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Abstract—Co-clustering enables the simultaneous clustering of
features and samples by exploiting their associations. Based on
the commonly used matrix tri-factorization objective function
in co-clustering, we propose an adaptive feature-weighted co-
clustering with local coordinate coding (AFC-LCC) model in
this paper, by making two improvements to enhance the data
clustering performance. On one hand, a local coordinate con-
straint is introduced to enforce the smoothness of the sample
cluster indicators along the scaled feature cluster spaces; on
the other hand, a quantitative measurement is incorporated to
adaptively learn the feature contributions in co-clustering for
model discriminative ability enhancement. By co-optimizing the
involved variables in the AFC-LCC model objective function,
the experimental results not only show competitive clustering
performance in comparison with related clustering models, but
also depict the rationality and effectiveness of the local coordinate
constraint and the feature importance descriptor.

Index Terms—Adaptive feature weighting, co-clustering, local
coordinate coding, probabilistic feature cluster indicator.

I. INTRODUCTION

CO-CLUSTERING achieves simultaneous clustering of
features and samples which respectively correspond to

the rows and columns of a data matrix, aiming to mine bidi-
rectional associations and reveal data structures with feature
semantics [1]. Co-clustering appears in many fields such as the
topic clustering and keyword extraction via word-document
matrix partitioning [2], [3], the optimization of recommenda-
tion systems through personalized strategies based on user-
item interaction matrices [4], [5], the identification of disease-
related gene modules from expression data [6], [7], image
identification [8] and target detection [9], while clustering for
high-dimensional data remains an active research topic [10].

In recent years, significant progress has been made in
co-clustering research. As a variant of the classic bipartite
spectral graph partitioning (BSGP) method [11], a weighted
bilateral k-means algorithm was proposed by reformulating
the bipartite graph clustering problem as a non-negative ma-
trix factorization task to achieve co-clustering, significantly
enhancing its computational efficiency [12]. This method was
further extended to multi-view scenario by leveraging the fast
matrix factorization techniques to adaptively assign weights
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to different feature views, which effectively addresses the
heterogeneity issues in multi-view data [13]. In [14], a fast
bipartite graph model was developed to handle sparse data
through co-occurrence pattern mining. To improve the robust-
ness and structure-preserving ability of clustering models, Lin
et al. introduced a robust model fitting-based loss function in
bipartite graph-based co-clustering [15], while collaborative
structure learning strategies have also been explored in fuzzy
clustering [16]. As a semi-supervised co-clustering extension,
a sparse neighbor-constrained framework was proposed where
prior information was integrated with regularization techniques
to provide new insights for semi-supervised data clustering
[17]. For graph data analysis, a joint NMF and network
embedding framework was proposed for graph co-clustering.
To handle large-scale data sets, Xie et al. proposed an anchor-
guided label propagation algorithm that utilizes sparse anchor
sets to reduce the computational burden in clustering high-
dimensional data, which has proven effective in processing
massive data sets [18].

In many cases, the co-clustering objective takes the form
of matrix tri-factorization, i.e., decomposing the data matrix
into the product of a feature cluster indicator matrix, a scaling
matrix, and a sample cluster indicator matrix [19], [20].
Therefore, it is desirable to characterize the correlations among
these three factor matrices in a unified manner. Since the
product of the first two matrices and the last one can be viewed
as the dictionary and coding matrices, respectively, the Local
Coordinate Coding (LCC) principle [21] naturally character-
izes their interactions while preserving local structures. To this
end, we propose the Adaptive Feature-weighted Co-clustering
with Local Coordinate Coding (AFC-LCC) model. AFC-LCC
not only constrains the learned sample cluster indicators to be
smoother along the dictionary space (defined by the product of
feature cluster indicator and scaling matrices) by following the
local invariance data property, but also incorporate a feature
importance descriptor to achieve quantitative measurement of
features for enhancing the model discriminative ability.

II. METHODOLOGY

To facilitate the following model formulation and deriva-
tions, we summarize the main notations in Table I.

TABLE I
THE MAIN NOTATIONS USED IN THIS PAPER.

Not. Description Not. Description

X data matrix P feature cluster indicator matrix
S scaling matrix Q sample cluster indicator matrix
d feature dimension c number of clusters
n number of samples θ feature importance descriptor
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A. Motivation and Formulation

By replacing the bipartitioning normalized cuts in BSGP
[11] with multi-partitioning normalized cuts, the Bilateral k-
means (BKM) [22] performs clustering on data collection
matrix X ∈ Rd×n by optimizing the following objective, i.e.,

min
P∈Indd×c,Q∈Indn×c,S∈diagc×c

∥X−PSQT ∥2F , (1)

where P and Q are the feature and cluster indicator matrices,
respectively. S is a diagonal scaling matrix in-between P and
Q. (1) can be regarded as a mathematical approximation of
the data matrix using the product of three factor matrices. If
PS is regarded as a whole, it can be understood as a set of
basis vectors, while Q serves as the coefficient matrix.

Motivated by the LCC principle that encourages larger
coding coefficients for nearby basis vectors and preserves local
geometric structures [21], we introduce the following local
coordinate constraint

min
P,Q,S

∑n

i=1

∑c

j=1
qij∥xi − (PS)j∥22. (2)

To capture the fine-grained relationships among these factor
matrices, we first relax S from diagonal to regular to provide
additional flexibility for modeling the interactions between
feature clusters and sample clusters, treat PS as the basis,
and incorporate LCC into (1) to enforce the local invariance
property of data. That is, the closer of a certain sample to
a specific column of the basis, the larger the corresponding
element of the coefficient vector. Additionally, we introduce a
feature importance descriptor θ (which satisfies θ ≥ 0 and
θT1 = 1) to quantify the contribution of each feature to
the clustering process, where larger values indicate stronger
discriminative ability [23]. The final objective function of our
proposed AFC-LCC model is formulated as

min
P,Q,S,Θ

∥ΘX−PSQT ∥2F + α

n,c∑
i,j=1

qij∥Θxi − (PS)j ∥
2
2,

s.t. C(Θ),P ≥ 0,P1 = 1,Q ∈ Indn×c,
(3)

where C(Θ) ≜ {Θ = diag (θ) ,θT1 = 1,θ ≥ 0} and we
relax P from one-hot to probabilistic encoding to improve its
flexibility. The regularizer in (3) emphasizes that qij could be
larger if xi is closer to the j-th column of PS, i.e., (PS)j .

Fig. 1. The general framework of the proposed AFC-LCC model.

Fig. 1 illustrates the overall framework of AFC-LCC. The
primary idea is the introduction of a feature weighting di-
agonal matrix Θ to adaptively weight the data matrix X,
and decompose the weighted matrix ΘX into three factor
matrices, i.e., probabilistic feature cluster indicator matrix

P, scaling matrix S, and sample cluster indicator matrix Q,
where their coupling relationship is characterized by the LCC-
based regularizer. Finally, based on the learned model, feature
importance weights and co-clustering results can be obtained,
which support various post-analyses such as the correlation
analysis between feature clusters and sample clusters.

B. Optimization

Each variable in (3) can be updated by fixing the others.
■ Update Q. Denoting aij ≜ ∥Θxi−(PS)j∥22 as the (i, j)-

th element of A ∈ Rn×c, we have

min
Q∈Indn×c

∥ΘX−PSQT ∥2F + αTr(AQT ). (4)

By expanding the first term into its trace form, we get

min
Q∈Indn×c

Tr(STPTPSQTQ−2(STPTΘX− α

2
AT )Q). (5)

Then, we convert it into the perfect square form as

min
Q∈Indn×c

∥B 1
2 (B−1C−QT )∥2F + Const, (6)

where B ≜ STPTPS and C ≜ STPTΘX − α
2A

T . It is
observed that (6) is independent for each row in Q; then,
the optimization to Q can be decomposed into n independent
subproblems, and the j|nj=1-th one is expressed as

min
Q∈Indn×c

∥(B 1
2B−1C)j −B

1
2qjT ∥22, (7)

where (B
1
2B−1C)j denotes its j-th column, and qjT denotes

the transpose of the j-th row of Q. We find that only one
element of qj is one and all the others are zeros, leading to
the following coordinate descent-based updating rule

qij =

{
1, i = argmink ∥(B

1
2B−1C)j − (B

1
2 )k∥22,

0, otherwise.
(8)

■ Update P. We rewrite the objective function (3) as

min
P≥0,P1=1

∥ΘX−PSQT ∥2F + α

n∑
i=1

∥
(
Θxi1

T −PS
)
V

1
2
i ∥

2
2,

(9)
where Vi= diag(qi) is a diagonal matrix and qi is the i-th
row of the indicator matrix Q. Equivalently, we obtain

min
P≥0,P1=1

Tr(PTPSQTQST + α
∑n

i=1
PTPSViS

T

−2PTΘXQST − 2α
∑n

i=1
PTΘxi1

TViS
T ).

(10)

By denoting D ≜ SQTQST , E ≜ ΘXQST , F ≜∑n
i=1 SViS

T , and G ≜
∑n

i=1 Θxi1
TViS

T , we have

min
P≥0,P1=1

Tr(PTP (D+ αF)− 2PT (E+ αG)). (11)

Then, by completing the square form of (11), we have

min
P≥0,P1=1

∥(P−H)J
1
2 ∥2F + Const, (12)

where H ≜ (E+ αG) (D+ αF)
−1

,J ≜ D+αF. Likewise,
each row of P is also an independent subproblem; and for the
i-th row of P, i.e., pi, we aim to solve

min
pi≥0,pi1=1

piJpiT − 2piJhiT , (13)
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which is a quadratic optimization problem with simplex
constraints, and can be effectively solved by the Lagrange
multiplier method as described in [24].

■ Update S. The objective function is the same as (9) but
with S as variable. Let J (S) denote (9) and then we compute
the derivative of J (S) with respect to S as

∂J (S)

∂S
= 2PTPSQTQ− 2PTΘXQ

+ α
∑n

i=1

(
2PTPSVi − 2PTΘxi1

TVT
i

)
.

(14)

Upon setting the resulting formula (14) to zero, we get

sij =
(PTΘXQ+ α

∑n
i=1 P

TΘxi1
TVT

i )ij
(PTP)ii(QTQ+ α

∑n
i=1 Vi)jj

. (15)

■ Update Θ. The objective function can be rewritten as

min
C(Θ)

∥ΘX−PSQT ∥2F + α
∑n

i=1
∥
(
Θxi1

T −PS
)
V

1
2
i ∥

2
2,

(16)
which is equivalent to

min
C(Θ)

Tr(ΘΘXXT + αΘΘ
∑n

i=1
xi1

TVi1x
T
i

−2XQSTPTΘ− 2α
∑n

i=1
PSVi1x

T
i Θ).

(17)

Setting K ≜
∑n

i=1 xi1
TVi1x

T
i and L ≜

∑n
i=1 PSVi1x

T
i ,

the above equation is equivalent to

min
θ≥0,θT 1=1

θT ((XXT + αK))θ − θTm, (18)

where m = 2diag(XQSTPT + αL), and (18) can be solved
similarly as (13).

The above updating procedure is summarized in Alg. 1.

Algorithm 1 Optimization of AFC-LCC objective (3)
Input: Data X ∈ Rd×n, # clusters c and parameter α;
Output: Feature cluster indicator matrix P and sample cluster

indicator matrix Q.
1: Initialize θ = [ 1d , · · · ,

1
d ]

T , generate P and Q randomly;
2: while not converged do
3: Update feature cluster indicator P by solving (13);
4: Update diagonal scaling matrix S by solving (15);
5: Update sample cluster indicator Q by equation (8);
6: Update feature importance descriptor θ by solving (18);
7: end while

III. EXPERIMENTS

A. Data and Experimental Setup

The following experiments were conducted on three bench-
mark datasets, ORL (400 samples, 4096 dimensions, 40 clus-
ters), COIL20 (1440 samples, 1024 dimensions, 20 clusters),
and MSRA (1799 samples, 256 dimensions, 12 clusters). Since
the MSRA dataset exhibits inter-class sample imbalance, two
versions are adopted including the original full version to
simulate real imbalanced scenarios, and a balanced version
constructed by randomly selecting 64 samples from each
cluster to evaluate the robustness of AFC-LCC under different
class distribution scenarios.

To demonstrate the effectiveness of AFC-LCC, we com-
pared it with several relevant methods including K-means,
fuzzy c-means (FCM), BKM, and three degraded versions
of AFC-LCC, namely AFC (without the LCC regulariza-
tion), CP -LCC (excluding feature-weighted learning), and
CP (without LCC or feature weighting). The involved pa-
rameters in respective models were tuned within the range
{10−5, 10−4, · · · , 101}. The fuzzy order index in FCM is
searched from [1.1, 2] with a step size 0.1. For each data set,
different randomly chosen clusters were used for performance
evaluation but they were kept the same for these models.

B. Results and Analysis

Table II lists the clustering results of all methods in terms
of three metrics, i.e., accuracy (Acc), normalized mutual
information (NMI), and purity [25]. Our AFC-LCC achieves
the best performance in most cases which is marked in bold.

The compared models exhibit a clear performance hierarchy.
AFC-LCC achieves the best performance on most datasets
and metrics. Traditional clustering methods (k-means, FCM,
BKM) perform relatively weakly, basic fuzzy variants (CP ,
AFC) yield moderate results, while models integrated with
local constraints (CP -LCC, AFC-LCC) achieve significant
improvements over the basic versions, fully verifying the
effectiveness of the proposed model.

The integration of local invariance constraints and adaptive
feature weighting greatly boosts clustering performance. Local
constraints effectively capture the local neighborhood structure
of data and reduce over-reliance on global distribution, while
adaptive weighting flexibly handles noisy and outlier features
in data. Their combination achieves both global optimization
and local structure preservation, which is the primary reason
for the superior performance of AFC-LCC.

The performance ranking of all models is highly consistent
across different datasets. AFC-LCC remains optimal not only
on standard datasets but also on the balanced MSRA dataset,
showing strong generalization ability to diverse data distribu-
tions. Moreover, it exhibits significantly smaller performance
fluctuations when the cluster number c deviates from the
ground truth, demonstrating stronger robustness and higher
practical value in real-world applications.

C. Discussions

Fig. 2. The original images from ORL (left), and basis vectors learned by
AFC (middle) and AFC -LCC (right).

1) Comparison of the Learned Basis: To explore the role
of local coordinate encoding, we randomly selected one face
image from four subjects in ORL. Fig. 2 shows the original
face images, the basis vectors learned respectively by AFC
and AFC-LCC. It is obvious that the basis vectors learned
with the LCC strategy resemble more to the original face
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TABLE II
CLUSTERING PERFORMANCE OF DIFFERENT METHODS ON THE BENCHMARK DATA SETS.

metrics Acc (%) NMI (%) Purity (%)

O
R

L

c 8 16 24 32 40 Avg. 8 16 24 32 40 Avg. 8 16 24 32 40 Avg

k-means 65.00 55.63 51.25 49.38 50.00 54.25 63.41 65.29 65.12 69.42 72.35 67.12 68.75 60.00 53.33 55.94 55.25 58.65
FCM 46.25 46.25 49.58 49.06 45.50 47.33 32.83 53.45 61.41 63.71 64.00 55.08 46.25 47.50 51.67 49.38 47.75 48.51
BKM 46.25 51.25 52.50 46.88 43.50 48.08 48.48 64.11 68.07 65.14 65.62 62.28 52.50 53.75 56.25 48.44 47.25 51.64
CP 58.75 54.37 52.50 50.63 46.00 52.45 59.36 65.34 68.38 70.06 68.60 66.35 62.50 56.25 54.17 54.38 49.50 55.36

CP -LCC 67.50 56.25 57.50 54.38 53.00 57.73 66.18 67.85 72.22 71.67 72.35 70.05 67.50 58.75 59.58 56.56 56.25 59.73
AFC 61.25 58.13 52.50 51.56 46.75 54.04 58.92 67.40 68.60 70.55 70.72 67.24 61.25 60.62 55.42 55.31 53.00 57.12

AFC-LCC 72.50 60.00 58.33 55.00 54.50 60.07 71.58 68.26 72.47 72.17 72.93 71.48 72.50 61.88 62.08 57.19 57.00 62.13

C
O

IL
20

c 4 8 12 16 20 Avg. 4 8 12 16 20 Avg. 4 8 12 16 20 Avg

k-means 67.01 55.90 42.48 60.07 53.68 55.83 52.71 57.06 59.16 74.46 74.94 63.67 68.40 60.24 49.19 66.23 61.18 61.05
FCM 66.67 51.22 45.02 52.43 42.92 51.65 46.92 47.05 48.38 57.45 54.42 50.84 66.67 52.26 45.02 52.43 42.92 51.86
BKM 72.92 49.48 58.75 52.58 56.46 58.04 59.34 57.86 64.90 67.89 75.69 65.14 72.92 56.08 63.61 53.77 63.26 61.93
CP 77.78 41.32 45.14 51.65 53.40 53.86 61.74 44.45 52.14 61.34 61.33 56.20 75.83 43.23 51.62 59.46 58.19 57.67

CP -LCC 81.60 57.12 63.77 61.55 58.89 64.59 65.33 56.71 70.91 74.60 75.34 68.58 81.60 57.99 68.98 63.63 63.75 67.19
AFC 80.21 54.51 51.27 55.03 54.65 59.13 64.30 54.48 63.74 70.17 72.53 65.04 80.21 54.69 55.44 58.85 61.60 62.16

AFC-LCC 87.85 58.51 67.25 69.18 59.44 68.45 78.24 58.52 72.64 78.99 76.04 72.89 87.85 61.46 69.21 71.70 64.10 70.86

M
SR

A

c 3 5 7 9 12 Avg. 3 5 7 9 12 Avg. 3 5 7 9 12 Avg

k-means 64.03 58.56 51.14 51.25 48.30 54.66 47.24 55.02 57.72 57.75 61.84 55.91 64.03 58.56 56.64 54.88 53.31 57.48
FCM 64.25 60.05 42.05 52.31 45.53 52.84 47.27 46.84 33.62 48.07 41.26 43.41 64.25 60.06 42.05 53.31 45.80 53.09
BKM 59.05 61.04 42.92 50.60 41.52 51.03 37.61 49.46 42.08 51.00 47.92 45.61 59.05 61.04 48.51 53.88 47.86 54.07
CP 64.25 58.44 55.77 53.10 46.30 55.57 48.47 54.46 55.88 58.36 55.24 54.48 64.25 58.44 58.65 56.94 51.36 57.93

CP -LCC 82.13 64.27 62.59 61.28 54.70 64.99 60.69 59.16 59.93 65.56 60.02 61.07 82.13 64.27 62.76 61.42 56.20 65.36
AFC 73.53 60.42 59.62 54.73 54.86 60.63 45.43 41.37 55.12 57.19 56.30 51.08 73.53 60.42 59.62 55.16 56.09 60.96

AFC-LCC 86.07 67.87 64.16 63.20 57.31 67.72 67.31 59.72 62.14 66.81 66.88 64.57 85.07 67.87 64.16 63.20 60.64 68.19

M
SR

A
(B

al
an

ce
d) c 3 5 7 9 12 Avg. 3 5 7 9 12 Avg. 3 5 7 9 12 Avg

k-means 99.48 99.38 80.13 85.07 74.74 87.76 97.55 97.99 85.49 89.07 86.34 91.29 99.48 99.38 85.27 86.28 82.55 90.59
FCM 99.48 93.44 91.52 85.24 62.76 86.49 97.55 89.32 86.82 83.65 63.46 84.16 99.48 93.44 91.52 86.11 63.15 86.74
BKM 99.48 80.94 86.16 74.13 74.22 82.99 97.55 81.82 81.74 74.81 79.13 83.01 99.48 80.94 86.16 76.22 80.08 84.58
CP 99.48 81.25 80.58 81.47 88.15 86.19 97.55 81.85 84.80 86.73 91.62 88.51 99.48 81.25 85.04 85.27 90.76 88.36

CP -LCC 99.48 99.38 94.87 87.05 88.54 93.86 97.55 97.99 91.88 87.90 92.43 93.55 99.48 99.38 94.87 87.05 91.15 94.39
AFC 99.48 99.38 94.20 85.59 91.80 94.09 97.55 97.99 91.17 90.38 92.23 93.86 99.48 99.38 94.20 88.37 91.80 94.65

AFC-LCC 99.48 99.69 96.65 96.35 91.93 96.82 97.55 99.00 94.76 94.49 92.65 95.69 99.48 99.69 94.20 96.35 91.93 96.33

images, demonstrating that effectively characterizing the local
invariance between data points and their associated basis
vectors helps preserve more details and therefore improves
the clustering performance.

2) Rationality of the Learned Feature Importance: To ver-
ify the rationality of the feature importance learned by AFC-
LCC, we conduct experiments on the Yale64 face dataset,
which contains 165 face images from 15 subjects, and each is
represented by a 4096-dimensional feature vector. We reshape
the original features into an image structure, rank the learned
feature importance, and visualize the top 60, 120, and 180
important features respectively. As shown in Fig. 3, the high-
weight regions are mainly concentrated around the eyes, nose,
and mouth, which are the most discriminative areas for face
characterization. The results verify that AFC-LCC assigns
larger weights to discriminative features.

Original Face Top 60 Features Top 120 Features Top 180 Features

Fig. 3. Visualization of different numbers of selected features on Yale64.

3) Convergence and Parameter Sensitivity: Fig. 4 presents
the objective function convergence curves, accuracy curves
(left) and hyper-parameter α sensitivity (right) of the AFC-
LCC method on MSRA. As the number of iterations increases,
the objective function value decreases monotonically while
the accuracy gradually stabilizes, demonstrating the excellent

convergence of the proposed optimization algorithm. The right
subfigure illustrates the clustering performance with varying
hyper-parameter α. It can be observed that our model prefers
small values of α and achieves the optimal performance at
10−2.
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Fig. 4. Convergence of accuracy and objective value (left) and parameter
sensitivity of α (right) on MSRA.

IV. CONCLUSION

This paper proposed AFC-LCC to improve co-clustering
performance from two aspects. One was the introduction of the
local coordinate constraint to enforce the local invariance data
property by explicitly characterizing the underlying semantic
connection among the three factor matrices in co-clustering;
the other was the incorporation of feature importance de-
scriptor to adaptively quantify the feature contributions in co-
clustering for model discriminative ability enhancement. Ex-
perimental results demonstrated the competitive performance
of AFC-LCC in data clustering; besides, the rationality and
effectiveness of the local coordinate constraint and feature
importance descriptor were illustrated by intuitive results.
Future work will focus on extending AFC-LCC to multi-view
and semi-supervised clustering scenarios.
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