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Abstract. Although low-rank matrices have gained widespread popu-
larity in recent years, traditional low-rank derivation algorithms, being
conductive methods, cannot handle new samples. Inductive robust prin-
cipal component analysis (IRPCA) can learn low-rank projections but
cannot perform feature extraction. Therefore, this paper introduces a
innovative robust feature extraction algorithm, named inductive robust
projective Non-negative matrix factorization with adaptive graph embed-
ding (IRPNMF-AGE). The algorithm is built in several steps. To begin
with, we decompose the projection matrix into two components. The first
component focuses on capturing the low-rank structure, while the other
uses a projection Non-negative matrix factorization algorithm to train
the low-rank recovery matrix and obtain the base matrix. Subsequently,
the low-rank recovery matrix is employed to modify the graph structure.
Ultimately, to create a projection matrix that preserves the low-rank
structure, we merge the trained low-rank matrix with the base matrix.
Experiments demonstrate that the IRPNMF-AGE algorithm achieves
superior low-rank recovery performance on damaged test samples while
enhancing robustness and image classification capabilities.

Keywords: Inductive robust PCA · Low-rank representation · Projec-
tive NMF · Feature extraction · Image classification.

1 Introduction

In recent years, advanced feature extraction algorithms have been continuously
developed. However, all these algorithms have relied on clean datasets. When
datasets are affected by noise and outliers, maintaining superiority becomes a
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challenge for most algorithms. Due to their robustness against noise, a series of
low-rank methods have gained significant attention recently [1]. Low-rank pro-
jection learning via graph embedding [2] balances considerations of local neigh-
borhoods and robustness. Low-rank preserving projection via graph regularized
reconstruction (LRPP-GRR) [3] introduces reconstruction error into the graph
structure. This reduces model complexity. Low-rank and sparsity preserving em-
bedding [4] aims to learn both the graph and projection together in a unified
framework. Robust auto-weighted projective low-rank and sparse [5] integrates
adaptive weighted graphs. It combines this with joint low-rank/sparse represen-
tation into a single, cohesive model. In low-rank local embedding representation
[6], the local and global manifold structures of the dataset exhibit correlation.
Low-rank adaptive graph embedding [7] concurrently performs engages in sub-
space learning and adaptive probability neighborhood graph embedding. Latent
low-rank representation with weighted distance penalty (LLRRWD) [8] intro-
duces weighted distance penalties into the LatLRR model. This enhances the
discriminative power of affinity matrix learning. The dictionary learning-based
unsupervised feature selection method [9] applies dictionary learning concepts to
low-rank representation. It preserves sample similarity through spectral analysis.

The non-negative property of NMF imparts practical and interpretable mean-
ing to it. Considering that NMF has the capability to employ the coefficient
matrix in order to influence the base matrix, this aids in the reconstruction
of the initial data, it yields a part-based data representation. Studies [10, 11]
have indicated that this part-based representation aligns with the perceptual
information processing in the human brain. NMF has found successful applica-
tions in various domains, including text analysis [12], image processing [13], and
bioinformatics [14]. Recently, a range of robust NMF methods have been de-
veloped to bolster the generalization capability of NMF. Low-rank nonnegative
factorization (LRNF) [15] incorporates RPCA into the foundation of NMF to
achieve low-rank recovery of corrupted samples. Building upon this, exponen-
tial graph regularized Non-negative low-rank factorization [16] introduces matrix
exponentiation and sparse constraints to further enhance its robustness. Low-
rank NMF on the Stiefel manifold (LNMFS) [17] leverages the Stiefel manifold
to impose orthogonal constraints and transform low-rank structures into the
Frobenius norm. Many algorithms often consider either global or local geomet-
ric structures. However, low-rank sparse NMF (NMF-LRSR) [18] combines both
aspects. Double manifold regularized NMF (DMR-NMF) [19] does not employ
RPCA for low-rank recovery but instead employs LRR to learn adaptive global
affinity matrices. Furthermore, there are robust methods that incorporate adap-
tive graph structures [20]. Although low-rank enhancement methods based on
RPCA and LRR may achieve more robust feature extraction than the original
approaches, they fail to effectively leverage low-rank properties.

To address the aforementioned issues, this paper proposes the inductive ro-
bust projective Non-negative matrix factorization with adaptive graph embed-
ding (IRPNMF-AGE). By decomposing the projection matrix into a basis ma-
trix and a low-rank recovery matrix, and optimizing the nearest-neighbor graph
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Fig. 1: Illustration of IRPNMF-AGE.

structure based on the low-rank recovery image, it obtains a feature extraction
projection matrix capable of both processing new samples and restoring low-rank
features of damaged images. This algorithm integrates non-negative matrix pro-
jection, low-rank structure, and nearest neighbor graph structure into a single
framework. By combining the learned optimal base matrix with the low-rank ma-
trix, we achieve a robust projection algorithm that can be used for training new
corrupted samples. As shown in Fig.1, the obtained low-rank recovery image can
be broken down into the low-rank projection matrix and original noise-corrupted
matrix.

This paper makes contributions in the following areas:
1) Proposing a novel and scalable low-rank feature extraction model that

effectively addresses the issues of low-rank algorithms not being able to handle
new samples and perform feature extraction.

2) Pioneering the utilization of graph structures, optimized using low-rank
matrices during the training process, to effectively rectify and improve the ac-
curacy of the introduced manifold structure in the algorithm.

3) This adaptive graph correction mechanism fundamentally mitigates the
sensitivity of traditional neighborhood graphs to noise and outliers. By utilizing
low-rank matrices with denoising properties to optimize the graph structure, it
ensures that the graph accurately reflects the intrinsic manifold of the data.

The structure of this paper is as follows: Section 2 presents the motivation,
objective function, derivations, and algorithm complexity analysis for IRPNMF-
AGE. Section 3 provides a comprehensive account of the experimental results.
Finally, we draw the paper to its conclusion in Section 4.

2 IRPNMF-AGE

2.1 Motivation

Based on the introduction to related work, we already know that IRPCA can ef-
fectively preserve low-rank structures for projecting new samples. Our algorithm
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model is also based on this premise. Given a dataset X ∈ Rm×n, we attempt to
find a projection matrix P ∈ Rr×m such that:

Y = PX. (1)

where Y ∈ Rr×n is the dimension-reduced data, and r ≪ m.
Clearly, techniques like extracting noise in the dimension-reduced matrix,

as in LRE, are too abstract and do not allow for the direct observation of its
low-rank structure. Therefore, we decompose P into P1 and P2:

P = P2P1. (2)

where P1 ∈ Rm×m is used to preserve low-rank structures, and P2 ∈ Rr×m is
used to project P1X for dimension reduction. By combining these two methods,
we obtain:

min
P1,E,U,XE

∥P1∥∗ + α∥E∥1 + β∥XE − UUTXE∥2F

s.t. X = XE + E,XE = P1X
. (3)

where E serves as the noise matrix, XE represents the low-rank recovered image,
and α, β > 0 is utilized as a balancing parameter.

It is worth noting that (3) contains fourth-order terms, which are theoretically
challenging to analyze for convergence. To eliminate these higher-order terms,
we introduce auxiliary variables to reformulate (3) as follows:

min
P1,E,U,V,XE

∥P1∥∗ + α∥E∥1 + β∥XE − UV ∥2F + γ∥V − UTXE∥2F

s.t. X = XE + E,XE = P1X
. (4)

the parameter γ is introduced to mitigate the impact of orthogonality on the
algorithm’s convergence.

In real-world applications, data such as facial images is frequently obtained
from nonlinear manifolds [21]. Using the low-rank recovery matrix during the
iterative process to recover the disrupted graph structure can further boost the
algorithm’s recognition rate, as shown in (5):

Zij =


exp

(
−∥XEi −XEj∥2

2σ2

)
, XEj ∈ N+

Kc
(XEi)

0, otherwise

. (5)

where Wij =
1
2 (Zij + Zji), N

+
KC

(XEi
) represents the index set for the KC near-

est neighbors of XEi
.

So, in combination with (5), we formulate the objective function of the
IRPNMF-AGE algorithm as:

min ∥P1∥∗ + α∥E∥1 + β∥XE − UV ∥2F + γ∥V − UTXE∥2F +
ω

2

∑
i,j

∥vi − vj∥2Wij

s.t.X = XE + E,XE = P1X

.

(6)
Thus, we have completed the motivation and principle introduction of the

proposed IRPNMF-AGE algorithm model.
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2.2 Objective Function of IRPNMF-AGE

Building on the model motivation in Section 2.1, we first simplify the graph reg-
ularization term to derive the final unified objective function, then reformulate
it for efficient optimization via the ADMM algorithm. To simplify the derivation
and solution, it is easy to obtain:

R =
1

2

∑
i,j

∥vi − vj∥2Wij = Tr(V TDV )− Tr(V TWV ) = Tr(V TLV ). (7)

where D is a diagonal matrix and Dii =
∑

iWii, L = D −W .
So, we obtain the objective function:

min ∥P1∥∗ + α∥E∥1 + β∥XE − UV ∥2F + γ∥V − UTXE∥2F + ωTr(V LV T ). (8)

According to Theorem 1 in [22], the objective function for IRPNMF-AGE
can alternatively be expressed as:

min ∥J∥∗ + α∥E∥1 + β∥XE − UV ∥2F + γ∥V − UTXE∥2F + ωTr(V LV T ). (9)

where P1 = LQT and Q are obtained from the orthogonally derived columns of
X, and A = QTX.

To make function (8) separable, we introduce an auxiliary matrix J and
define P1 = J , which transforms function (8) into the following representation:

min ∥J∥∗ + α∥E∥1 + β ∥XE − UV ∥2F + γ
∥∥V − UTXE

∥∥2
F
+ ωTr

(
V LV T

)
.

(10)
The augmented Lagrangian function of (10) is:

L = ∥J∥∗ + α∥E∥1 + β∥XE − UV ∥2F + γ∥V − UTXE∥2F
+ ⟨Y1, X −XE − E⟩+ ⟨Y2, P1 − J⟩+ ⟨Y3, XE − P1X⟩+ ωTr(V LV T )

+
µ

2
(∥X −XE − E∥2F + ∥P1 − J∥2F + ∥XE − P1X∥2F )

. (11)

where Y1, Y3 ∈ Rm×n and Y2 ∈ Rm×m are Lagrange multipliers, µ > 0 is a
parameter, < A,B > represents the trace of the matrix ATB.

2.3 Iterative Solution of IRPNMF-AGE

(1) Update J
By fixing variables other than J and updating J , we obtain:

J = argmin
1

µ
∥J∥∗ +

1

2

∥∥∥∥J − P1 −
Y2
µ

∥∥∥∥2
F

. (12)

This optimization problem can be addressed through the application of the
Singular Value Thresholding operator:

J = Γ 1
µ

(
P1 +

Y2
µ

)
. (13)
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where Γτ (T ) = Udiag(max(0, σ − τ))V T , σ represents the singular value of T .
(2) Update P1

By fixing variables other than P1 and updating P1, we obtain:

L(P1) = ⟨Y2, P1−J⟩+⟨Y3, XE−P1X⟩+
µ

2

(
∥P1 − J∥2F + ∥XE − P1X∥22

)
. (14)

Take the partial derivative of (14), then obtain the following equation:

∂L

∂P1
= Y2 − Y3XT + µ

(
P1(XX

T + I)−XEX
T − J

)
= 0. (15)

So, we obtain the update iteration formula for P1:

P1 =

(
XEX

T + J +
Y3X

T − Y2
µ

)(
XXT + I

)−1
. (16)

(3) Update E
By keeping variables other than E fixed and updating E, we obtain:

E = argmin
α

µ
∥E∥1 +

1

2

∥∥∥∥E −X +XE −
Y1
µ

∥∥∥∥2
F

. (17)

This optimization problem can be resolved using the soft-thresholding oper-
ator:

E = ϑα
µ

(
X −XE +

Y1
µ

)
. (18)

where ϑτ (t) = sign(t) ·max(|t| − τ, 0).
(4) Update XE

By fixing variables other than XE and updating XE , we obtain:

L(XE) = β∥XE − UV ∥2F + ⟨Y1, (X −XE − E)⟩+ ⟨Y3, (XE − P1X)⟩

+ γ∥V − UTXE∥2F +
µ

2

(
∥X −XE − E∥2F + ∥XE − P1X∥2F

) . (19)

Take the partial derivative of (19), then obtain the following equation:

∂L

∂XE
= 2β(XE−UV )+2γ(UUTXE−UV )−Y1+Y3+µ(2XE−X−P1X+E) = 0.

(20)
So, we obtain the update iteration formula for XE :

XE =

(
2
β

µ
I + 2I + 2

γ

µ
UUT

)−1 (
Y1 − Y3

µ
+ 2

β + γ

µ
UV + (X − E + P1X)

)
.

(21)
(5) Update U and V
Updating U and V can be achieved by fixing variables other than U and V ,

and we obtain:

L(U, V ) = Tr
(
−2XT

EUV + V TUTUV
)

+
γ

β
Tr

(
V TV − 2XT

EUV +XT
EUU

TXE

)
+
ω

β
Tr

(
V (D −W )V T

). (22)
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Let ψik and ϕik be the Lagrange multipliers for constraints uik ≥ 0 and
vik ≥ 0, let ψ = [ψik], Φ = [ϕik]:

L(U, V ) = Tr
(
−2XT

EUV + V TUTUV
)
+
ω

β
Tr

(
V (D −W )V T

)
+
γ

β
Tr

(
V TV − 2XT

EUV +XT
EUU

TXE

)
− Tr

(
ΨUT

)
− Tr

(
ΦV T

). (23)

Using the KKT condition ψikuik = 0 and ϕikvik = 0, for uik and vik, we get
the equations below:

∂L

∂U
= 2UV V T − 2XEV

T +
2γ

β
(XEX

T
EU −XEV

T ) = 0. (24)

∂L

∂V
= 2UTUV − 2UTXE +

2γ

β
(V − UTXE) +

2ω

β
V (D −W ) = 0. (25)

So, we have the update iterations for U and V :

Uij ← Uij

((
1 +

γ

β

)
XEV

T

)
ij

/(
UV V T +

γ

β
XEX

T
EU

)
ij

. (26)

Vij ← Vij

((
1 +

γ

β

)
UTXE +

ω

β
VW

)
ij

/(
UTUV +

γ

β
V +

ω

β
V D

)
ij

. (27)

The comprehensive optimization framework is detailed in Algorithm 1. Since
the optimization procedure for objective function (11) follows a similar iterative
scheme, we omit the redundant derivation for brevity.

Algorithm 1 Solving IRPNMF-AGE by ADMM.

Input(X, i, α, β, γ, ω, µ)
Y1 = Y3 = 0, Y2 = 0, XE = X,E = 0
calculate W by (5)
U = abs(rand(m, r)), V = abs(rand(r, n))

repeat
Update J by (13);
Update P1 by (16);
Update E by (18);
Update XE by (21);
Update W by (5);
Update U by (26);
Update V by (27);
i = i+ 1
Y1 = Y1 + µ(X −XE − E)
Y2 = Y2 + µ(P1 − J)
Y3 = Y3 + µ(XE − P1X)
µ = min(ρµ, µmax)

until the maximum number of iterations is met
return P = UTP1U
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2.4 Algorithm Complexity Analysis

We consider this in the context of large-scale datasets, wherem < n. The reduced
dimension after dimensionality reduction is denoted as r ≪ min(m,n), and the
number of neighbors is c. The computational scale of the associated matrices
in a single iteration and the algorithm complexity are presented in the Table 1.
Due to m < n, assuming the algorithm converges after k iterations, the time
complexity of this algorithm is O(km2n).

Table 1: Computational Complexity Analysis
Matrix Computational scale Algorithm complexity

J 3m3 +m2 O(m3)
P1 3m2n+ 2m3 +m2 O(m2n)
E mn O(mn)
XE 2m2n+mnr +m2r + 2mn+m2 + 2m O(m2n)
W mnc O(mnc)
U m2n+mnr + 2m2r + nr2 + 4mr O(m2n)
V mnr +mr2 + nr2 + nrc+ 7nr O(mnr)

3 Experiments Analysis

3.1 Databases

The Extended YALE-B dataset comprises around 2,432 images distributed among
38 individuals, each having 64 images captured under various lighting conditions.

The CMU PIE database is an extensive collection, housing 11,560 facial im-
ages belonging to 68 different individuals. These images showcase diverse varia-
tions in facial expressions, head poses, and lighting conditions.

The AR dataset consists of 26 facial images for each of the 120 individuals,
encompassing variations in lighting conditions, facial occlusions, and expressions.

Meanwhile, the COIL-20 dataset is composed of 1,440 images, each represent-
ing one of 20 distinct objects. These objects are depicted from various angles
within a 5-degree range, and each object is depicted in 70 images.

The MNIST dataset contains 10,000 images illustrating handwritten digits,
with each digit contributed by 250 different individuals.

For a visual representation of these datasets, please refer to Fig.2.

3.2 Verification Experiments of Classification Accuracy

To assess the classification performance of IRPNMF-AGE, we conducted classifi-
cation experiments on faces, objects, and handwritten digits. A nearest neighbor
classifier was employed and compared against NMF, PNMF, LRNF, IRPCA,
LNMFS, LRPP-GRR, and DMR-NMF. Specific settings are detailed in Table
2. Each method underwent 10 times, and the results were averaged. The exper-
imental outcomes are presented in Table 3, demonstrating that IRPNMF-AGE
achieved the highest recognition rate compared to other low-rank derivative al-
gorithms.
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(a) Extended YALE-B

(b) CMU PIE

(c) AR

(d) COIL-20

(e) MNIST

Fig. 2: Five databases have a few images each.

Table 2: Experimental configurations.
Dataset Number of training samples Total number of samples

Extended YALE-B 30*(20, 30, 40) 30*60
CMU PIE 68*(60, 70, 80) 68*170
AR 120*(8, 10, 12) 120*26
COIL-20 20*(10, 20, 30) 20*70
MNIST 10*(100, 200, 300) 10*1000

Table 3: Mean classification accuracy (%) and standard deviation (%) for various
models across five datasets.
datasets N NMF PNMF LRNF IRPCA LNMFS LRPP-GRR DMR-NMF IRPNMF-AGE

Extended
YALE-B

20 79.93±1.48 85.08±0.83 82.18±1.18 61.58±0.93 85.82±1.05 86.00±1.16 82.67±1.02 87.40±0.88
30 82.27±0.68 88.69±1.27 87.09±0.82 69.11±2.32 89.60±0.41 88.67±1.23 86.33±0.98 91.31±0.65
40 83.03±0.61 91.10±0.94 89.70±0.81 75.97±1.66 91.57±0.48 89.67±1.62 89.00±0.66 91.90±0.71

CMU PIE
60 82.75±0.46 81.95±0.54 85.55±0.44 78.65±0.50 87.20±0.80 85.11±0.72 89.60±0.55 90.01±0.41
70 85.10±0.32 83.84±0.36 88.06±0.64 82.29±0.25 89.09±0.39 87.09±0.45 90.99±0.28 91.63±0.18
80 86.80±0.50 88.19±0.49 89.52±0.47 85.22±0.79 90.42±0.33 87.29±0.91 92.27±0.48 92.65±0.35

AR
8 78.94±1.11 67.31±1.13 87.42±1.10 70.00±1.03 80.17±1.16 86.94±1.34 84.68±1.15 87.71±1.07
10 82.68±0.91 69.95±0.95 91.02±0.76 75.23±1.06 83.60±1.20 90.73±0.96 88.70±0.86 91.14±0.53
12 86.10±0.61 74.17±1.02 92.88±1.31 78.20±1.31 86.04±1.13 92.02±1.45 90.98±0.99 93.58±0.72

COIL-20
10 85.38±1.13 91.67±0.70 90.45±1.16 90.37±1.36 91.42±1.96 90.33±1.78 90.38±1.55 92.32±1.29
20 90.56±1.11 96.44±1.45 95.74±0.90 95.56±1.02 96.02±1.11 96.01±0.95 96.32±0.97 96.68±0.52
30 91.00±2.04 98.28±0.44 97.67±0.65 97.85±0.43 98.33±0.66 97.75±0.61 98.33±0.66 98.90±0.48

MNIST
100 76.64±1.07 86.70±0.61 84.40±0.68 87.12±0.35 86.70±0.74 80.26±1.21 86.25±0.54 87.34±0.25
200 79.05±0.57 87.80±1.24 88.72±0.60 89.38±0.56 89.01±0.95 82.62±1.06 82.62±0.51 89.58±0.28
300 80.30±1.55 90.10±0.92 90.28±1.02 90.49±0.25 90.23±1.15 83.29±1.11 90.13±0.45 90.91±0.49
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3.3 Face Recognition with Synthetic Corruptions

Within the section, we performed experiments on the CMU PIE and Extended
YALE-B datasets to evaluate the robustness of the IRPNMF-AGE algorithm.
To validate its robustness in the context of face databases, we conducted experi-
ments on data subjected to varying degrees of “salt & pepper” noise. Specifically,
for the “salt & pepper” noise experiments on these two databases, we introduced
noise with densities of 0.05, 0.1, and 0.15, respectively.

Fig.3 presents examples of corrupted images from the CMU PIE, Extended
YALE-B, AR, COIL-20 and MNIST databases. Fig.4 illustrates the experimental
results for these databases, including varying densities of “salt & pepper” noise.
In each row, you can observe the classification accuracy achieved by different
methods as the number of training samples varies. As depicted in Fig.4, it is ev-
ident that IRPNMF-AGE achieves the highest classification accuracy. This sug-
gests that the introduction of IRPCA’s low-rank projection method can better
handle new sample data, effectively enhancing the robustness of IRPNMF-AGE.

Fig. 3: Images within the CMU PIE, Extended YALE-B, AR, COIL-20 and
MNIST databases affected by varying degrees of “salt & pepper” noise.
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(a) (b) (c)

(d) (e) (f)

Fig. 4: The classification accuracies of eight algorithms on CMU PIE and Ex-
tended YALE-B databases with diverse “salt & pepper” noise.

(a) training number = 8 (b) training number = 10 (c) training number = 12

Fig. 5: Classification accuracies of eight algorithms on the AR database with
“salt & pepper” noise.

3.4 Face Recognition with Real Occlusions and Noise breaking

Within the section, we conducted experiments on the AR database. As shown in
Fig.3, “salt & pepper” noise was introduced to the images with densities of 0.05,
0.1, and 0.15. Fig.5 presents the experimental findings from the AR database.
In this visualization, the x-axis represents the density of “salt & pepper” noise.

The results presented in Fig.5 clearly indicate that IRPNMF-AGE achieves
the highest classification accuracy among all algorithms, regardless of noise pres-
ence, and its recognition rate is minimally affected by noise interference. This
indicates that the IRPNMF-AGE algorithm demonstrates strong robustness in
the task of facial recognition.
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(a) (b) (c)

(d) (e) (f)

Fig. 6: The classification accuracies of eight algorithms on COIL-20 and MNIST
databases with diverse “salt & pepper” noise.

3.5 Object Classification and Recognition of Handwritten Digits

In this subsection, we validate the robustness of IRPNMF-AGE in object and
handwritten digit classification using the COIL-20 and MNIST databases. Simi-
lar to the method in Section 3.3, we introduced various levels of “salt & pepper”
noise into the images. As shown in Fig.3, we added “salt & pepper” noise with
densities spanning from 0.1 to 0.3. Fig.6 illustrates the experimental results for
the COIL-20 and MNIST databases. It is evident that IRPNMF-AGE contin-
ues to achieve the highest recognition rates, indicating its superior robustness
compared to other methods.

3.6 Convergence Analysis

Within the subsection, we further validate the convergence and investigate the
convergence speed of IRPNMF-AGE through experiments on five datasets. Con-
vergence curves are illustrated in Fig.7. In each graph, the x-axis signifies the
number of iterations, with the y-axis denoting the objective function’s value.

As shown in Fig.7, IRPNMF-AGE typically converges within 80 iterations
across the five datasets examined in this study. This clearly demonstrates the
effectiveness and rapid convergence of the IRPNMF-AGE.

3.7 Discussion on Parameter Sensitivity

Within the section, we delve into the sensitivity of the model’s parameters. We
conducted experiments with 10% “salt & pepper” noise on COIL-20. Given the
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(a) YALE-B (b) CMU PIE (c) AR

(d) COIL-20 (e) MNIST

Fig. 7: The convergence function of IRPNMF-AGE in the five databases.

(a) β = 1× 100 (b) β = 1× 10−1 (c) β = 1× 10−2 (d) β = 1× 10−3

Fig. 8: The impact of different combinations of values for the three parameters
on the classification performance of IRPNMF-AGE.

relatively high number of parameters in our method, to simplify the experiments,
we first assigned a very low value to the graph regularization term to eliminate its
effect. Subsequently, we determined the values of α, β, and γ. Specifically, based
on empirical knowledge, we selected α within a reasonable range [10−5, 104]; β
within another reasonable range [10−3, 100], and γ within yet another reasonable
range [10−9, 100]. Fig.8 presents a visual representation of how various combina-
tions of values influence the classification performance of IRPNMF-AGE. It can
be observed that except for extreme values, most of the reasonable value ranges
result in classification accuracy fluctuating within a relatively high range.

4 Conclusions

This paper presents a novel approach, IRPNMF-AGE, which combines scalable
low-rank learning with feature extraction. It effectively acquires a low-rank pro-
jection matrix from corrupted samples for recovery and performs efficient feature
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extraction from damaged new samples. Results from extensive experiments on
five public datasets confirm the feasibility of the low-rank projection feature ex-
traction method. IRPNMF-AGE exhibits superior robustness compared to other
advanced low-rank algorithms. However, as the experiments unfolded, the limita-
tions of IRPNMF-AGE became apparent. For instance, in experiments without
noise interference, the classification accuracy of IRPNMF-AGE does not signif-
icantly outperform other methods, largely due to the limitations of the PNMF
method. In addition, we plan to explore the integration of our low-rank learn-
ing mechanism into deep learning frameworks to further enhance representation
ability and generalization performance in future research. In future work, we aim
to overcome these limitations and further explore methods for extracting more
efficient features.
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