiliary core could capture vague,
general semantic information, while the dense interactions
generated by the main cores could capture refined semantic
associations.

Intermediate output gating
Note that given a triplet t = (ei, rk, ej), ∀l ̸=
m ∈ {1, 2, · · · , p}, u ̸= v ∈ {1, 2, · · · , q}, we have
∂2ϕ(ei,rk,ej)

∂Ei[l,:]∂Ei[m,:] ≡ 0, ∂2ϕ(ei,rk,ej)
∂ẽi[u]∂ẽi[v]

≡ 0, and ∂2ϕ(ei,rk,ej)
∂Ei[l,:]∂ẽi[u]

≡
0. This indicates that the gradient information cannot be
shared among different groups (i.e., two different rows of
matrix Ei,Rk,Ej). In other words, there is no interaction
between two different embedding groups, which may lead
to a performance degradation. To enhance the interactions
between groups, we introduce a gating mechanism to con-
trol the output of intermediate variables.

Intermediate output: When calculating the score func-
tion of a triplet t = (ei, rk, ej), SPAC first calculates the
mode product of the core tensor G̃SP and the relation em-
bedding rk along the second dimension, whose result is a
relation-aware transformation matrix Mrk ∈ Rd×d. Then,
the relation-aware transformation matrix Mrk is multiplied
by the entity embedding ei to obtain the intermediate out-
put ξrk,ei ∈ Rd. Finally, we calculate the dot product of the
intermediate output ξrk,ei and the tail entity embedding ej ,
and apply the sigmoid function to obtain the score of the
triplet ϕ(ei, rk, ej). The process of calculating the interme-
diate variable can be expressed as

ξrk,ei = Mrkei = (G̃SP ×2 rk)ei. (7)
Since Mrk is a block diagonal matrix, the dimensions of the
intermediate variable ξrk,ei can be divided into p+q groups,
akin to the embedding vectors. For convenience, we denote
the corresponding l-th main group of intermediate outputs
as Ξrk,ei [l, :] and the auxiliary groups as ξ̃rk,ei .

Gating mechanism: The main groups has more fre-
quent inter-dimensional interactions compared to the aux-
iliary groups, resulting in a magnitude difference between
the intermediate variables of the main groups and those of
the auxiliary groups. This disparity hinders training stabil-
ity. To address this issue, we apply batch normalization to
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the intermediate variable ξrk,ei , and then employs a gating
mechanism to enhance inter-group interactions, combining
input vectors ei and rk through a linear transformation and
sigmoid activation in the gating network G. This produces a
gating vector, which is then multiplied by the intermediate
variable ξrk,ei , yielding the gated intermediate output

ξ′rk,ei = G([e⊤i , r
⊤
k ]

⊤)⊙ BN[(G̃SP ×2 rk)ei], (8)

where ⊙ denotes the element-wise product, and BN(·) de-
notes the batch normalization operation. The output ξ′rk,ei
after the gating mechanism can be viewed as a non-linear
transformation of ei that is related to rk, which further en-
hances the network’s expressive power. Mathematically, re-
placing ξrk,ei by ξ′rk,ei as the new intermediate output, we
have

∂2ϕ(ei, rk, ej)

∂Ei[l, :]∂Ei[m, :]
≡ Fl,m(ei, rk), (9)

∂2ϕ(ei, rk, ej)

∂ẽi[u]∂ẽi[v]
≡ Hu,v(ei, rk), (10)

∂2ϕ(ei, rk, ej)

∂Ei[l, :]∂ẽi[u]
≡ Il,v(ei, rk), (11)

where Fl,m(ei, rk), Hu,v(ei, rk), Il,v(ei, rk) are non-
linear functions corresponding to the original embeddings
ei, rk. The dimensions of the intermediate variable there-
fore become correlated during the parameter update process.
With the above manipulations, the revised form of the scor-
ing function ϕ(ei, rk, ej) can be rewritten as

ϕ(ei, rk, ej)=σ(

p∑
l=1

Ξ′
rk,ei

[l, :]Ej [l, :]
⊤+

q∑
l=1

ξ̃′rk,ei [l]ẽj [l]).

(12)

Adaptive pruning
How to ensure a model’s predictive capability while com-
pressing the dimensions of tensor cores remains another im-
portant issue. The core tensors in traditional TD models
are all static, which limits the adaptability of the model.
In SPAC, we propose an adaptive pruning approach to dy-
namically adjust the shape of the core tensor during train-
ing. Specifically, given an embedding dimension d, we
first initializes a core tensor shape, which consists of p
main cores of shape c0 and q0 auxiliary cores, denoted as
M1,M2, · · · ,Mp ∈ Rc0×c0×c0 and A1,A2, · · · ,Aq0 ∈
R1×1×1, respectively. During training, the importance and
diversity of each dimension in the intermediate output are
evaluated. Then, the corresponding parts of the core tensor
with small combination evaluation values are pruned, and
those positions will be replaced by auxiliary cores. For ex-
ample, consider a sparse core tensor G̃SP ∈ R4×4×4 with
p0 = 1, c0 = 3, and q0 = 1. If the first dimension is pruned,
the corresponding M1 ∈ R3×3×3 would be reshaped into
a new core tensor M′

1 ∈ R2×2×2 with p = 1, c = 2, and
q = 2 by removingM1[1, :, :],M1[:, 1, :],M1[:, :, 1], and a
new auxiliary core A2 ∈ R1×1×1 will be added to the core
tensor with a new initialization. Finally, the first dimension

of all the embedding vector will be put after the last dimen-
sion.

Dimension importance evaluation: The importance of
each dimension can be evaluated by the average Frobenius
norm. Specifically, given a core tensor G̃SP with p main
coresM1,M2, · · · ,Mp ∈ Rc×c×c, the importance of the
u-th dimension η[u] can be calculated as:

η[u] =
1

3c2

p∑
v=1

(∥Mv[u, :, :]∥F + ∥Mv[:, u, :]∥F

+ ∥Mv[:, :, u]∥F ), (13)

where ∥ · ∥F denotes the Frobenuis norm of a matrix. Equa-
tion (13) measures the importance of the u-th slice from
three different dimensions of all the main cores.

Dimension diversity evaluation: It is expected that the
main core tensor can capture the nuanced semantics of the
data to enhance prediction accuracy. Therefore, dimensions
with high diversity across different triplets are more likely
to be remained in the main cores. Conversely, dimensions
demonstrating less diversity are more inclined towards prun-
ing. Recalling Equations (5) and (7), the u-th dimension of
the v-th main group of the intermediate variable Ξrk,ei [v, u]
can be calculated by

Ξrk,ei [v, u] = (
c∑

l=1

Rk[v, l]Mv[u, l, :])Ei[v, :]
⊤, (14)

which is related to the u-th slice of all the main cores
M1,M2, · · · ,Mp on the first dimension. Similarly, for the
other two dual intermediate variables ξej ,ei and ξrk,ej , the
u-th dimension of these intermediate variables can be calcu-
lated by

Ξej ,ei [v, u] = (

c∑
l=1

Ej [v, l]Mv[u, :, l])Ei[v, :]
⊤, (15)

Ξrk,ej [v, u] = (
c∑

l=1

Rk[v, l]Mv[:, l, u])Ej [v, :]
⊤, (16)

which are associated with the u-th slice of all the main cores
on the second and third dimension, respectively. Regarding
the corresponding tensors S(N)

rk,ei ,S
(N)
rk,ej ,S

(N)
ej ,ei ∈ RN×p×c

that consist of the main groups of intermediate variables
Ξrk,ei ,Ξrk,ej ,Ξej ,ei of N triplets, respectively, the diver-
sity of the u-th dimension ρ[u] can be calculated by

ρ[u] =
1

3p

p∑
v=1

(
Std(S(N)

rk,ei [:, v, u])

|µ(S(N)
rk,ei [:, v, u])|

+
Std(S(N)

rk,ej [:, v, u])

|µ(S(N)
rk,ej [:, v, u])|

+
Std(S(N)

ej ,ei [:, v, u])

|µ(S(N)
ej ,ei [:, v, u])|

), (17)

where Std(·), µ(·), and | · | denote the standard deviation,
mean, and absolute value operators, respectively. Note that
Equation (17) measures the normalized variance of the in-
termediate variables across different triplets.

Pruning strategy: With the dimension importance and
diversity evaluations in SPAC, we further rank the results

15233



Algorithm 1: Adaptive pruning strategy in SPAC

1: Input: Sparse core tensor G̃SP , embedding dimension d
such that d = p0c+ q0 with intialization p0, q0, combi-
nation weighting α, minimum core tensor shape cmin,
buffer size N , update period T , max training epoch h

2: Output: Pruned core tensor G̃′SP

3: G̃′SP ← G̃SP , c ← c0, q ← q0, u ← 0, η,ρ,γ ← 0,
S(N)
rk,ei ,S

(N)
rk,ej ,S

(N)
ej ,ei ∈ RN×p×c ← 0

4: for epoch = 1, 2, · · · , h do
5: do training()
6: if (epoch%T == T − 1) ∧ (c > cmin) then
7: T (N)

tmp ← data sampling(N)

8: S(N)
rk,ei ,S

(N)
rk,ej ,S

(N)
ej ,ei ←

calculate intermediate output(T (N)
tmp , G̃′SP )

9: η ← calculate importance(G̃′SP )

10: ρ← calculate diversity(S(N)
rk,ei ,S

(N)
rk,ej ,S

(N)
ej ,ei)

11: γ ← αη + (1− α)ρ
12: u← argmin(γ)
13: G̃′SP ← prune core tensor(G̃′SP , u)
14: embedding repositioning(u)
15: c← c− 1, q ← q + p
16: end if
17: end for
18: return pruned core tensor G̃′SP

of the combined dimension importance and diversity in the
intermediate output

γ = αη + (1− α)ρ, (18)

where α is the combination weighting. Then, the dimension
with the lowest γ[u] in a certain period will be pruned until
the number of dimensions in the main core tensor is equal
to a predefined value cmin. The overall process of adaptive
pruning is shown in Algorithm 1.

Experiments
In this section, we conduct comprehensive experiments to
evaluate the performance of SPAC on three benchmark
datasets, i.e., FB15k-237 (Toutanova and Chen 2015),
WN18RR (Dettmers et al. 2018), and YAGO3-10 (Mahdis-
oltani, Biega, and Suchanek 2013).

A comparison of prediction performance on different
datasets is shown in Table 1. It is observed that SPAC outper-
forms state-of-the-art TD models, such as MEIM, NePTuNe,
ComplEx-DURA and other simple models, and achieves
the best performance on these three datasets. More specif-
ically, for the FB15k-237 dataset, SPAC achieves 0.280 in
Hits@1, which is 0.4% higher than ComplEx-DURA, 0.6%
higher than MEIM, and 0.8% higher than NePTuNe. For
the WN18RR dataset, SPAC achieves 0.591 in Hits@10,
which is 1.8% higher than ComplEx-DURA, 1.4% higher
than MEIM, and 3.4% higher than NePTuNe. For the large
dataset YAGO3-10, SPAC still slightly outperforms MEIM
and significantly outperforms other models like DistMult
and ComplEx-N3.

Note that the last four rows of Table 1 show the perfro-
mances of KGC models that use either language models or
additional information except the training triples. For exam-
ple, KG-BERT uses a pretrained language model BERT and
treats triples as token sequences when calculating the scor-
ing function. The results also demonstrate that the SPAC
model without any additional information can achieve com-
petitive performance compared to these models and even
beat all of them on some metrics. This implies the effec-
tiveness of the SPAC model. In the following section, we
will discuss the effectiveness and mechanism of SPAC and
provide a complexity analysis compared to other models.

Complexity Analysis
After the pruning stage, the core tensor size of SPAC be-
comes (1 − τ)d + τ3 d3

p2 . The core tensor size of SPAC in-
cludes a linear term (1−τ)d, representing the auxiliary core
dimensions, and a scaling factor τ3 for the higher-order term
d. In most cases, τ3 d3

p2 ≫ (1− τ)d, which makes the linear
term almost negligible. Therefore, the total parameter size of
SPAC is approximately |E|d+|R|d+τ3 d3

p2 +2d2. In Table 2,
a comparison of the parameter size and computational speed
of different TD models and neural network models across
three datasets is summarized. It demonstrates that SPAC is
more efficient than most of the baseline models in terms of
computational cost and parameter size. For example, for the
case with d = 300 and τ = 0.1 running on the FB15k-237
dataset, SPAC is 2x faster than Tucker (d = 200) while us-
ing only half of the parameters. The result also shows that
SPAC with parameter size being 1/4 and 1/14 of ComDensE
and InteractE is approximately 12x and 9x faster than Com-
DensE and InteractE, respectively, which further proves the
efficiency of SPAC. Note that all the experiments are con-
ducted on a single RTX 4080 laptop GPU.

Effectiveness of sparse partitioning
To evaluate the effectiveness of the sparse partitioning mech-
anism in SPAC, we conduct more experiments on FB15k-
237 and WN18RR with different embedding dimensions d,
number of main groups p, and dense rates τ . The results are
shown in Figure 2. Note that the dense rate τ is defined as
the ratio of the number of dimensions in the main groups
to the total number of dimensions in the core tensor. It is
calculated by τ = pc

d for a given d = pc+ q.
In Figure 2, it is observed that for both datasets, the set-

ting p = 5 outperforms p = 3, and the setting d = 300
outperforms d = 180. This is because the increase of main
groups p results in the decrease of interactions between di-
mensions, and the increase of embedding dimension d leads
to the increase of model capacity. On the other hand, τ = 0.8
or 0.9 may outperform τ = 1.0 in some cases, which in-
dicates that appropriately incorporating sparse interactions
dominated by auxiliary cores into dense interactions can ef-
fectively enhance model performance. This improvement is
due to the ability of the sparse interactions from the aux-
iliary cores to capture general, coarse-grained semantic in-
formation, while the dense interactions from the main cores
capture fine-grained semantic details.
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Model Extra info FB15k-237 WN18RR YAGO3-10
Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR

TransE (Bordes et al. 2013) ✗ 0.199 0.369 0.471 0.290 0.422 – 0.512 0.465 0.406 – 0.674 0.501
DistMult (Yang et al. 2014) ✗ 0.155 0.336 0.419 0.241 0.390 0.452 0.490 0.430 0.240 – 0.540 0.340

CompGCN (Vashishth et al. 2019) ✗ 0.264 0.390 0.535 0.355 0.443 0.494 0.546 0.494 – – – –
R-GCN (Schlichtkrull et al. 2018) ✗ 0.151 – 0.417 0.249 – – – – – – – –

ConvE (Dettmers et al. 2018) ✗ 0.237 0.356 0.501 0.325 0.400 0.440 0.520 0.430 0.399 – 0.658 0.488
CP (Lacroix, Usunier, and Obozinski 2018) ✗ 0.244 – 0.507 0.332 0.416 – 0.485 0.438 0.495 – 0.696 0.567

CP-N3 (Friedland and Lim 2018) ✗ 0.261 – 0.542 0.355 0.432 – 0.541 0.469 0.504 – 0.703 0.575
TuckER (Balažević, Allen, and Hospedales 2019) ✗ 0.266 0.394 0.544 0.358 0.443 0.482 0.526 0.470 – – – –
ComplEx-DURA (Zhang, Cai, and Wang 2020) ✗ 0.276 – 0.560 0.371 0.449 – 0.573 0.491 0.511 – 0.713 0.584

RotatE (Nickel et al. 2011) ✗ 0.241 0.375 0.533 0.338 0.417 0.492 0.552 0.462 0.402 0.550 0.670 0.495
ComDensE (Kim and Baek 2022) ✗ 0.265 – 0.536 0.356 0.440 – 0.538 0.473 – – – –
InteractE (Vashishth et al. 2020) ✗ 0.263 0.535 0.354 0.430 0.528 0.463 0.462 0.687 0.541

MEI (Tran and Takasu 2020) ✗ 0.271 0.402 0.552 0.365 0.444 0.496 0.551 0.496 0.505 0.622 0.709 0.578
MEIM (Nghiep Tran and Takasu 2022) ✗ 0.274 0.406 0.557 0.369 0.458 0.518 0.577 0.499 0.514 0.625 0.716 0.585

NePTuNe (Sonkar, Katiyar, and Baraniuk 2022) ✗ 0.272 0.404 0.547 0.366 0.455 0.507 0.557 0.491 – – – –
SAttLE (Baghershahi, Hosseini, and Moradi 2023) ✗ 0.268 0.396 0.545 0.360 0.454 0.508 0.558 0.491 – – – –

SPAC ✗ 0.280 0.411 0.562 0.372 0.462 0.521 0.591 0.501 0.517 0.627 0.720 0.586
KG-BERT (Yao, Mao, and Luo 2019) ✓ – – 0.420 – – – 0.524 – – – – –

kNN-KGE (Wang et al. 2023) ✓ 0.280 0.404 0.550 0.370 0.525 0.604 0.683 0.579 – – – –
KG-R3 (Pahuja et al. 2023) ✓ 0.315 0.413 0.539 0.390 0.439 0.481 0.537 0.472 – – – –
Relphormer (Bi et al. 2024) ✓ 0.314 – 0.481 0.371 0.448 – 0.591 0.495 – – – –

Table 1: A comparison of prediction performance on different datasets. The best result is in bold, and the second best result
is underlined (The last 4 rows are not considered in the ranking). Note that Extra info indicates that the model uses either
language models or additional information except the training data.

(a) FB15k-237, d = 300. (b) FB15k-237, d = 180. (c) WN18RR, d = 300. (d) WN18RR, d = 180.

Figure 2: The performance of SPAC with different embedding dimensions d, number of main groups p, and dense rate τ .

It is expected that the auxiliary cores can assist the main
cores to some extent in capturing semantics. To better il-
lustrate this mechanism, the embedding vectors of the main
groups with and without auxiliary cores on the FB15k-237
dataset are visualized by using t-SNE, and compared to the
embeddings of ComplEx, MEIM, and Tucker. The t-SNE
visualization is shown in Figure 3. Compared to ComplEx,
MEIM, and Tucker in Figures 3a, 3b, and 3c, which fail to
discriminate different classes of entities well, SPAC achieves
a far more reasonable clustering performance, which indi-
cates its strong representation ability and generalization abil-
ity. In Figure 3d, without the auxiliary cores, the clustering
of the main groups is generally reasonable, but there are a
few outliers. In Figure 3e, the auxiliary groups itself can only
capture general semantic information, resulting in poor clus-
tering performance. In Figure 3f, with the presence of the
auxiliary cores, the embeddings of the main groups achieve
better clustering without obvious outliers. The result demon-
strates that the auxiliary groups can assist the main groups
in effective fine-grained semantic extraction.

Ablation study
The adaptive pruning strategy can adjust the core tensor
automatically, which significantly reduces the number of

parameters and only remains the important ones. On the
other hand, the intermediate variable gating mechanism ef-
fectively controls the flow of information, enhances the in-
teractions between sub-core tensors, and incorporates non-
linearity into the tensor decomposition.

To investigate the effectiveness of gating mechanism and
pruning strategy in SPAC, we conduct an ablation study on
the FB15k-237 dataset. The result is shown in Figure 4,
where the symbols S, G, P denote the sparse partitioning,
gating mechanism, and adaptive pruning strategy, respec-
tively, and M denotes the model without auxiliary cores and
auxiliary groups. The result shows that removing the gating
mechanism or the dynamic pruning process from the com-
plete SPAC model leads to a performance degradation. More
specifically, the performance degradation caused by remov-
ing the dynamic pruning process increases with the increase
of τ . This indicates that an effective core tensor pruning
strategy can minimize the parameter count while preserving
the original model’s capability to the greatest extent. More-
over, this performance gain is more pronounced for sparser
core tensors. This is because the pruning strategy uses diver-
sity as one of the criteria, which tends to remain the main
core components that can extract differentiated semantics.

On the other hand, discarding the auxiliary cores results
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(a) Embeddings of
ComplEx.

(b) Embeddings of
MEIM.

(c) Embeddings of
Tucker.

(d) Without auxiliary
cores.

(e) Auxiliary groups
only.

(f) With auxiliary
cores.

Figure 3: The t-SNE visualization of the embedding vectors on FB15k-237, where d = 300, p = 3, and τ = 0.8. Note that
each point represents an entity, and the different colors represent different classes of entities.

Model Total parameter count Time per batch (ms)

CP 30M, 82M, 123M 5.6, 5.7, 5.9
ComplEx 60M, 164M, 246M 6.1, 6.1, 6.4
SimplE 30M, 82M, 123M 6.1, 6.4, 6.4
Tucker 11M, 16M, – 12.83, 12.8, –
MEI 5.5M, 13.3M, 62.5M 9.9, 9.8, 17.6

MEIM 7.5M, 15.3M, 66.5M 10.3, 10.3, 18.1
InteractE 18M, 60M, – 75.4, 78.1, –

ComDensE 66M, 33M, – 54.2, 56.8, –
SPAC (τ = 0.5) 5.06M, 12.86M, 62.63M 6.8, 6.8, 9.1
SPAC (τ = 0.1) 4.68M, 12.48M, 62.00M 6.1, 6.1, 6.2

Table 2: Parameter efficiency and training cost. The
three numbers in each column correspond to FB15k-
237, WN18RR, and YAGO3-10, respectively. The bold,
underlined, and the italic styles indicate the best, the sec-
ond best and the third best results, respectively.
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Figure 4: Ablation study on FB15k-237.

in a significant performance loss, which leads to a sharp de-
cline in semantic space representation ability when the di-
mensionality is reduced. The presence of the auxiliary cores
allows the model to achieve a substantial performance gain
with only a small increase in core tensor parameters.

Extension to other TD models
The gating mechanism used in SPAC can be effectively ex-
tended to other TD models without altering the original
model structure. For example, we apply the gating mecha-
nism to DistMult, ComplEx, Tucker, and MEIM. The results
in Figure 5 indicate that the gating mechanism contributes to
a performance improvement to these models with few addi-
tional parameters. In addition, we also apply SPAC model’s
pruning strategy to the Tucker and MEIM models, as shown
in Figures 6. The results show that the pruning strategy can
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(a) FB15k-237.
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(b) WN18RR.

Figure 5: Gating mechanism extended to other models.
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(a) Tucker.
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Figure 6: Pruning strategy extended to Tucker and MEIM on
FB15k-237.

effectively reduce the number of parameters while maintain-
ing the original model’s performance.

Conclusion
In this paper, we proposed a novel tensor decomposition
model for KGC tasks, which was called SPAC. This model
employed sparse partitioning to group embeddings into main
and auxiliary groups, capturing semantic information at
different granularities and enhancing the extraction of se-
mantics. Moreover, SPAC optimized inter-group interac-
tions by introducing gating intermediate variables and dy-
namically and adaptively pruning the core tensor, which
minimized the number of parameters and maintained the
model’s expressive power. Comprehensive experimental re-
sults demonstrated that our model achieved state-of-the-
art performance on three benchmark datasets, FB15k-237,
WN18RR and YAGO3-10, and outperformed existing TD
models with fewer parameters. Ablation studies were con-
ducted to demonstrate the effectiveness of gating mechanism
and adaptive pruning strategy.
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