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Abstract

We propose a Predictable Discriminative K-SVD Network (DKSVDN) for face
recognition. The model constructs a novel dictionary structure comprising a
class label dictionary and a descriptive dictionary to balance discriminative and
reconstructive performance. The corresponding sparse coding vector consists of
a label coding vector and a descriptive coding vector. To address the low time
efficiency of sample sparse coding, we employ a collaborative training approach
that leverages predictive neural networks and discriminative dictionary learn-
ing models to accelerate predictive sparse coding. Furthermore, a dream-like
training method is specifically introduced for DKSVDN to enhance model ro-
bustness when training set diversity is insufficient. Comparative experiments on
mainstream face datasets demonstrate the superior performance of the proposed
model.
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Abstract: This paper proposes a predictable discriminative K-SVD network
model (DKSVDN) for face recognition. The model constructs a novel dictio-
nary structure comprising a class label dictionary and a descriptive dictionary
to balance discriminative and reconstructive performance. The corresponding
sparse coding vector consists of a label coding vector and a descriptive coding
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vector. To address the low time efficiency of sparse coding for samples, a pre-
dictive neural network is co-trained with the discriminative dictionary learning
model to accelerate sparse code prediction. Additionally, a novel dream-like
training method is introduced specifically for DKSVDN to enhance model ro-
bustness when training set diversity is insufficient. Comparative experiments
on mainstream face datasets demonstrate the model’ s superior performance.

Keywords: dictionary learning; sparse representation; face recognition; neural
network

0 Introduction

In recent years, demand for biometric-based identification technologies has
grown substantially. Face recognition, as a crucial biometric technology, has
garnered widespread attention due to its non-contact nature, rapid identifi-
cation, and ease of deployment, rapidly becoming one of the most popular
research directions in computer vision. Face recognition techniques [1-3] initially
relied on geometric feature comparison, subsequently introducing data-driven
algorithmic models including machine learning-based methods such as Principal
Component Analysis and Eigenfaces [4-11], as well as deep learning approaches
like Residual Neural Networks and GoogleNet [12-17], continuously improving
recognition accuracy. However, real-world environments present numerous
uncertain factors, making the challenges faced by face recognition algorithms in
practical applications more complex. Issues such as illumination, random noise,
facial expressions, pose variations, and occlusions from accessories are often
inadequately represented in training data. Insufficient sampling of real-world
scenarios severely impacts the performance of data-driven face recognition
algorithms, representing a critical problem that must be addressed.

Dictionary learning is a generative model based on compressed sensing theory
[18], first proposed by Olshausen and Field [19] in 1996. Prior breakthroughs in
biological research on mammalian visual mechanisms revealed that many neu-
rons along the visual pathway exhibit selectivity for specific stimuli in primary
and intermediate vision, such as color, texture, orientation, size, and even ob-
ject images from different viewpoints. Based on these findings, Olshausen and
Field designed an energy-based dictionary learning model. Through training on
sample images, dictionary learning models demonstrated that natural images
have highly compact sparse representation coefficients on overcomplete dictio-
naries—that is, images can be reconstructed through linear combination of a few
dictionary atoms, likely representing the encoding strategy employed by the V1
region of the visual cortex. Additionally, literature [20] proposed a binary alter-
nating optimization structure to solve the model, comprising sparse coding and
dictionary construction phases. This structure established the foundation for
dictionary learning and has been universally adopted by subsequent algorithms.
Aharon et al. [21] proposed the renowned K-SVD method by exploring connec-
tions between vector quantization and dictionary learning algorithms, improving
the energy-based dictionary learning model by generalizing the K-means algo-
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rithm. K-SVD innovatively introduced Singular Value Decomposition (SVD)
in the dictionary construction phase to minimize reconstruction error. Unlike
existing dictionary learning algorithms limited to batch processing, Online Dic-
tionary Learning (ODL) [22] proposed an online dictionary training method,
offering advantages for today’ s massive training datasets. ODL employs |
norm constraints for sparsity and uses second-order optimization in the dictio-
nary construction phase, enabling stochastic and mini-batch optimization. The
dictionary learning framework achieved tremendous success in image reconstruc-
tion [23], drawing many researchers’ attention to image classification tasks.

Mairal et al. [24] proposed task-driven dictionary learning, introducing super-
vised information into traditional dictionary learning for handwritten digit recog-
nition. Discriminative K-SVD (D-KSVD) [5] extended K-SVD for face recogni-
tion, training a dedicated classifier simultaneously with dictionary learning and
demonstrating excellent performance across multiple face datasets. Jiang et
al. [25] proposed LCKSVD (Label Consistent K-SVD) as an improvement over
D-KSVD, adding a label regression term for stronger discriminative information.
While these methods embed classification information in sparse coding, another
approach constructs discriminative dictionaries based on the principle that sam-
ples are more similar to those from the same class. Classification relies on re-
construction errors from each class-specific sub-dictionary, assigning samples to
the class with minimal error [10, 11, 26]. This approach originates from Sparse
Representation-based Classification (SRC) [10], which directly uses all training
samples to construct a discriminative dictionary. SRC achieved surprising re-
sults in classification tasks but suffers from obvious drawbacks: the dictionary
size required for optimal performance is often excessively large. Subsequently,
DLSI (structural incoherent dictionary learning method) [27] improved upon
SRC for more compact dictionaries.

Researchers have also proposed methods that make both coding vectors and dic-
tionaries discriminative. For instance, FDDL (Fisher discrimination dictionary
learning) [28] is a typical method where both components are discriminative.
FDDL applies Fisher discriminant criteria to learn a structured dictionary while
simultaneously applying them to coding coefficients to maximize between-class
distance and minimize within-class distance, achieving excellent discriminative
performance. Wang et al. [29] proposed a model (DLSPC) that learns both
class-specific and common dictionaries, using intra-class dictionaries to capture
the most discriminative details for each class while a common dictionary pre-
serves shared elements. DLSPC also constrains coding such that samples are
expressed only on their own class dictionary while suppressing expression on
other class dictionaries, using reconstruction errors on each sub-dictionary for
classification. However, since dictionary learning models depend on sparse cod-
ing, additional computation is required to obtain coding coefficients in practical
applications, limiting large-scale deployment. LeCun et al. [30] attempted to
use neural networks to predict sparse coding coefficients with promising results.
Wang et al. [31] proposed deep  encoders using deep network structures to
approximate  norm solutions for sparse coding.
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This paper proposes a predictable discriminative K-SVD network that embeds
label information into the K-SVD algorithm through a novel dictionary struc-
ture, enabling sparse coding to directly contain class labels. Unlike other dic-
tionary learning classification methods, this eliminates the need for additional
computation to determine class. The dictionary structure separates detailed
descriptive information from essential features, providing stronger interpretabil-
ity and enabling sample generation. Simultaneously, a predictive neural net-
work module is trained to improve computational efficiency for sparse coding.
Furthermore, a dream-like training method is introduced that oversamples the
training dataset to generate virtual samples for training the predictive network,
improving prediction accuracy. Experimental results on mainstream face image
databases demonstrate excellent performance in face image recognition.

1 Related Work

In classical sparse representation problems, a sample vector x can be represented
as a linear combination of prototype elements: x = Da, where D represents the
dictionary matrix with each column being a dictionary atom, and « is the sparse
representation coefficient vector on dictionary D.

Since dictionary D is overcomplete, the sparse representation problem has in-
finitely many solutions. To obtain the desired solution, appropriate sparsity
constraints must be imposed. The solution should obviously be:

min ||af, subject to x = Da (1)

where |+ |, is the  norm representing the number of non-zero elements in vector
a.

Sparse representation solves the optimal coding problem on a specific dictionary,
yet excellent sparse coding also requires a suitable dictionary. Pre-designed fixed
dictionaries are commonly used, but designing a good preset dictionary often
consumes substantial time and effort with significant random factors affecting
results. Moreover, to comprehensively cover required features, preset dictio-
naries are generally set to be over-redundant. To overcome these limitations,
dictionary learning algorithms have been proposed to learn the most appropriate
dictionary from training data.

In dictionary learning problems, beyond basic sparse representation solving, an
optimal dictionary matrix D must be learned from the training set. Denoting
the training set as X = [xy, Xy, =, x| ~{mxn}, the dictionary learning problem
can be expressed as:

min_ {D,A} |X - DA|_F? subject to |a_i], < T, i(4)
or equivalently:
min_ {D,A} |X - DA|_F? subject to |a_i], < Ty i (5)

where A = [ay, aq, -, @] “{kxn} is the sparse coding matrix and |+ |_F is
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the Frobenius norm for calculating reconstruction error. This paper primarily
considers equation (5). Since ( norm problems are non-convex without closed-
form solutions, alternating iteration strategies are widely adopted for , norm-
based dictionary learning:

First, fix dictionary D and compute the optimal sparse representation coefficient
matrix A based on the current dictionary. Second, fix sparse coeflicient matrix
A and optimize dictionary D to minimize reconstruction error. Alternate these
two steps until convergence.

After training, the final dictionary D remains unchanged during testing for en-
coding new samples, whose coding solves equations (2) or (3).

K-SVD, as one of the most renowned dictionary learning methods, has received
extensive attention. In the sparse coding phase, K-SVD uses matching pursuit
or orthogonal matching pursuit to solve coefficient vectors. In the dictionary
update phase, the matrix multiplication term DA in equation (5) is decomposed
into K rank-1 matrices. During updating, only one matrix is updated at a time
while fixing the remaining K-1 matrices, optimizing sequentially to minimize
reconstruction error. The reconstruction error term can be rewritten as:

IE_k-d ka"k|_F? (6)

where ok represents the k-th row of coefficient matrix A. E_k denotes the
reconstruction error when expressing samples with the remaining dictionary
atoms after removing the k-th atom. Using SVD decomposition of the error
matrix E_k = UAV™T, the first principal component (first column of U) is taken
as dictionary atom d_ k, with the corresponding first row of the singular value
matrix A as the coefficient. However, to maintain sparsity, K-SVD employs a
small trick: the final dictionary atom d_ k and sparse coefficient «c_k use the first
row and first column values from A. K-SVD demonstrates good performance
across different datasets and signal/image reconstruction tasks.

2 Proposed Algorithm

K-SVD is an (-constrained dictionary learning algorithm whose framework con-
tains two sub-steps: sparse coding update and dictionary update. Through
alternating iteration until convergence, the entire optimization process implic-
itly forms an auto-encoder, where the sparse coding sub-step serves as a non-
parametric encoder and the dictionary reconstruction part acts as a linear de-
coder.

This paper proposes a novel discriminative dictionary learning model while con-
structing a feed-forward neural network to predict discriminative sparse coding
coeflicients, improving algorithmic time efficiency.
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2.1 Algorithm Description

This paper proposes the Discriminative K-SVD Network model (DKSVDN),
which incorporates discriminative information into the original K-SVD and im-
proves sparse coding computational efficiency. Its objective function is expressed
as:

min_{D,AF} [Y - Do _F? + Ajfafy + AzA - £ F(X)|_F? (7)

where the first term is the discriminative dictionary learning module, the second
term is the sparsity constraint, and the third term is the predictive neural
network module. X is the input sample matrix, A is the target sparse matrix,
and F represents all parameters of the feed-forward neural network.

2.1.1 Discriminative Dictionary Learning Module Sparse representa-
tion coefficients possess naturally excellent features that demonstrate good ro-
bustness in both image reconstruction and classification tasks. However, re-
construction and discriminative performance are often difficult to balance in
traditional dictionary learning models. This paper designs a novel sparse cod-
ing and dictionary structure that maintains both properties. The model embeds
class labels into sparse coding, making the code consist of two parts: label cod-
ing and descriptive coding. Correspondingly, the dictionary is also divided into
two sub-dictionaries: a label dictionary and a descriptive dictionary.

Assume Y = [yq, vo, =, y] “{cxn} is the label matrix, where each column
y_i represents the label vector of training sample x_i. The label vector is a
c-dimensional vector where c is the number of classes. If x_i belongs to class j,
then the j-th dimension of y_ i takes value 1 while other dimensions are 0. The
sparse coding vector is specifically represented as a_i = [y_1i; d_i], where y_ i
is the 0-1 label vector and d_ i is the descriptive code. The label vector y_i
corresponds to the label sub-dictionary D_ 1, which contains the same number
of atoms as classes. The corresponding descriptive dictionary is D_d. The la-
bel dictionary D_ 1 captures the most essential features of each class, typically
representing class-specific characteristics at the class center. The descriptive
dictionary D_ d stores features unrelated to class information—generic features
that may appear in any class—for describing detailed image information. There-
fore, the dictionary is specifically represented as D = [D_1, D_d], and the
discriminative dictionary learning module is defined as:

min_{D,A} |X - DA|_F2 = |X - [D_1, D_d][Y; D]|_F? (8)

2.1.2 Predictive Neural Network Module Given an input sample image x,
the predictive neural network module rapidly predicts the sample’ s sparse coeffi-
cients. Unlike traditional sparse coding methods that use iterative optimization
—resulting in unpredictable and time-consuming computation during testing—
the predictive neural network module employs a parametric model: a neural net-
work. Combined with nonlinear activation functions, neural networks possess
powerful approximation capabilities while significantly reducing computation
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time, providing reasonably accurate sparse representation coefficients within a
predictable timeframe for subsequent tasks.

This paper uses a multi-layer feed-forward fully connected network f F(-) as
the predictive module. To obtain sparsity, the activation function adopts a
soft-thresholding function. Therefore, the predictive neural network module
expression is:

where ®( - ) represents the soft-thresholding activation function.
In summary, the final objective function is:

min_{D,A,F} [X - [D_L D_dJ[Y; D]|_F? + A [|[Y; Do + A, A - £ F(X)|_F?
(10)

subject to |a_if, < Ty i, where T is a fixed threshold. For classification using
sparse coding, the label coding portion is first extracted, and the dimension with
the maximum value in the label coding indicates the predicted class of the test
image. Notably, for better prediction performance and to avoid overfitting, this
paper adopts a co-training approach for the predictive neural network module
and discriminative dictionary learning module.

2.2 Algorithm Optimization and Solution

The objective function is clearly non-convex. This paper solves the model using
an alternating optimization strategy with the following procedure:

a) Fix dictionary D and use Orthogonal Matching Pursuit (OMP) [32] to
search for optimal sparse representation coefficients on the current dictio-
nary. More specifically, the label vector y is known supervisory informa-
tion and remains fixed, with the optimization target being the optimal
descriptive coefficient part d.

b) Use the sparse representation coefficients obtained in step a) as fixed val-
ues, and update dictionary atoms individually using the K-SVD algorithm,
including both label dictionary D_1 and descriptive dictionary D_d. Si-
multaneously, use the sparse coefficient matrix as target values and the
training sample matrix as input to update the predictive neural network
module’ s parameter set F via stochastic gradient descent (SGD) until
convergence or reaching a fixed number of iterations.

Alternate steps a) and b) until convergence or reaching a fixed number of iter-
ations. Additionally, the predictive neural network module’ s predictions can
serve as initial values (warm start) for optimizing sparse representation to ac-
celerate convergence in step a).
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2.3 Dream-like Training Method

Unknown Pattern in Known Class (UPKC) is a widespread and critical chal-
lenge in real-world face recognition. UPKC encompasses various facial varia-
tions including expression changes, occlusion variations, etc. Unlike random
information in broad facial variations, UPKC focuses on regular facial variation
patterns that are often predictable and imaginable for the human brain and can
be generalized across classes. For example, if a unique pattern exists in one class
—such as a person wearing a scarf with a particular pattern—the human brain
can easily imagine faces from other classes wearing the same scarf. However,
for statistical machine learning algorithms, since this pattern is missing in other
classes, the scarf may be learned as a class-specific feature, causing misclassifi-
cation. Similar patterns include wearing sunglasses, different degrees of smiling,
etc. Since collecting all patterns for all individuals is impossible, UPKC is a
challenge that must be addressed.

To improve DKSVDN’ s robustness against UPKC, this paper designs a novel
dream-like training method. The concept closely resembles human dreaming
processes and functions. Literature [33] first introduced a similar idea for train-
ing Helmholtz machines, and later for Deep Belief Networks (DBN) [34]. As
mentioned, DKSVDN contains a specially structured dictionary composed of
class-specific and descriptive dictionaries. Correspondingly, a sample’ s sparse
coding on this dictionary is divided into class label vector segments and descrip-
tive vector segments. The dream-like training method fully leverages DKSVDN’
s structural characteristics, reasonably inferring UPKC’ s sparse coding vectors
in the sparse coding space and generating virtual training samples using the
dictionary to train the predictive neural network module, thereby improving
prediction accuracy.

The dream-like training method combined with DKSVDN proceeds as follows:
a) Collect and record samples’ sparse codings on the current dictionary.

b) Split the descriptive coding segments from sparse codings and collect
them into a descriptive coding pool.

¢) For all class coding vectors, randomly select descriptive coding vectors
from the pool for concatenation to generate reasonably inferred sparse
coding vectors.

d) Generate virtual samples using the inferred sparse coding vectors com-
bined with the dictionary via equation (1).

e) Use virtual samples and their corresponding inferred sparse coding vectors
as a training set to train the predictive neural network.

Dream-like training utilizes the generative dictionary learning model for sample
synthesis in the sparse domain. Compared with existing oversampling methods,
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dream-like training fully considers sample reasonableness, making the virtual
sample space distribution closer to the real sample space and effectively im-
proving the predictive neural network’ s accuracy. Dream-like training can be
inserted after any iteration in the DKSVDN model optimization process.

3 Experiments
3.1 Datasets and Experimental Setup

3.1.1 Dataset Description To verify DKSVDN’ s performance across differ-
ent face recognition scenarios, experiments were conducted on mainstream face
databases: the AR face database [35] and the Extended Yale B face database
(8].

The AR face database collected facial images of 126 individuals under various
conditions, containing over 4,000 images total. The dataset is divided into two
subsets photographed at different times. In the AR dataset, each person (i.e.,
each class) has 26 facial images photographed under different illumination con-
ditions, including 12 images with occlusions (specifically sunglasses and scarf
occlusions) and 14 images without occlusion but with expression and pose vari-
ations. Compared with Extended Yale B, the AR dataset contains more inter-
ference factors beyond illumination, including expression and pose variations
and facial occlusions, making it more realistic and challenging.

In our experiments, we used a subset of the AR face database consisting of 3,120
images from 120 individuals. For each class, 13 images were randomly selected
as training data and the remaining 13 composed the test set. All images were
uniformly cropped to 40$x50pizelsandnormalizedwith? {2}$ norm. [Figure
1: see original paper] shows sample face images from the AR dataset.

The Extended Yale B face database consists of 2,414 frontal face images from 38
individuals photographed under varying illumination conditions and expressions.
Besides illumination, variations include expression changes. Each individual has
approximately 59 to 64 images. For convenience, we selected 31 individuals from
Extended Yale B, each with 64 face images (totaling 1,984 images), removing 7
individuals with fewer than 64 images. For each class, 32 images were randomly
selected as training data and the remaining 32 composed the test set. All im-
ages were uniformly cropped to 40$x50pizelsandnormalizedwithf_{2}$ norm.
[Figure 2: see original paper| shows sample face images from the Extended Yale
B dataset.

3.1.2 Parameter Settings In the predictive coding module, a feed-forward
neural network serves as the prediction module with a two-layer structure con-
taining 1,500 and 500 neurons respectively. The number of dictionary atoms is
500, with label dictionary atoms corresponding to 100 for the AR database and
31 for the Extended Yale B database. The T, value is set to 15.
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3.1.3 Classification Scheme The proposed DKSVDN model does not re-
quire training an additional classifier; class information can be directly read
from the label vector portion of sparse coding. Since the predictive neural net-
work module cannot obtain perfectly binary label vectors, the test sample’s class
is determined as the class corresponding to the dimension with the maximum
value in the expression vector, mathematically expressed as:

class(x) = argmax_j §_j (11)

where ¥ is the predicted label vector and §_ j represents the value of the j-th
dimension. Using the trained model, sparse coding vectors can be obtained in
two ways: directly predicted by the predictive neural network module, or using
the predicted sparse coding vector as an initial value for further optimization via
the K-SVD algorithm to obtain more precise sparse coding. Both computation
methods are evaluated in subsequent experiments.

3.2 Experimental Results

3.2.1 Face Recognition Comparison algorithms include DLSI, LCKSVD,
FDDL, FDDL-LCSRC [36], N-PCA [37], and RCSRC [38]. On the AR face
dataset, DLSI sets 5 intra-class dictionary atoms per class, with other settings
consistent with literature [25]. LCKSVD dictionary size is set to 500 according
to the number of classes in the AR database. N-PCA uses a Nearest Neighbor
(NN) classifier. Detailed results are shown in . Evidently, with a smaller discrim-
inative dictionary size, DKSVDN’ s classification performance significantly out-
performs LCKSVD and DLSI. Additionally, time efficiency comparisons show
DKSVDN’ s prediction time is substantially faster.

On the Extended Yale B face dataset, DLSI sets 15 intra-class dictionary atoms
per class, with other settings consistent with literature [25]. LCKSVD dictionary
size is set to 496 according to the number of classes in Extended Yale B. N-
PCA uses NN classification. presents the experimental results on Extended
Yale B, showing excellent performance in both classification accuracy and time
efficiency.

3.2.2 Dream-like Training Experiments Given that the dream-like train-
ing method targets scenarios with numerous and dispersed patterns, we vali-
dated its enhancement effect on DKSVDN using the AR face database. The
AR database contains three patterns: frontal face, wearing sunglasses, and wear-
ing scarf. Since the dataset is divided into two sessions, we used part of Session
1 as the training set. Session 1 contains the first 13 images per person (7 frontal
faces, 3 sunglasses, 3 scarves), with Session 2 having the same composition. In-
dividuals in Session 1 were divided into three groups: complete pattern group,
missing-sunglasses group, and missing-scarf group. The complete group uses all
images, the missing-sunglasses group uses frontal faces and scarf images, and
the missing-scarf group uses frontal faces and sunglasses images. Other images
from Session 1 and all Session 2 images serve as the test set. To illustrate
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the grouping details clearly, with 100 classes numbered 1-100, the training set
composition is shown in .

shows the recognition performance of the predictive neural network module on
the test set for DKSVDN models with and without dream-like training. Evi-
dently, dream-like training significantly improves DKSVDN’ s recognition rate,
particularly for sunglasses and scarf occlusion patterns, achieving substantially
better performance than the original DKSVDN model.

4 Conclusion

The predictable discriminative KSVD model DKSVDN employs a dictionary
structure combining label and descriptive dictionaries. Correspondingly, sparse
coding vectors based on this dictionary contain both label vector segments and
descriptive vector segments, enabling rapid classification using this specially
structured sparse coding. Simultaneously, the model trains a predictive neural
network module for sparse coding prediction, effectively solving the low time
efficiency problem of traditional dictionary learning. Furthermore, the dream-
like training method effectively enhances DKSVDN’ s robustness under insuffi-
cient sample diversity. Experimental comparisons on mainstream face datasets
demonstrate that the DKSDN model and dream-like training method exhibit
excellent performance in complex environments.
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