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Abstract—Autoencoder, which learns latent representations
of samples in an unsupervised manner, has great potential in
computer vision and signal processing. However, the diversity of
samples makes learning a component autoencoder remaining a
challenging task. This letter proposes a novel Self-Paced AutoEncoder (SPAE) for unsupervised feature extraction. The motivation
behind this letter is to take samples gradually from simple to
complex into consideration during training, which is similar to
the mechanism of knowledge acquisition for humans. Under the
unsupervised learning framework constructed on the autoencoder
infrastructure, our SPAE first learns a weak autoencoder via
samples with small losses and, then, elevates itself to a relatively
strong autoencoder through samples with large losses. Then, the
SPAE is generalized to a temporal domain, resulting to temporal
SPAE (TSPAE), where the temporal information is explored and
exploited to improve the performance. Typically, a TSPAE is capable of compressing temporal sequences into temporal-independent
data. Experiments on the image classification and action
recognition demonstrate the effectiveness of SPAE and TSPAE.
Index Terms—Autoencoder (AE), self-paced learning (SPL),
temporal encoding (TE), video analysis.

I. INTRODUCTION
UTOENCODER (AE) [1], [2] plays a fundamental role in
unsupervised learning and signal processing. For a given
input, an AE aims to learn a latent feature representation that can
minimize the reconstruction loss. Recent years have witnessed a
great deal of successes in this direction, e.g., word representation
[3] and object detection [4]. The main advantage of AE lies in its
high generality since it can automatically learn to extract salient
patterns directly from the raw input, without any use of prior
knowledge.
In spite of its great successes in many tasks, however, AE has
difficulty in learning a latent representation directly, when the
training samples disperse in a latent space. In fact, it is much
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easier to learn simpler concepts first and then build higher level
ones on top of simpler ones [5]. Self-paced learning (SPL) [6]
is exactly such a learning regime. It is inspired by the learning
process of humans and animals that gradually proceeds from
easy to complex samples in training. SPL inherits from curriculum learning (CL) [7], in which a curriculum determines a
sequence of training samples that are ranked in ascending order
of learning difficulty. SPL has many applications such as image and video segmentation [8], domain adaption [9], mixture
of regression [10], multimedia retrieval [11], action recognition
[12], saliency detection [13], [14], and face identification [15].
With the former illustration in mind, the key point of AE is
how to deal with the relatively complicated samples, whereas
fortunately, SPL provides a feasible paradigm for dealing with
these samples. Therefore, this letter proposes to learn a capable
AE under the framework of SPL [i.e., Self-Paced AE (SPAE)].
Specifically, SPAE learns a latent feature representation that is
desired to reconstruct the input data. It assigns each sample
a weight to reflect its learnability. The sample weight, corresponding to the reconstruction loss, and the reconstruction loss
are jointly optimized. SPAE can also be extended to temporal domain, generating the temporal SPAE (TSPAE). Through
which, a temporal sequence can be condensed in a temporal
axis. The contributions of this letter are as follows.
1) An SPAE is proposed for feature extraction. Through
which, a “young” model is first learned via easy samples, and then, it is aggregated to a relatively “mature”
model via hard samples.
2) A surrogate Self-Paced regularizer (sSPr) is presented to
deal with the diversity of samples. Both the rationality of
sSPr and SPAE are thoroughly analyzed in theory.
3) A TSPAE is naturally proposed based upon SPAE. Within
TSPAE, it can learn latent representations that are temporal independent.
II. RELATED WORK AND MOTIVATION
SPL [6] defines a new machine learning paradigm based on
CL [7]. There are also contributions taking the merit of both CL
and SPL [13], [16]. Specifically, SPL learns easy samples first
and, then, adds complex samples to train by gradually increasing the age parameter. Formally, suppose the training dataset
is X = {(x1 , y 1 ), (x2 , y 2 ), . . . , (xn , y n )}, where xi ∈ Rm denotes the ith observed sample and y i ∈ {1, 2, . . . , K} represents
the corresponding label. Then, the loss between the ground
truth label y i and the predicted label g(xi ; θ)) can be defined as

i
i
i L(y , g(x ; θ))), where θ represents the parameter of model
g. SPL jointly learns the model parameter θ and a latent weight
variable v = [v 1 , v 2 , . . . , v n ] via
φ(θ, v) =

n


v i L(y i , g(xi ; θ)) + f (v i , λ).

i=1
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Herein, λ is the age parameter that controls the learning pace,
and f (v i , λ) represents the self-paced regularizer (SPr). When λ
is small, the model is young, and only easy samples with small
losses are considered. As λ increases, more samples will be taken
into consideration to construct a mature model. Equation (1)
can be solved via an alternating method. Different from the
former illustration, we mainly consider unsupervised feature
representation where y i = xi in this letter.
Temporal encoding (TE), e.g., max pooling and mean pooling,
is an essential part of temporal analysis. Specifically, for a given
sample xi1:t ∈ Rm ×t of temporal length t, TE is desired to learn a
transformation function ρ that encodes xi1:t into x̂i ∈ Rm , where
x̂i = ρ(xi1:t ; d) contains the compressed temporal information,
and d is the temporal weight that defines ρ. Dynamic image [17]
learns a novel TE strategy via minimizing

δ
2
ψ(d) = d2 +
max{0, 1 − S(p|d) + S(q|d)}.
2
t(t − 1) p> q
(2)
Herein, δ is a weight controller, S is a score function, and p, q
are two temporal moments. In fact, the core of TE is to learn
a temporal weight parameter to pool the temporal sequence
xi1:t into a single x̂i , thus, a learning-based strategy [18] can
automatically learn the best pooling weight configuration jointly
for each sample. Specifically, it can be formulated as follows:
ψ(d, θ, b) =

n


1
(1 − y i (θ T xi1:t d + b))+ + θ T θ.
2
i=1

(3)

Furthermore, motion image [19] generalizes TE utilizing a deep
temporal convolution network, and this can be regarded as a
deep nonlinear temporal weighting.
Our Motivation: With the former summarization of SPL and
TE, our motivations are as follows. First, motivated by SPL, we
aim to enhance the robustness of AE by learning easy samples
first and then complex samples. Second, a qualified TE method
should be reversible, and it holds that




ρ (ρ(xi1:t ; d); d ) = xi1:t


(4)


where ρ is the reverse operation of ρ defined by parameter d .
We expect to design a temporal AE that is competent to TE. The
rationality is that if a TE policy is reversible ((4) holds), then
there will not be any loss of temporal relevance. Therefore, the
condensed x̂ is capable of temporal related tasks.
III. SELF-PACED AE (SPAE)
A. SPAE Model
Different from the supervised strategy, in which the true label
is given, AE is unsupervised. For a given AE g defined by θ,
the essence is to minimize the reconstruction loss
n

φ(θ) =
L(xi , g(xi ; θ)).
(5)
i=1

Within the framework of SPAE, the weighted loss is minimized
together with an SPr f (v i , λ). Thus, the objective function of
SPAE can be formulated as follows:
n

φ(θ, v) =
v i L(xi , g(xi ; θ)) + f (v i , λ).
(6)
i=1

Here, v i is the sample loss and λ is the age parameter. For
simplicity, the reconstruction loss L(xi , g(xi ; θ)) is abbreviated
as li . Then, (6) can be written as follows:
φ(θ, v) =

n


v i li + f (v i , λ).

(7)

i=1

Without loss of comprehension, the superscript i can be omitted
for a specific sample xi , i.e., l = li and v = v i .
B. SPAE Regularizer
The SPr is vital to define a reasonable update policy of weight
controller v. Basically, an eligible SPr is desired to match the
requirements illustrated in Definition 1.
Definition 1 (SP-regularizer[11]): Suppose v, l, and λ are
the corresponding sample weight, sample loss, and age parameter, respectively, f (v; λ) is called an SPr, if following statements
holds:
1) f (v; λ) is convex with respect to v ∈ [0, 1];
2) v ∗ (l, λ) is monotonically decreasing with respect to l, and
liml→0 v ∗ (l, λ) = 1, liml→∞ v ∗ (l, λ) = 0;
3) v ∗ (l, λ) is monotonically increasing with respect to λ, and
limλ→0 v ∗ (l, λ) = 0, limλ→∞ v ∗ (l, λ) ≤ 1;
where v ∗ (l, λ) = arg minv ∈[0,1] vl + f (v; λ)
Under this definition, multiple SPrs have been constructed,
e.g., hard SPr [6], linear SPr [11], log SPr [11], mixture SPr
[20], and dynamic SPr [21]. Nevertheless, all of these SPrs are
diluted as the age parameter is increasing. In fact, the purpose of
constructing SPr is to depict sample weights more accurately.
Therefore, a capable SPr should have a horizontal intercept
when the training sample loss is small. For better dealing with
the extreme easy and hard samples, this letter proposes a simple
sSPr. The proposed SPr is defined as follows:
f (v; λ) =

λ 3
v − λv.
2×3

(8)

The rationality of (8) being an SPr can be proved as follows.
Proof: The first and second derivatives of (8) for v are
 ∂ f (v ,λ)
= 2λ v 2 − λ
∂v
.
(9)
2
∂ f (v ,λ)
= λv
∂2 v
2

The second derivative of (8) is ∂ ∂f 2(vv,λ) ≥ 0, and f (v; λ) is
convex with respect to v ∈ [0, 1]. Therefore, condition 1 of
Definition 1 holds.
With respect to v ∗ , it can be derived via
v ∗ (l, λ) = arg min vl + f (v; λ).
v ∈[0,1]

(10)

Taking the definition of f (v; λ) [i.e., (8)] into (10), (10) can be
written as follows:
v ∗ (l, λ) = arg min vl +
v ∈[0,1]

λ 3
v − λv.
2×3

(11)

λ
Suppose ϕ = vl + 2×3
v 3 − λv, then its first derivatives for v
can be formulated as follows:

λ
∂ϕ
= l + v 2 − λ = 0.
∂v
2

(12)
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where e indicates the number of epoch. As proofed in
Section III-B, (8) is convex to v; thus, (6) is convex to v.
Therefore, it holds that

Algorithm 1: Optimization of SPAE.

1
2
3
4
5

Input: X = {x1 , x2 , . . . , xn }, xi ∈ Rm .
Output: θ
Initialization: θ, v, λ μ;
while not converge do
Fix v, update θ via (14);
Fix θ, update λ and v via (16) and (13);
end

φ(θ e , ve ) ≤ φ(θ e , ve−1 ).

(18)

Consequently, SPAE converges to a stationary solution as
follows:
φ(θ e , ve ) ≤ φ(θ e−1 , ve−1 ).

The closed-form optimal solution for v can be obtained as
follows:
⎧
l < 2λ
⎪
⎨ 1,
1
(13)
v∗ =
2 − 2lλ 2 , 2λ ≤ l ≤ λ .
⎪
⎩
0,
l>λ
According to (13), the following conclusions can be drawn:
liml→0 v ∗ (l, λ) = 1, liml→∞ v ∗ (l, λ) = 0, limλ→0 v ∗ (l, λ) = 0,
and limλ→∞ v ∗ (l, λ) ≤ 1. As a result, the conditions 2 and 3 of
Definition 1 also hold.
Consequently, (8) is a rational SPr.


(19)


D. Temporal SPAE (TSPAE)
TSPAE is built on long short term memory (LSTM) AE [22],
through which, a temporal sequence x1:t ∈ Rm ×t can be encoded into a fixed length feature vector x̂ ∈ Rm . The basic
formulation of TSPAE can also be summarized as in (6). In addition, the major difference between SPAE and TSPAE lies in
the encoding–decoding strategy. To be specific, SPAE utilizes
spatial convolution or fully connected layers as g for spatial reconstruction, whereas TSPAE employs LSTM AE for temporal
reconstruction.
IV. EVALUATION

C. SPAE Optimization
There are two variables θ and v in (7) need optimization;
therefore, this letter adopts an alternating method to solve the
SPAE model. There are two steps named θ-step and v-step.
Each step optimizes one parameter by keeping the other fixed.
The optimization process is summarized in Algorithm 1.
θ-step: Solving θ by fixed v equals optimize a weighted
AE via
θ = arg min φ(θ, v) = arg min
θ

n


θ

v i L(xi , g(xi ; θ)). (14)

i=1

Equation (14) can be solved via back propagation. Specifically,
suppose φAE (θ) and φSPAE (θ) denote the typical loss of AE and
the weighted loss of SPAE, respectively; then, the following
formulation holds:
∂φSPAE
∂θ
∂φAE
= −η v
.
∂θ

Δθ = −η

(15)

Herein, η is the learning rate. The sample weight v indicates
taking different samples into consideration gradually.
v-step: The closed-form solution for v of a fixed θ has been
illustrated in (13). Generally, at each step, the age parameter λ
should be given. For simplicity, this letter updates λ according
to its original definition [21] via
λ = μλ

(16)

where μ is set to be 1.3 experimentally. By substituting (16) into
(13), the v-step can be solved. The following Proof demonstrates
the convergence of SPAE.
Proof: As is illustrated in early research works [11], [21],
(14) equals quadratic programming. Thus, the solution to θ is
the global optimum, i.e.,
φ(θ e , ve−1 ) ≤ φ(θ e−1 , ve−1 )

A. MNIST Example
For demonstrating the effectiveness of the proposed SPAE,
this section evaluates its performance on several variants of the
MNIST dataset [23]. Except for the basic MNIST dataset (mnistbasic), the variants includes MNIST with rotation (mnist-rot),
MNIST with random background (mnist-back-rand), MNIST
with image background (mnist-back-image), and MNIST with
both image background and rotation (mnist-rot-back-image).
All of these datasets consists of 12 000 training samples and
50 000 testing samples.
Table I presents the testing accuracy obtained by SVM, DBN,
NNet, SAA [23], AE, SDAE+Dropout [24], DDL [25], and
SPAE. For AE, SDAE, DDL, and SPAE, the encoded features are
obtained in an unsupervised manner, and the testing accuracy are
based upon these features utilizing a fully connected network.
Basically, SPAE outperforms these baseline methods and SPAE
is also superior to AE owing to the SPL paradigm.
Fig. 1 presents a comparison of linear SPr, logarithmic soft
SPr, mixture SPr, and the proposed sSPr on MNIST dataset and
its variants. Linear, logarithmic soft, and mixture SPr assign low
weights to some easy samples at the early stage, whereas there
is a cutoff in sSPr, which enables sSPr to assign weights large
enough to sample with loss less than the threshold (13).
B. Action Recognition
In order to illustrate the performance of TSPAE, this section conducts experiments on video-based action recognition.
The datasets in comparison includes Penn [26] and HMDB-51
[27]. Penn1 contains 2326 video sequences of 15 action classes,
whereas HMDB-512 is a more challenging dataset with 6849
videos divided into 51 human action classes.
Fig. 2 visualizes the embedded features of mean pooling,
max pooling, min pooling, random pooling, AE-LSTM [22],
1 http://dreamdragon.github.io/PennAction/

(17)

2 http://serre-lab.clps.brown.edu/resource/hmdb-a-large-human-motion-data
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TABLE I
TESTING ERROR ON MNIST AND ITS VARIANTS

Note: AE and SPAE are unsupervised; thus, the testing accuracy is slightly lower than supervised methods. When they are fine tuned (+ fine tune), they achieve the
best performance among methods in comparison.
The boldface values indicate the best performance.

Fig. 1. Testing accuracy versus epoch of MNIST and its variants with regard to various SPrs. The proposed sSPr is superior to other SPrs. (a) mnist-basic.
(b) mnist-rot. (c) mnist-back-image. (d) mnist-back-rand. (d) mnist-rot-back-image.

Fig. 2. Visualization of feature embedding on Penn dataset. (a) Mean—
72.26%. (b) Max—73.12%. (c) Min—69.09%. (d) Rand—71.42%. (e) AELSTM—73.04%. (f) TSPAE—73.79%.

Fig. 3. Testing accuracy on HMDB dataset with regard to various TE techniques. MDI-e is multiple dynamic images with end-to-end training, whereas
MDI-S is multiple dynamic images with SVM training. TSPAE performs the
best among the encoding methods in comparison.

V. CONCLUSION
and TSPAE. TSPAE is semantically separable than the other TE
techniques.
For better demonstrating the effectiveness of TSPAE, Fig. 3
gives a more intuitive comparison on HMDB. Specifically, multiple dynamic image (MDI) [17], TSN-Pool [28], and temporal
convolution layer [29] are compared, and TSPAE is superior to
other TE strategies.

This letter has proposed a new SPAE, which is inspired from
the learning paradigm of humans. A simple sSPr is introduced,
and its effectiveness has been demonstrated both theoretically
and experimentally. In addition, SPAE is extended to temporal
domain (i.e., TSPAE) for TE. Experiments on both toy tasks,
e.g., mnist and its variants, and complex tasks, e.g., action recognition, illustrated the superiority of SPAE and TSPAE.
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