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Abstract. Deep learning has attracted increasing attentions recently
due to its appealing performance in various tasks. As a principal way of
deep feature learning, deep auto-encoder has been widely discussed in
such problems as dimensionality reduction and model pre-training. Con-
ventional auto-encoder and its variants usually involve additive noises
(e.g., Gaussian, masking) for training data to learn robust features,
which, however, did not consider the already corrupted data. In this
paper, we propose a novel Deep Robust Encoder (DRE) through locality
preserving low-rank dictionary to extract robust and discriminative fea-
tures from corrupted data, where a low-rank dictionary and a regularized
deep auto-encoder are jointly optimized. First, we propose a novel loss
function in the output layer with a learned low-rank clean dictionary
and corresponding weights with locality information, which ensures that
the reconstruction is noise free. Second, discriminant graph regularizers
that preserve the local geometric structure for the data are developed
to guide the deep feature learning in each encoding layer. Experimental
results on several benchmarks including object and face images verify
the effectiveness of our algorithm by comparing with the state-of-the-art
approaches.
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1 Introduction

In the recent years, deep learning has attracted considerable interests in com-
puter vision field, as it has achieved promising performance in various tasks,
e.g., image classification [1], object detection [2] and face recognition [3]. Gener-
ally, deep structure learning tends to extract hierarchical feature representations
directly from raw data. Recent representative research works include: deep con-
volutional neural networks [4], deep neural networks [5], deep auto-encoder [6],
and deeply-supervised nets [7].
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Fig. 1. Illustration of our proposed algorithm. Corrupted data xi, xj are the inputs
of the deep AE. After encoding and decoding process, the reconstructed xi, xj are
encouraged to be close to Dzi, Dzj on the top, where D is the learned clean low-rank
dictionary and zi, zj are corresponding coefficients. In addition, graph regularizers are
added to the encoder layers to pass on the locality information.

Among different deep structures, auto-encoder (AE) [8] has been treated as
robust feature extractors or pre-training scheme in various tasks [9–14]. Con-
ventional AE was proposed to encourage similar or identical input-output pairs
where the reconstruction loss is minimized after decoding [8]. Follow-up work
with various additive noises in the input layer is able to progressively purify the
data, which fulfills the purpose “denoising” against unknown corruptions in the
testing data [15]. These works as well as the most recent AE variants, e.g., multi-
view AE [13] and bi-shift AE [11], all assume the training data are clean, but can
be intentionally corrupted. In fact, real-world data subject to corruptions such
as changing illuminations, pose variations, or self-corruption do not meet the
assumption above. Therefore, learning deep features from real-world corrupted
data instead of intentionally corrupted data with additive noises becomes criti-
cal to build robust feature extractor that is generalized well to corrupted testing
data. To the best of our knowledge, such AE based deep learning scheme has
not been discussed before.

Recently, low-rank matrix constraint has been proposed to learn robust fea-
tures from corrupted data. Specifically, when data are lying in a single subspace,
robust PCA (RPCA) [16] could well recover the corrupted data by seeking a
low-rank basis. While low-rank representation (LRR) [17] is designed to recover
corrupted data and rule out noises in case of multiple subspaces. Due to these
technical merits, low-rank modeling has already been successfully used in dif-
ferent scenarios, e.g., multi-view learning [18], transfer learning [19–21], and
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dictionary learning [22]. However, fewer works link the low-rank modeling to
deep learning framework for robust feature learning.

Inspired by the above facts, we develop a novel algorithm named as Deep
Robust Encoder (DRE) with locality preserving low-rank dictionary. The core
idea is to jointly optimize deep AE and a clean low-rank dictionary, which can
rule out noises and extract robust deep features in a unified framework (Fig. 1).
To sum up, our contributions are three folds as follows:

– A low-rank dictionary and deep AE are jointly optimized based on the cor-
rupted data, which can progressively denoise the already corrupted features
in the hidden layers so that robust deep AE could be achieved for corrupted
testing data.

– The newly designed loss function, which is based on the clean low-rank dic-
tionary and preserved locality information in the output layer, penalizes the
corruptions or distortions, meanwhile ensures that the reconstruction is noise
free.

– Graph regularizers are developed to guide feature learning in each encoding
layer to preserve more geometric structures within the data, in either unsu-
pervised or supervised fashions.

The remaining sections of this paper are organized as follows. In Sect. 2, we
present a brief discussion of the related works. Then we propose our novel deep
robust encoder in Sect. 3, as well as the solution. Experimental evaluations are
reported in Sect. 4, followed by the conclusion in Sect. 5.

2 Related Work

In this section, we mainly discuss the recent related works and highlight the
differences between their approaches and ours.

Auto-encoder (AE) has attracted lots of research interests in computer vision
fields. It was recently proposed as an efficient scheme for deep structures pre-
training and dimensionality reduction [5,8]. Denoising auto-encoder (DAE) gen-
erated a robust feature extractor by incorporating artificially random noise to
the input data, and then minimized the square loss between reconstructed out-
put and original clean data [15]. Most recently, appealing AE variants have been
proposed to handle different learning tasks, e.g., transfer learning [11], domain
generalization [12] and multi-view learning [13]. Generally, these variants aim
to adapt the knowledge from one domain/view to another by tuning the input
or the target data. Different from them, we consider that the real-world data
already have been corrupted somehow and we develop an active deep denoising
framework to handle the existing corruptions in the training data, which can
then be well generalized to the unseen corrupted testing data. However, to the
best knowledge, little has been discussed with regard to AE.

Low-rank modeling has demonstrated with appealing performance on robust
feature extraction against noisy data. Recently, Robust PCA (RPCA) [16] has
been proposed to rule out noises for data lying in a single subspace. Moreover,
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low-rank representation (LRR) [17] is presented recently to handle real-world
noisy data lying in multiple subspaces. It can identify the global subspace struc-
ture as well as corruptions. Besides, low-rank modeling has also been adopted
in different learning tasks, e.g., generic feature extraction [18], visual domain
adaptation [21], robust transfer learning [19], and dictionary learning [22]. In
this paper, we also involve the low-rank constraint on the dictionary learning
to build a clean and compact basis. Differently, we exploit the low-rank dictio-
nary to reconstruct the outputs of the deep AE with corrupted inputs, instead
of the original data [22]. In this way, we could build an active deep denoising
framework to generate more robust features from corrupted data. Furthermore,
locality-preserving reconstruction helps maintain the geometric structure of the
data, which has not been discussed with low-rank dictionary in deep learning
before.

3 The Proposed Algorithm

In this section, we first introduce our motivation, and then propose our deep
robust encoder through locality preserving low-rank dictionary. Finally, we
present an efficient solution to the proposed framework.

3.1 Motivation

Intentional corruptions, e.g., random noises are added artificially while real-world
ones are from data itself, e.g., varied lightings or occlusion. Most existing AE
and its variants, e.g., DAE, take advantage of different additive noises on the
clean data to improve the robustness of deep models. During the deep encod-
ing/decoding process, the perturbed input data are gradually recovered. In this
way, the learned deep model is able to tolerate certain corruptions simulated by
the additive noises.

However, this raises two problems. First, the robustness of the system com-
pletely relies on the formulations of the noises. The richer the noisy patterns are,
the better the performance will be. This inevitably increases the computational
burden. In the worst case, the learned deep structure may not be well gener-
alized to the unseen testing data. Second, real-world data usually suffer from
contaminations of varied sources, and building robust feature extractors to rule
out existing noises is more reasonable. In addition, recent advances in low-rank
matrix modeling cast a light on denoising for data that are already corrupted.
Based on these observations, we propose to jointly learn a deep AE framework
and a clean low-rank dictionary to actively mitigate the noises or corruptions
within the data (Fig. 2).

3.2 Locality Preserving Low-Rank Dictionary Learning

Suppose training data X ∈ R
d×n has n samples and xi ∈ R

d represents the i-th
sample. For AE with single hidden layer [5,8], it is usually consisted of two parts,
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low-rank constraint

encoding

decoding

reconstruction error 

hidden layer

Fig. 2. The AE architecture with low-rank dictionary. A corrupted sample x is corre-
lated to a low-rank clean version d. The AE then maps it to hidden layer (via encoder
layer) and attempts to reconstruct x via decoder layer, generating reconstruction x̌.
Finally, reconstruction error can be measured by different loss functions.

encoder and decoder. The encoder, denoted as f1, attempts to map the input xi

into hidden representations, while the decoder, denoted as f2, tries to map the
hidden representation back to the input xi. A typical cost function with square
loss for AE can be formulated as:

min
W1,b1,W2,b2

n∑

i=1

∥
∥xi − f2(f1(xi))

∥
∥2

2
, (1)

where {W1 ∈ R
r×d, b1 ∈ R

r}, {W2 ∈ R
d×r, b2 ∈ R

d} are the parameters for
encoding and decoding, respectively. Specifically, we have f1(xi) = ϕ(W1xi + b1)
and f2(f1(xi)) = ϕ(W2f1(xi) + b2), where ϕ(·) is an element-wise “activation
function”, which is usually nonlinear, such as sigmoid function or tanh function.
DAE manually involves artificial noise into the input training data so that it
aims to train a denoising auto-encoder to remove the random noise.

In reality, however, xi is usually corrupted already due to environmental
factors or noises from the collecting devices. Intuitively, we need to build a
network by detecting and removing noise from the corrupted data so that it
could better generalize to corrupted testing data. To this end, we propose our
robust auto-encoder with low-rank dictionary learning:

min
W1,b1,W2,b2,D

n∑

i=1

‖di − f2(f1(xi))‖22 + λrank(D), (2)

where di ∈ R
d is the i-th column of low-rank D ∈ R

d×n and λ is the tradeoff
parameter. rank(·) means the rank operator of a matrix, which encourages to
build a clean and compact basis. Generally, the convex surrogate of rank prob-
lem, i.e., nuclear norm ‖ · ‖∗ will be employed to solve the rank minimization
problem [16].

However, similar to the conventional AE and its variants, the point-to-point
reconstruction scheme in Eq. (2) only considers one-to-one mapping, which may
overfit the data and skip the structure knowledge within the data. To that end,
we propose a novel locality preserving low-rank dictionary learning by intro-
ducing a new coefficient vector zi to maintain the locality of each sample xi

throughout the network:
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min
W1,b1,W2,b2,D

n∑

i=1

‖Dzi − f2(f1(xi))‖22 + λ‖D‖∗, (3)

where zi ∈ R
n is the coefficient vector for sample xi w.r.t. dictionary D. There

are different strategies to obtain the coefficient vector zi, in either unsupervised
or supervised fashion, depending on the availability of label information. Specif-
ically, the j-th element in zi is defined as:

zij =

⎧
⎪⎨

⎪⎩

1, if i = j,

exp
(
−‖xi−xj‖2

2σ2

)
, if xi ∈ Nk1(xj),

0, otherwise,
(4)

where xi ∈ Nk1(xj) means xi is within the k1 nearest neighbors of xj . Specifically,
we could define the locality-preserving coefficients zi in two fashions. For unsu-
pervised case, the k1 nearest neighbors are searched from the whole data, while
for supervised case, the k1 nearest neighbors are searched from the data within
the same class to xi. Actually, we could easily extend semi-supervised scenario.
Note σ is a bandwidth for Gaussian kernel (we set σ = 5 in this paper).

To sum up, our regularized deep auto-encoder transform the original AE’s
point-to-point reconstruction strategy to our point-to-set reconstruction so that
we could preserve more discriminative information. To further guide the local-
ity preserving dictionary learning in the output layer, we propose to couple the
discriminant graph regularizers with hidden feature learning during the opti-
mization:

min
W1,b1,W2,b2,D

n∑

i=1

‖Dzi − f2(f1(xi))‖22 + λ‖D‖∗

+α
n∑

j=1

n∑

k=1

sjk(f1(xj) − f1(xk))2,
(5)

where sjk is the similarity between xj and xk. α is the balance parameter.
Specifically, sjk can be calculated in unsupervised and supervised fashions as

well:

sjk =

{
exp

(
−‖xj−xk‖2

2σ2

)
, if xj ∈ Nk2(xk),

0, otherwise,
(6)

where xj ∈ Nk2(xk) means xj is within the k2 nearest neighbors of xk. In the
same way as zi, the k2 nearest neighbors are selected from the whole dataset
for unsupervised case, while the k2 nearest neighbors are selected from the data
within the same class to xj for supervised case.

3.3 Deep Architecture

Considering the learning objective in Eq. (5) as a basic building block, we can
train a more discriminant deep model. Existing popular training schemes for
deep auto-encoder includes Stacked Auto-Encoder (SAE) [15] and Deep Auto-
Encoder [6]. However, as our learning objective/building block is different from
theirs, we have a different training scheme for the deep structure.
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Assume we have L encoding layers and L decoding layers in our deep struc-
ture which minimizes the following loss:

min
Wl,bl,D

n∑

i=1

‖Dzi − x̄i‖22 + λ‖D‖∗

+α
L∑

l=1

n∑

j=1

n∑

k=1

sjk(fl(xj) − fl(xk))2,
(7)

where x̄i is the output with a series of encoding and decoding from the input xi.
{Wl, bl}, (1 ≤ l ≤ L) are the encoding parameters while {Wl, bl}, (L+1 ≤ l ≤ 2L)
are the decoding parameters. The third term sums up the graph regularizers from
each encoding layer to guide the locality preserving low-rank dictionary learning
in the output layer.

3.4 Optimization

Equation (7) is difficult to address because of the non-convexity and non-linearity
of the building block formulated in Eq. (5). To this end, we develop an alternating
solution to iteratively update the encoding & decoding functions fl(1 ≤ l ≤ 2L)
and dictionary D. First we list the low-rank dictionary learning, then provide
the regularized deep auto-encoder optimization.

Low-Rank Dictionary Learning. When fl(1 ≤ l ≤ 2L) are fixed, the objec-
tive function in Eq. (7) degenerates to a conventional low-rank recovery problem,
which can be solved by augmented Lagrange multiplier algorithm [23]. To that
end, we first involve a relaxing variable J , and write down its equivalent formu-
lation as:

min
D,J

‖X̄ − DZ‖2F + λ‖J‖∗, s.t. D = J,

where X̄ = [x̄1, · · · , x̄n] and Z = [z1, · · · , zn]. ‖·‖2F is Frobenius norm of a matrix.
Then we derive the corresponding augmented Lagrangian function w.r.t. D,J :

‖X̄ − DZ‖2F + λ‖J‖∗ + 〈R,D − J〉 +
μ

2
‖D − J‖2F,

where R is the Lagrange multiplier and μ > 0 is the penalty parameter. 〈, 〉 is
the matrix inner product operator. Specifically, we have the following updating
rules for D,J one variable at time t:

Jt+1 = arg min
J

λ

μt
‖J‖∗ +

1
2
‖J − Dt − Rt

μt
‖2F, (8)

which can be effectively addressed by the singular value thresholding (SVT)
operator [24].

Dt+1 = arg min
D

‖X̄ − DZ‖2F + 〈Rt,D − Jt+1〉 + μt

2 ‖D − Jt+1‖2F
= (2X̄Z� + μtJt+1 − Rt)(2ZZ� + μtIn)−1,

(9)

where In ∈ R
n×n is an identical matrix.
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Deep Robust Encoder Learning. When D is fixed, the objective function
in Eq. (7) can be reformulated to minimize the following objective function:

L =
n∑

i=1

‖x̄i − d̄i‖22 + α
L∑

l=1

n∑

j=1

n∑

k=1

sjk(fl(xj) − fl(xk))2,

where d̄i = Dzi. Since the loss function (Eq. (3.4)) is smooth and twice-
differentiable, we can still adopt L-BFGS optimizer [25] to deal with this uncon-
strained problem, whose updating rules at time t are shown as follows:

⎧
⎪⎪⎨

⎪⎪⎩

Wl,t+1 = Wl,t − ηtHl,t
∂L
∂Wl

|Wl,t
,

bl,t+1 = bl,t − ηtGl,t
∂L
∂bl

|bl,t ,
(10)

in which ηt denotes the learning rate, Hl,t and Gl,t are the approximations for
the inverse Hessian matrices of L w.r.t. to Wl and bl, respectively. The detailed
formulations and discussions of ηt, Hl,t and Gl,t are trivial, which can be referred
to [25]. In this section, we mainly focus on the derivatives of L w.r.t. to Wl and bl.

For the decoding layers (L + 1 ≤ l ≤ 2L), we have:

∂L
∂Wl

=
∑n

i=1 Fi,lf�i,l−1,
∂L
∂bl

=
∑n

i=1 Fi,l,

where fi,l−1 = fl−1(xi) is the l-1th-layer hidden layer feature and the updating
equations are computed as follows:

Fi,2L = 2(x̄i − d̄i) � ϕ′(ui,2L),
Fi,l = (W�

l+1Fi,l+1) � ϕ′(ui,l).

Here the operator � denotes the element-wise multiplication, and ui,l is com-
puted by ui,l = Wlfi,l−1 + bl.

For the encoding layers (1 ≤ l ≤ L), we have:

∂L
∂Wl

=
n∑

i=1

Fi,lf�i,l−1+

2α
L∑

p=l

n∑

j=1

n∑

k=1

sjk(Gjk,pf�j,p−1 + Gkj,pf�k,p−1),

∂L
∂bl

=
n∑

i=1

Fi,l + 2α
L∑

p=l

n∑

j=1

n∑

k=1

sjk(Gjk,p + Gkj,p),

in which Gjk,l and Gkj,l are calculated as follows:

Gjk,L = (fj,l − fk,l) � ϕ′(uj,L),
Gkj,L = (fk,l − fj,l) � ϕ′(uk,L),
Gjk,l = (W�

l+1Gjk,l+1) � ϕ′(uj,l),
Gkj,l = (W�

l+1Gkj,l+1) � ϕ′(uk,l).
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To that end, we can optimize low-rank dictionary and deep auto-encoder
iteratively until convergence. The entire procedure of two sub-problems is listed
in Algorithm 1. Before the alternative updating, the network parameters fl(1 ≤
l ≤ 2L) are initialized through deep auto-encoder with the input and the target
as X [6], whilst D is directly set as original data X for initialization.

Algorithm 1. Solution to Problem (7)

Input: {X, y}, α, λ, η0 = 0.2, ε = 10−6, t = 0,

μ0 = 10−6, ρ = 1.3, μmax = 106, and tmax = 103.

while not converged or t < tmax do

Step 1. Update low-rank dictionary via (8),(9);

Step 2. Update the deep auto-encoder:

for l = 2L, · · · , 1 do

Compute derivatives
∂L
∂Wl

,
∂L
∂bl

;

end

for l = 1, · · · , 2L do

Update Wl, bl using (10);

end

Step 3. Update parameters:

Rt+1 = Rt + μt(Dt+1 − Jt+1); ηt+1 = 0.95 × ηt;

μt+1 = min(μmax, ρμt); t = t + 1.

Step 4. Check convergence:

|Lt+1 − Lt| < ε, ‖Dt+1 − Jt+1‖∞ < ε.

end

Output: {Wl, bl, D, J}.

4 Experiments

In this section, we conduct experiments to systematically evaluate our algorithm.
First, we present the details of datasets and experimental settings. Then we do
self-evaluation on our algorithm and present the comparison results with several
state-of-the-art algorithms. Finally, we further testify several properties of the
proposed algorithm, e.g., impacts of layer size, parameter analysis.

4.1 Datasets and Experimental Settings

COIL dataset1 includes 72 views from 100 objects with different illumina-
tion conditions (Fig. 3). Each object is captured in equally spaced views, i.e., 5
degrees. In our experiments, we adopt the gray-scale images and resize them to
32 × 32. We randomly select ten images per object to build the training set, and
the rest images as the testing set. We repeat the random selection process 20
times, and report the average performance. In addition, we perform scalability
evaluations by gradually involving more categories from 20 to 100. Furthermore,
1 http://www1.cs.columbia.edu/CAVE/software/softlib/coil-100.php.

http://www1.cs.columbia.edu/CAVE/software/softlib/coil-100.php


576 Z. Ding et al.

Fig. 3. Samples of two datasets: COIL-100 (left) and CMU-PIE (right). We show
original images and 10 % corrupted ones for COIL-100. For CMU-PIE, the original
faces already show large variance with one subject.

Table 1. Recognition results (%) of 4 approaches on different setting of three datasets.

COIL-100c PIE-1 PIE-2 PIE-1c PIE-2c ALOI-c

AE 74.56± 0.38 83.58± 0.11 82.79± 0.13 74.95± 0.14 73.89±0.12 80.98± 0.98

LAE 78.32± 0.46 85.87± 0.16 85.08± 0.14 77.82± 0.12 76.14± 1.45 82.84± 1.26

L2AE-u 79.84± 0.64 86.98± 0.09 86.45± 0.11 79.23± 0.11 79.02± 0.12 83.42± 0.87

L2AE-s 82.42± 0.72 87.67± 0.10 87.54± 0.12 80.14± 0.10 79.96± 0.11 86.27± 0.75

we also evaluate the robustness of different approaches to noise by adding 10 %
random corruption to the original images.

CMU-PIE Face dataset2 contains 68 subjects under different poses subject
to large appearance differences (Fig. 3). In addition, for each pose, there are 21
various illumination conditions. We use face images from 8 different poses to
construct various evaluation sets. The sizes of them vary from 2 to 5. Basically,
we randomly select 15 images per pose per subject to build the training set while
the left as the testing set. The face images are cropped and resized to 64 × 64,
and the raw features are used as the inputs.

ALOI dataset3 consists of 1000 object categories captured from different
viewing angles. Specifically, each object has 72 equally spaced views. In this
experiments, we select the first 300 objects by following the setting in [26], where
the images are transformed to gray-scale and resized to 36 × 48. Furthermore,
10 % pixel corruption is added to testify the robustness of different methods.

Note that previous algorithms, e.g., DAE [15], adopted the “corrupted” data
with random noise as the input for training while using the “original” data for
testing. However, we assume the data are “already corrupted” and we manage
to detect and remove the noise. Thus, we adopt the “same” types of training
and testing data without intentional corruptions. Notably, to challenge all com-
parisons, we introduce additional noises to the datasets that have already been
corrupted by poor lighting or arbitrary views. Such practice can be found in
previous work [22,26].

2 http://vasc.ri.cmu.edu/idb/html/face/.
3 http://aloi.science.uva.nl/.

http://vasc.ri.cmu.edu/idb/html/face/
http://aloi.science.uva.nl/
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4.2 Self-evaluation

In this section, we mainly testify if our low-rank dictionary D and locality pre-
serving term Z = [z1, · · · , zn] would facilitate our robust feature learning. Specif-
ically, we define the deep version of Eq.(2) as LAE (Auto-encoder with low-rank
dictionary) and deep version of Eq. (3) as L2AE (Auto-encoder with locality pre-
serving low-rank dictionary). For L2AE, we have two ways to learn Z, that is, we
set k1 = k2 = 5 for all cases in unsupervised fashion (L2AE-u), while we set k1, k2
as the size of each class for supervised fashion (L2AE-s). A four-layer scheme is
applied for all the comparisons for simplicity. We adopt corrupted COIL-100 and
ALOI, while both original and corrupted images of CMU-PIE to testify these
algorithms with the baseline, conventional AE [8]. The comparison results are
shown in Table 1, where COIL-100c means the 10 % corrupted COIL using 100
objects, PIE-1 and PIE-2 denote the two views cases {C02, C14}, {C02, C27}
with its 10 % corrupted versions PIE-1c and PIE-2c, respectively. ALOI-c rep-
resents the 10 % corrupted data.

From the results, we could observe that LAE outperforms the conventional
AE, that means jointly learning the low-rank dictionary could boost the deep
feature learning of auto-encoder. Furthermore, we witness that our robust AEs
with locality preserving low-rank dictionary could achieve better performance
than LAE and AE for both unsupervised and supervised settings. That is,
locality preserving property could generate more discriminative features for
classification.

4.3 Comparison Experiments

We mainly compare with (1) traditional feature extract methods: PCA [27], LDA
[28]; (2) low-rank based algorithms: RPCA+LDA [16], LatLRR [29], DLRD [22],
LRCS [18], SRRS [26]. Specifically, PCA, LDA, RPCA+LDA, LRCS and SRRS
belong to dimensionality reduction algorithms so that we search the optimal
dimensionality for each to report the performance. Besides, to further evaluate
the effectiveness of our algorithm, DAE [15] is adopted as the baseline. For our
algorithm, we have two modes, i.e., unsupervised mode (Ours-I), and supervised
mode (Ours-II). Specifically, we set parameters α = 102, λ = 10−2. For DAE
and our two modes, we apply a four-layer deep structure. For Ours-I, we set
k1 = k2 = 5 for all cases, while for Ours-II, we set k1, k2 as the size of each class.
We apply the nearest neighbor classifier (NNC) for all algorithms except DLRD
and show experimental results in Tables 2 and 3 and Fig. 4(a).

From Tables 2 and 3 and Fig. 4(a), we could observe our proposed algorithm in
two modes outperforms others in most cases, especially for the corruption cases.
In the corruption cases, our method has a significant improvement over others
on two datasets (about 7 % improvement on corrupted COIL dataset). All the
algorithms suffer from additional noises; however, ours can still achieve appeal-
ing performance (only 1–2 % performance degradation), which demonstrates the
superiority of our method against noises in feature learning.
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Table 2. Recognition results (%) of 9 algorithms on COIL-100 in different evalua-
tion sizes, from 20 to 100 objects, where C1 to C5 denote 20 objects to 100 objects,
respectively. Red color denotes the best recognition rates. Blue color denotes the second
best.

Original images

PCA LDA RPCA+LDADLRD LatLRR SRRS DAE Ours-I Ours-II

C186.42± 1.1181.83± 2.0383.26± 1.52 89.58± 1.0488.98± 0.8592.03 ± 1.2187.81± 1.4390.65± 1.34 92.63 ± 0.95

C283.75± 1.1277.08± 1.3678.39± 1.15 85.18± 1.1088.45± 0.6492.51 ± 0.6584.77± 1.2590.34± 1.12 92.21 ± 0.63

C381.01± 0.9266.96± 1.5268.93± 0.86 82.60± 1.0686.36± 0.5290.82 ± 0.4380.85± 0.6587.69± 0.82 89.83 ± 0.52

C480.53± 0.7859.34± 1.2260.73± 0.68 81.10± 0.5884.67± 0.7988.75 ± 0.7179.75± 0.6185.15± 0.60 88.96 ± 0.91

C582.75± 0.5952.29± 0.3056.44± 0.73 79.92± 0.9382.64± 0.6085.12 ± 0.3378.99± 0.4884.21± 0.69 86.02 ± 0.61

Corrupted images with 10% random noise

PCA LDA RPCA+LDADLRD LatLRR SRRS DAE Ours-I Ours-II

C171.43± 1.1247.77± 3.0649.35± 1.55 82.96± 1.8181.38± 1.2586.45± 1.12 82.37± 1.3789.77 ± 0.9490.72 ± 1.25

C270.22± 1.5645.89± 1.1253.26± 1.84 60.46± 0.7981.93± 0.9282.03± 1.31 81.13± 0.8389.52 ± 0.6690.98 ± 0.54

C369.80± 0.6536.42± 1.1244.18± 2.65 49.88± 0.4980.97± 0.4582.05± 0.87 79.61± 1.0286.97 ± 0.6289.21 ± 0.92

C467.84± 0.8327.13± 0.9529.92± 0.96 41.52± 0.7177.15± 0.7279.83± 0.62 76.23± 0.5984.57 ± 0.5287.33 ± 0.87

C565.68± 0.7616.79± 0.3423.55± 0.46 73.82± 0.7773.47± 0.6274.95± 0.65 72.15± 0.6083.64 ± 0.4485.86 ± 0.62

Table 3. Recognition results (%) on CMU-PIE face database, where P1: {C02, C14},
P2: {C02, C27}, P3: {C14, C27}, P4: {C05, C07, C29}, P5: {C05, C14, C29, C34}, P6:
{C02, C05, C14, C29, C31}. Red color denotes the best recognition rates. Blue color
denotes the second best.

Original images
PCA LDA RPCA+LDALatLRR SRRS LRCS DAE Ours-I Ours-II

P169.03± 0.0870.46± 0.0574.39± 0.08 77.92± 0.0378.27± 0.0487.78± 0.02 85.65± 0.1287.97 ± 0.0688.04 ± 0.08

P269.21± 0.0871.32± 0.0275.55± 0.12 76.24± 0.1278.74± 0.2386.67± 0.01 84.32± 0.0987.61 ± 0.0387.88 ± 0.06

P368.52± 0.1263.51± 0.7575.29± 0.09 75.29± 0.0777.45± 0.0287.38± 0.19 84.53± 0.0487.87 ± 0.0988.01 ± 0.06

P452.65± 0.0456.53± 0.0261.17± 0.12 69.74± 0.0571.44± 0.0374.84 ± 0.0471.87± 0.0974.08± 0.07 75.06 ± 0.13

P534.94± 0.0824.07± 0.2538.66± 0.08 42.54± 0.1238.86± 0.0244.48 ± 0.0342.32± 0.0744.42± 0.10 45.35 ± 0.09

P629.09± 0.017.06± 0.01 31.94± 0.12 35.33± 0.0430.16± 0.0236.17± 0.01 33.50± 0.0536.42 ± 0.0336.54 ± 0.04

Corrupted images with 10% random noise
PCA LDA RPCA+LDALatLRR SRRS LRCS DAE Ours-I Ours-II

P164.87± 0.3226.71± 0.2073.07± 0.11 73.10± 0.0772.27± 0.0578.98± 0.03 77.14± 0.1181.02 ± 0.0881.54 ± 0.07

P266.04± 0.0823.19± 0.3574.28± 0.12 73.24± 0.3272.74± 0.1878.67± 0.05 76.98± 0.0681.12 ± 0.0981.48 ± 0.10

P365.21± 0.0420.34± 0.7573.92± 0.12 73.85± 0.1271.45± 0.0878.38± 0.26 77.32± 0.0981.94 ± 0.1282.31 ± 0.08

P450.16± 0.0446.72± 0.0260.18± 0.14 58.94± 0.0954.32± 0.0365.84± 0.04 70.64± 0.0873.73 ± 0.0974.83 ± 0.12

P531.74± 0.086.67± 0.25 37.65± 0.09 39.26± 0.1232.34± 0.0239.48± 0.03 40.32± 0.0943.92 ± 0.0843.81 ± 0.09

P627.21± 0.014.06± 0.01 31.34± 0.06 32.07± 0.0329.03± 0.0232.57± 0.01 33.12± 0.0935.33 ± 0.0234.59 ± 0.07

In COIL dataset, we can observe that low-rank modeling based methods also
achieve very good results compared with DAE, although the latter adds additive
noises to train robust deep models. This demonstrates the robustness of low-rank
modeling against noisy data. In the CMU-PIE dataset, DAE could achieve very
similar performance to low-rank modeling based methods, in both supervised
and unsupervised fashions. Similar results can be found from ALOI dataset. On
CMU-PIE dataset, our algorithm cannot significantly improve the performance.
One reason is that the facial appearances under different views on CMU-PIE
dataset are very different. Considering additional illumination variations, this
raises a very challenging feature learning problem on real-world dataset. How-
ever, our algorithm could still achieve promising performance, even better than a
most recent multi-view learning method, LRCS. This further verifies the robust-
ness of our algorithm against noises from real world. Generally, our supervised
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Fig. 4. (a) Recognition results (%) of 9 algorithms on ALOI-300 in original and 10 %
corrupted cases. (b) Recognition rates of all comparisons on COIL database with dif-
ferent levels of noise. (c) Parameters analysis on α and λ. (d) The impact of layer size
to the recognition performance.

model outperforms unsupervised one in almost all the cases. This demonstrates
the importance of discriminative information in classification tasks.

4.4 Property Evaluation

In this section, we further evaluate several properties of our proposed algorithm,
e.g., robustness to noise, parameter influence and layer size impact, to achieve a
better understanding of the proposed model.

First of all, we evaluate the impacts of different corruption ratios to different
algorithms. We evaluate 0 %, 10 %, 20 %, 30 %, 40 %, and 50 % corruptions with
20 objects on COIL dataset, and report results in Fig. 4(b), where our algorithm
in two modes consistently outperforms other competitors. This demonstrates
that our proposed algorithm can build a more robust feature extractor, especially
for data with large corruption. Therefore, our algorithm could work efficiently
in real-world applications with various noise.
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Second, we conduct parameter analysis for our supervised model (Ours-II).
Specifically, we evaluate the balance parameter λ and α for the low-rank dic-
tionary and the graph terms, respectively. For better illustration, we jointly
evaluate two parameters on corrupted COIL dataset with all 100 objects. Para-
meter influence results are listed in Fig. 4(c). From the results, we can notice
larger value of α performs better especially when λ is small. Besides, we could
see that small λ around 10−2 performs better. That is, the graph regularizer is
more critical to our algorithm comparing to the low-rank constraint on dictio-
nary. Without loss of generality, we set α = 102 and λ = 10−2 throughout our
experiments.

Finally, we evaluate the impacts of layer size for Ours-II on corrupted COIL-
100 with different corruptions (10 %, 20 %, 30 %). From Fig. 4(d), we can notice
that our algorithm generally achieves better performance when the layer size
goes up. That is, discriminative information is hopefully recovered by our deep
encoding procedure. In other words, features would be refined from coarse to fine
in a multi-layer fashion. However, we also observe that a much deeper structure
would ruin the recognition performance. Therefore, in the experiments, we use
a four-layer structure to generate the evaluation features.

5 Conclusion

In this paper, we developed a novel Deep Robust Encoder framework guided
by a locality preserving low-rank dictionary learning scheme. Specifically, we
designed a low-rank dictionary to constrain the output of the deep auto-encoder
with corrupted input. In this way, the deep neural networks would generate
more robust features by detecting noise from the corrupted data. Moreover,
coefficient vectors zi were maintained through the networks so that each out-
put sample would be reconstructed by the most similar data samples in the
dictionary with different weights. Furthermore, graph regularizers were devel-
oped to couple each layer’s encoding to preserve more geometric structure. In
experiments, we achieved more effective features for classification and results on
several benchmarks demonstrated our method’s superiority over other methods.
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