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Abstract—Most existing approaches often utilize the pre-fixed structure and large number of labeled data for training complex

deep models, which are difficult to implement on incremental scenarios. As a matter of fact, real-world data is always in stream form.
Thereby, there exits two challenges for building incremental deep models: a) Capacity Scalability. The entire training data is not
available before learning the task. It is a challenge to make the deep model structure scale with streaming data for flexible model
evolution and faster convergence. b) Capacity Sustainability. The distribution streaming data usually changes in nature (concept drift),
thus it is necessary to update the model while preserving previous knowledge for overcoming the catastrophic forgetting. To this end,
we develop an incremental deep model (IDM), which expands the network structure according to streaming data and slows down
forgetting with the adaptive fisher regularization. However, IDM ignores another significant challenge with streaming data: c) Capacity
Demand. Training a deep model always needs a large amount of labeled data, whereas it is almost impossible to label all unlabeled
instances in real time. The core problem is to select a small number of the most discriminative instances to label while keeping the
predictive accuracy of the model. Thereby, we focus on the online semi-supervised learning scenario with abrupt changes in data
distribution, and further improve IDM to a cost-effective incremental deep model (CE-IDM), which can adaptively select the most
discriminative newly coming instances for query to reduce the manual labeling costs. Specifically, CE-IDM adopts a novel extensible
deep network structure by using an extra attention model for hidden layers. Based on the adaptive attention weights, CE-IDM develops
a novel instance selection criterion by jointly estimating unlabeled instances’ representative and informative degree to satisfy the
capacity demand. With the newly labeled instances, CE-IDM can quickly update the model with adaptive depth from streaming data
and enable capacity scalability. Also, we address capacity sustainability by exploiting the attention based fisher information matrix,
which can slow down the forgetting in consequence. Finally, CE-IDM can deal with the three capacity challenges methioned above in
a unified framework. We conduct extensive experiments on real-world data and show that CE-IDM outperforms the state-of-the-art

methods with a substantial margin.

Index Terms—Incremental deep learning, active sampling, capacity scalability, capacity sustainability, capacity demand
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1 INTRODUCTION

OWADAYS, a large amount of streaming data, such as

traffic flows, sensor data, and query logs, has been
accumulated in many application scenarios. As a result,
there is a critical need for developing incremental learning
methods [1]. Indeed, tremendous efforts have been made in
different application domains, such as incremental recom-
mendation [2], demand prediction [3], and graph match-
ing [4]. However, most existing incremental learning
methods are in shallow structures (e.g., linear or kernel) [5],
[6], which are not designed to learn complex nonlinear func-
tions. As we know, deep learning techniques have achieved
a wide range of successes with powerful nonlinear models,
such as recommendation [7], [8], article analysis [9], and
semantic representation [10]. However, existing deep mod-
els always require entire training data and are not designed
for incremental learning tasks. Therefore, there is a need to
perform Incremental Deep Learning (IDL).

A direct way to do IDL is applying the standard backpro-
pagation training for the pre-fixed model. Such an approach
is simple but has several limitations, particularly for solving
the model capacity issue. Different from off-line learning
that requires the entire training data available in prior,
incremental learning manages to optimize classifiers over
the streaming data. Thereby IDL requires the models to
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Fig. 1. Performance measure (Loss versus Accuracy) with different net-
work structures on CIFAR-10. (a) Network with 18 layers (ResNet18);
(b) network with 34 layers (ResNet34).

have flexible structures, which can scale with the streaming
data for convergence and performance improvement. As
shown in Fig. 1, the learning process will converge slowly if
the model is too complex, while the capacity is restricted if
the model is simple. We define this challenge as “Capacity
Scalability”. Furthermore, it is notable that streaming data is
always evolving in nature, ie. the joint distribution
between the input feature and the ground truth will change
as the concept drift [11]. If we ignore the distribution
change, the performance of previous distribution will dra-
matically drop down with the catastrophic forgetting phe-
nomenon [12]. E.g., Fig. 2 indicates that the knowledge
learned from the previous distribution (X;) will be lost
when information relevant to the current distribution (X5)
is incorporated. We define this challenge as “Capacity Sus-
tainability”. However, previous IDL methods rarely con-
sider this crucial problem. Recently, fisher information
matrix is introduced to prevent this problem [13], [14], [15],
whereas these methods concentrate on the life-long multi-
task learning with the obvious task conversion, i.e., signifi-
cant category changes occur in different tasks. Moreover,
these methods ignore that the importance of different parts
in the fisher information matrix is also adapting with the
evolution of model structure.

Another nonnegligible challenge is that training IDL
models first needs to label all the streaming unlabeled data,
whereas it is almost impossible to label them all in real time.
A direct approach is to store this data in an off-line form,
manually label them, and then update the model. But this is
costly when fast model update is required to cope with
stream mining demands, and contrary to the basic assump-
tion of incremental learning. Therefore, an effective method
is to select a small number of the most discriminative
instances for labeling while keeping the predictive accuracy.
This challenge can be defined as the “Capacity Demand”, and
can be solved by active sampling. Traditional active learn-
ing is designed for reducing the labeling cost [16], [17],
which tries to train an effective model with less queries to
reduce the overall cost. There are two mainly criteria for
active selecting in previous methods [18], [19], [20]: 1) Infor-
mativeness, which measures the ability of an instance in
reducing the uncertainty [21], [22]; and 2) Representative-
ness, which measures the representation of an instance to
the overall input patterns [23]. However, previous active
sampling strategies are usually based on static environment
with all the previous data, which is difficult to apply in
stream selection directly.
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Fig. 2. Catastrophic forgetting phenomenon. In detail, we construct 4
stages from MNIST dataset, and remove 1/4 part from the images (X;
with top left part removed, X, with top right part removed, X3 with bottom
left part removed, X, with bottom right removed), which is submitted to
the concept drift scenario [24]. The results reveal that with the streaming
data, the previous stages will appear forgetting, as the accuracy is
decreasing for both shallow and deep models.

These three problems are always co-existing, and impose
challenges to develop IDL models. In this paper, we focus
on the online semi-supervised learning scenario with abrupt
changes in data distribution, i.e., we receive the semi-super-
vised streaming data, and drift may happen suddenly/
abruptly by switching from one concept to another. To this
end, we design the “Cost-Effective Incremental Deep Mod-
el” (CE-IDM), a novel adaptable deep model that can han-
dle three capacity challenges in one unified framework
naturally. In detail, first, CE-IDM can evolve from a shallow
network (fast convergence) to deep model (large capacity)
with the streaming data by combing a novel adaptive atten-
tion network, which highlights the importance of each hid-
den layer gradually, and CE-IDM is knowledgeable about
the past and present data distribution with the adaptive
fisher regularization. Second, CE-IDM designs an adaptive
instance selection criterion by jointly considering the infor-
mativeness and representativeness, which can satisfy the
capacity demand of streaming data and reduce the labeling
cost.

2 RELATED WORK

Incremental modeling aims to update the models from data
stream sequentially, and has achieved many successes in
both application and theory [25], [26]. As a matter of fact,
incremental deep learning can directly adopt online back-
propagation, yet with many drawbacks, e.g., convergence
limitation (gradient vanishing and diminishing feature
reuse) [27]. Thus, Lee ef al. proposed a dual memory archi-
tecture to process slow-changing global patterns [28]; Zhou
et al. proposed an incremental feature learning algorithm to
determine the optimal model complexity based on the auto-
encoder [29]. The most relevant work to our approach
is [27], which proposes a novel framework for deep model
in the incremental setting, and adapts the model capacity
from simple to complex incrementally. However, the crucial
parameters of the proposed Hedge Backpropagation (HBP),
i.e., the weights for adapting the depth, are defined sepa-
rately and tuned difficultly.

Concept drift caused by the distribution evolution is a
well-recognized research direction in incremental learn-
ing [11], [30]. Previous methods can be divided into three
categories: sliding window based approach [31], evolving
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based approach [32], and ensemble based approach [33].
However, these methods ignore an important phenomenon
in incremental learning, catastrophic forgetting, which is
the tendency of losing the learned knowledge from previous
distribution. To mitigate the catastrophic forgetting, there
are many attempts, including ensemble methods combining
multiple classifiers for final prediction [34], rehearsal meth-
ods mixing data from earlier sessions [35], dual-memory
models storing memories in two distinct neural net-
works [35], and sparse-coding methods reducing the for-
getting by learning sparse representation [36]. Readers can
refer to the introduction for further information [37].
Recently, many researches concentrate on utilizing the
fisher information matrix as regularization and have
achieved excellent performance. E.g., Kirkpatrick et al. pro-
posed the elastic weight consolidation to reduce cata-
strophic forgetting in artificial neural networks [13]. Lee
et al. proposed to incrementally match the moment of the
posterior distribution of the neural network [15]. Lee et al.
dynamically decided the network capacity for lifelong
learning [38]. Nevertheless, these methods are designed for
multi-task learning, they require clear task segmentation,
and can not be directly applied to the concept drift setting.

Therefore, in the conference version, we developed an
incremental deep model (IDM), which adopts an extra
attention model to learn deep models with adaptive depth,
and further exploits the attention based fisher information
matrix to mitigate the forgetting. It is notable that IDM
belongs to the supervised learning, since it requires all streaming
data to be labeled. However, it is almost impossible to label all
unlabeled streaming instances in real time. Thereby, in this
manuscript, we combine a novel incremental active sampling
method and IDM into a unified DIL framework, and proposed the
cost-effective incremental deep model (CE-IDM). The most pop-
ular approach for reducing the labeling cost is probably the
active learning. Classical approaches include random sam-
pling, uncertainty sampling [39], [40], query-by-commit-
tee [41], hierarchical sampling [42] and so on. The main
weaknesses of these approaches are the low quality of data
structure. To solve this problem, methods combing informa-
tiveness and representativeness measures are designed for
finding the optimal query instances. E.g., Donmez et al. pro-
posed a dual strategy for active learning that exploits both
measures [43], Huang et al. utilized model capacity degree
to actively adapt a pre-trained model with less labeled
examples [44]. However, considering the data storage and
concept drift, these off-line algorithms are unsuitable for
incremental learning scenario.

3 PROPOSED METHOD

3.1 Notations

In this paper, we solve the problems of incremental deep
model training considering concept drift with the semi-
supervised streaming data. Specifically, our goal is to learn
an adaptive model f: R? — R¥ for the specific task with
sequence instances. D = {D;,Ds,...,D;,...,Dr} denotes
streaming data with unbounded 7T, where the ¢t—th stage
comes with training data D; = {X}, X"}, in which X! =

N b Ni,+Ny, .
{Xt‘i,y”}i:tll and X; = {th} b L Nt]/Ntu(Ntl <<Ntu) 1S
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Fig. 3. lllustration of the proposed CE-IDM framework. The framework
can be divided into two steps: (1) Active Sampling. The streaming data
include labeled and unlabeled data, and the unlabeled data can be fur-
ther divided into selected and unselected parts by the designed sampling
technique. (2) Training and Update. Newly labeled examples and exist-
ing labeled examples are used to update the IDM model, and all the
unlabeled data is applied to adaptively update the class center represen-
tation for using in the next stage.

the number of labeled /unlabeled data, N; = N;, + Ny, is the
number of examples in stage ¢. Without any loss of general-
ity, the size of D; is set manually, e.g., a fixed time window
data, a fixed number of data. x € R? is a d-dimensional
instance representation, y € {0,1}", and K is the number of
classes. Without any loss of generality, we focus on abrupt
drift in this paper.

3.2 The Framework and Definition

As shown in Fig. 3, the raw streaming data includes limited
amount of labeled data and large number of unlabeled data.
The limited amount of labeled data is not enough to train
the IDM, so we need to additionally label the unlabeled
data. Therefore, CE-IDM is specifically divided into two
steps: first, we set a fixed data size to collect streaming data,
and adopt incremental active sampling to sample the most
discriminative unlabeled instances for labeling. Then, with
the newly labeled examples and existing coming labeled
data, we incrementally train the deep model (e.g., the IDM
approach [45] in the conference version) considering both
the scalability and sustainability. Additionally, we define
several important definitions used in this paper:

Definition 1 Incremental Deep Model. In the incremental
scenarios, the new data arrive sequentially in a stream form,
which is not scalable for traditional deep neural networks train-
ing that requires the entire training data in prior [27]. There-
fore, incremental deep model learns deep networks on the fly in
an incremental setting with the streaming data. The main chal-
lenge of stream model is the capacity scalability, i.e., how to
make the deep model structure scaling with streaming data for
flexible model evolution and faster convergence.

Definition 2 Classification Task on Streams. In the incre-
mental scenarios, the model is dynamically trained, Therefore,
classification task on streams aims to train an effective predictor
without storing previous data for retraining. The main chal-
lenge is the capacity sustainability, i.e., we update the model
while preserving previous knowledge for mitigating the cata-
strophic forgetting caused by the concept drift.

Definition 3 Labeling Task on Streams. Unlabeled stream-
ing data always require huge manual annotations to train a
deep model, which is costly. Thereby, the labeling task on
streams adaptively selects the most discriminative newly com-
ing instances to query ground-truths for follow-up training,

WL . b JI =Ny +17. ! .
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Fig. 4. lllustration of the IDM. Specifically, with the streaming data, we
build independent classifiers for the hidden layers, and utilize an extra
attention model to calculate the attention weights for final ensemble.
Meanwhile, we also integrate the weights with fisher information matrix
as the adaptive regularization for relieving forgetting.

the challenge of incremental active sampling is to design an
effective criterion considering the data storage and concept
drift.

These three co-existing concepts also correspond to those
proposed challenges: “ Capacity Scalability”, “Capacity Sus-
tainability”, and “Capacity Demand”.

3.3 Hierarchical Attention Mechanism

Inspired by [27], our method fixes the overall structure of
the deep model f in prior, but we adopt an additional atten-
tion network to incrementally use the network structure
(i.e., the depth L) from shallow to deep over time. Specifi-
cally, previous deep networks are always designed to opti-
mize the loss function based on the output obtained from
the deepest layer. However, in the incremental setting, dif-
ferent depths are suitable for different numbers of instan-
ces [27], i.e., shallow network convergences fast, while with
restricted learning capacity. Correspondingly, deep net-
work is with larger capacity, yet the learning process con-
verges slowly. Therefore, we fix the overall structure of the
network in advance (i.e., the number L and the number of
nodes in each layer in Fig. 4 do not change over time), but
use the additional attention network to adaptively learn the
importance of each hidden layer in the deep network at dif-
ferent time periods, thereby gradually change the network
structure from shallow to deep over time.

Without any loss of generality, the deep neural network
is with L hidden layers, i.e., fully connected network is with
L fully connected layers, CNN is with L hidden blocks, and
L is set manually. The attention weight for each hidden
layer can be represented as:

o) = g(h1)7 (1

where h; denotes the —th hidden layer feature representa-
tions, and g(-) is a shallow neural network (i.e., fully con-
nected network) to calculate the weights for each output of
hidden layers, which aims to discover the relationships
among hierarchical classifiers. At the end of every round,
the weights «; are normalized as ), oy = 1.
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3.4 Cost-Effective Active Sampling

In this section, we focus on querying labels for a small batch
of instances selected from the incremental unlabeled set,
i.e., the unlabeled instances of stage ¢, Xf“. Informativeness
measures the ability of an instance in reducing the uncer-
tainty of a statistical model, and representativeness meas-
ures whether an instance well represents the overall input
patterns of unlabeled data [16], [23]. After querying the
labels, selected instances are combined to update the neural
network.

Representativeness Degree. Representativeness aims to
exploit the evolving of feature transformation pattern,
thus instances capturing the property of current distribu-
tion should be used. Inspired from [44], we can define
the representative degree as the describing capacity of
the model learning an instance with the class landmark.
In detail, we utilize the embedding x; = 37" | ayh; as the
final representation of an instance x;; from t—th time.
Then we define:

_t 112
% — x4l
xP, — gL
Doy — | 1%l | o
-
”X{‘,),i - XTR”

where X! represents the k—th class center on tth stage,

D(x;;) can be regarded as the transformation pattern of x;;.
Then we can also approximate the transformation pattern
by a weighted linear combination of class center. Formally,
the transformation pattern can be defined as:

K
D(xi;) =Y Bi(xei) D(xs), ®3)
k=1
where B, (x;;) is the weight corresponding to the k—th
class. Here we can define it as the prediction of current
model, i.e., B(x:i) = p(klx¢;). D(x¢;) in Eq. (2) indicates
the distance between the instance x;; and different class
centers, and DA(XM) denotes the weighted linear combina-
tion of the structure pattern of each representative center
by taking all the other centers as landmarks. Therefore,
D(x;,;) denotes the observed structure pattern and D(x;)
represents the approximated structure pattern by employ-
ing the prediction probability. The difference between
these two patterns reflects the potential contribution of the
instance with regard to the representation learning, which
can be used to estimate the representativeness of instance
X¢;. There are various ways to estimate the difference
between D(x;;) and D(x, ;). Inspired from [44], the relative
rank correlation is more important than the exact value
comparison, thereby we employ the Kendall’s tau coeffi-
cient [46] to estimate the difference. Finally, the definition
of representativeness is:

1 — 7(D(x¢), D(x.)) . ()
2

R(xt,i) =

On the other hand, with the streaming data, the class cen-
ter should be adaptively updated with respect to the coming
instances:
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" M, %! +Z] | xszk —I-Zl ! lthk
Xk‘ -
: M1 5 + | XoA] ()

Zy, = arg m}?X(p(ngi))a

where M, 1, is the accumulated instance number of k—th
class. | - | denotes the set size, 2, is 1 if j—th instance belongs
to k—th class, otherwise is 0, and 2, is the weight of i—th
unlabeled instance for the class with highest probability.

Informativeness Degree. Informativeness always estimates
the uncertainty of prediction with the current model. We
directly utilize the entropy here, the uncertainty of x is
defined as:

K
Ulxei) = = Y fe(xi)log fi(xe:), (6)
k=1

where f;, is the current model and f;(x) is the probability of
x belongs to class k.

Trade-Off. As discussed above, the representativeness
measures contribution of an instance to improve representa-
tion learning, while the informativeness measures contribu-
tion to improve the classifier. To select the most discriminative
instances for better adaptation of the network, we should con-
sider these two criteria simultaneously:

score(x;) = yU(x;) + (1 — y)R(x;), ()

where we should select the instance with higher score(x).
Different from traditional active sampling methods that
require all the data to calculate the representativeness, CE-
IDM first represents the instance with weighted hidden
layer output considering the representation capabilities of
different hidden layers in various periods. And it adap-
tively updates the class center according to the streaming
data without storing the previous data. The details are
shown in Algorithm 1.

Algorithm 1. The Pseudo Code of Sampling

o Input:

o D, ={X/, X;?} X! = {(x1s, y”) 1} is the labeled data,

X = {(x Xt5); t\{ J:]} is the unlabeled data.

e Parameter: y

¢ Output:

e Queried data from unlabeled data: X'*

Receive D,

fori= Ntl +1— Ntl + Ntu do
Calculate the Representativeness degree R(x;) < Eq. (4);
Calculate the Informativeness degree U(x;) — Eq. (6);
Calculate the score(x;) < Eq. (7);

end for

Select the instances X}* with high score for querying;

Update class center according to Eq. (5).

3.5 Evolutive Deep Network

Wlth the newly labeled data X|* and existing labeled data
X!, we aim to update the model f. Following [27], our
method uses an additional attention network to adopt the
fixed network structure incrementally from shallow to deep
over time. In detail, different from the original network

3579

using the final feature representation h;, for prediction, in
IDM, as shown in Fig. 4, the final prediction is a weighted
combination of outputs learned using middle hidden layer
feature representations from {hy,hs,...,hr}. Following is
the prediction function using attention based pooling;:

L
x)=> af
=

f1 = softmaz(h0;) vi=1,2,...,L
where f; is the classifier using [th hidden layer feature rep-
resentations f;, and O, is the parameters for f;. At the end of
every round, the weights « = {o1, ..., } are normalized
as Y a; = 1. Therefore, the loss is:

L
=4 (Z o fi(x), Y> ) (€)
=)

the loss function can be any convex function here, and we
utilize the cross-entropy loss for simplicity. During the
incremental learning procedure, we need to learn the
9(+), 0;, and W, in which W} is the parameters for learning
h;. Different from the original backpropagation, the error
derivatives are backpropagated from the last output layer.
In Eq. (9), the error derivatives are backpropagated from
each classifier f;, ie., W™ «— W} — nVi bi(X1 jaufi(x),y).
We compute the gradlent of the fmal prediction with respect
to the parameters of each layer. Note that the summation
can be started at [ = j in deep network, because the shal-
lower blocks can be regarded as the basic feature extraction.
Consequently, with the intuition that shallow models con-
verge faster than deep models [47], the attention mechanism
will concentrate on the shallower layers with larger «; at the
initial stage, while with the increase of data, larger «; is
learned for deeper layers, which conforms to the capacity
scalability. Consequently, attention mechanism provides an
effective approach to learn the optimal network depth auto-
matically in sequence.

®)

Loss;(f(x),y)

3.6 Weighted Fisher Regularization

In the model update process, we also aim to mitigate the
problem of forgetting the knowledge from previous distribu-
tions. Without any loss of generality, as introduced in [13],
Fy is the “Empirical Fisher Information Matrix” [48], [49] ;%t 0,
which can be defined as: Fy = Exp [(%ﬁy‘x)%ﬁy‘x) )
where D is the instance domain, and py(y|x) denotes the pre-
diction. It is notable that log-likelihood logpy(y|x) is the
same as negative of cross-entropy loss function in deep
model for simplicity. Therefore, F; can be seen as the
expected loss of gradient covariance matrix.

Fy has three key properties [49]: 1) equivalent to the sec-
ond derivative of the loss near a minimum; 2) can be com-
puted from first-order derivatives alone, and thus is easy
for large models; and 3) guarantee to be positive semi-defi-
nite. On the other hand, let Dk (ps||pg; o) be the KL-diver-
gence [50] between the conditional likelihood of the model
at 0 and 0 + AG, when A6 — 0, it can be found that the sec-
ond-order Taylor approximation of KL-divergence can be
written as  Dgr(ps|po;ng) = 300" Fy A0, which is also
equivalent to the computing dlstance in a Riemannian man-
ifold [51]. Since Fy € R%*d% and d, are usually with millions
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for neural networks, it is practically infeasible to store Fj. To
handle this problem, according to [13], we assume parame-
ters to be independent from each other (only using the diag-
onal parameters of Fy), which results in the following
approximation:

)‘ sk 2
Loss = Loss; + 52: Fp (8 —6,1,)" (10)

where Loss, is the loss for t—th stage only, 6;, is the i—th
entry of ¢ at stage ¢, 0, , is the optimal parameters on last
stage, and A denotes the trade-off parameter. It is notable
that the fisher regularization will keep the important param-
eters (with large value in Fy) close to the learned parameters
of previous stage. We can optimize the loss to update the
model for new distribution data.

We study the setting of abrupt concept drift, in which the
distribution of instances will not change drastically in a
transitory stage X;, but changes drastically between stages.
E.g., users’ interest will not change in a short time when fol-
lowing an online news stream, but changes drastically
when sensational news appeared. Furthermore, even in
more complicated situations, we can adopt the drift detec-
tion algorithm to split the data stream into epochs ensuring
the smooth of underlying distribution. Thus, we regularize
over the conditional likelihood distribution py(y|x) of every
stage using the fisher information matrix, as Eq. (10), for for-
getting measure. Intuitively, Fy facilitates the network to
learn parameters such that considering both new and previ-
ous distributions.

However, Eq. (10) only considers the fisher information
matrix of the last stage, and neglects all previous stages.
Thus there still exists interval forgetting, the problem can be
solved either with multiple separate penalties, or with the
sum of quadratic penalties over different stages. While in
incremental setting, the network structure evolves with the
attention mechanism, in other words, different layers of net-
work weight differently. Similarly, different parts of the
fisher information matrix have various importance in
sequential stages. Therefore, to incrementally match the
posterior distribution of the neural network trained on all
stages, we embed the attention weights to the correspond-
ing parameters of fisher regularization, and the adaptive
regularization can be represented as following;:

1 & .
R= TZ Zat*l © F9t—1[ (gti - gt—li)gv (11)
t=2 i

where o; = [011, 049, .. ,at‘L]T, ©® means multiplying the o
to parameters of corresponding layer in the fisher informa-
tion matrix. This continuous averaging leads to less influ-
ence from previous stages.

3.7 The Overall Objective

Therefore, we can address the incremental deep model
(IDM) in a novel unified framework. IDM ingeniously illus-
trates both the capacity scalability and sustainability prob-
lems in design, i.e., attention based model expansion for
capacity scalability, and weighted fisher regularization for
capacity sustainability. Combing both Egs. (9) and (11) com-
prehensively, the whole loss function can be represented as:
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L T
A
Loss = 4, <Z alfl(x)v Y> + Tzat—l O] FQH (‘91‘ - 9:—1)2~
=1 t=1
12)

In summary, IDM adopts an additional shallow network
to learn the attention weights for classifiers built by middle
hidden layers, then fuses the multiple weighted hidden
classifiers for the final prediction. Besides, we embed the
learned attention weights to the corresponding elements in
the fisher information matrix, which matches the moments
of overall posterior distributions in an incremental way.
Basically, IDM consists of two modules: 1) Capacity scal-
ability by evolutive deep network: IDM builds the adaptive
model with extra attention weights for the hidden layers.
Thus, we can exploit the shallow networks at the initial
stage, and the deep representations at later stages. 2) Capac-
ity sustainability by weighted fisher regularization: IDM
embeds hierarchical attention weights into fisher informa-
tion matrix of different stages, which aims to match the the
posterior distribution on all stages incrementally. The
details are presented in Algorithm 2.

Algorithm 2. The Pseudo Code of CE-IDM

o Input:
e Data Stream: D= {D;,Ds,...,Dy,...,Dr}, where D, =
{X;’QX,%“}, X:l:{(xf,thym)f\g} is the labeled data, X! =

Ny +Np,
{(x, ])l;’\t I 1} is the unlabeled data.

e Parameter: A\, Learning rate parameter: n
e Output:
¢ Deep network without forgetting: f

1: fort=1—Tdo

2:  Receive D;

3:  Sampling X}* for query according to Algorithm 1;
4:  while stop condition is not triggered do

5: Calculate the o; < Eq. (8);

6: Calculate the F;_q;

7 Calculate the loss Loss « Eq. (12);

8: Obtain the derivative % , % , % ;

9: Update parameters o, ©;, Wy; '

10:  end while
11: end for

4 EXPERIMENTS AND DISCUSSION

In this section, we validate the effectiveness of the proposed
CE-IDM approach. We first compare CE-IDM on synthetic
and public image datasets as benchmarks, then present the
assessment on real-world incremental datasets.

4.1 Datasets and Configurations

We first experiment on one synthetic (Hyperplane [52]) and
two constructed image incremental datasets (Incremental
MNIST [53], Incremental CIFAR10 [54]), then give the analysis
on three real-world datasets, i.e., action recognition (Incre-
mental UCF101) [55], Weather (Wea) [56] and Electricity
(Elec) [57]. All the datasets are streaming data with concept
drift as [11]. More details of dataset descriptions refer to the
supplementary, which can be found on the Computer Soci-
ety Digital Library at http://doi.ieeecomputersociety.org/
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10.1109/TKDE.2021.3132622. For synthetic and UCF101
datasets, we randomly sample 30% of the examples at each
stage for testing, and the remaining part for training. MNIST,
CIFAR10, Weather, and Electricity datasets have standard
testing sets. Furthermore, for all datasets, 30% of the training
data in each stage is used as labeled data and the rest as unla-
beled data. Finally, 5 criteria, i.e., average Accuracy, average
Precision, average Recall, average F1, and average AUC are
taken to measure the performance. E.g., let acc;, ; be the accu-
racy evaluated on the hold-out set of the j—th stage (j < k),
after training the network incrementally from stage 1 to k,
the average accuracy at stage k is defined as: A; =
%Z?:l acci.; [14], higher A, represents for better classifier.
Similar method is used to calculate other criteria. We set the
number of instances actively selected by each stage as
{1000, 2000, 3000, 4000, 5000, 6000} and record the corre-
sponding performance. To validate the capacity scalability,
we calculate the evolution of parameter «. Moreover, to vali-
date the capacity sustainability, we calculate the perfor-
mance about forgetting profile of different learning

algorithms as [14] %, A* is the optimal accuracy with

the entire data. T / | indicates the larger/smaller the better.

4.2 Compared Methods

Considering CE-IDM is related to the deep incremental
learning with concept drift and active sampling, we first
compare it with several active learning methods to validate
the effectiveness: 1) Baseline, 2) Cluster, 3) Random, 4) Mar-
gin, and 5) ADMA. Furthermore, with the newly labeled
data, we compare our model with several state-of-the-art
incremental methods, ie., DNN-SGD, Adwin-b [58],
EFDT [59], and ODLD [27], note that EFDT and ODLD are
both incremental ensemble methods. Besides, in our experi-
ments, IDM can be degenerated into catastrophic forgetting
setting, therefore, we also compare our method with several
modified forgetting methods, ie., DNN-Base, DNN-L2,
DNN-EWC [13], IMM [15], and DEN [38], in which each
stage is regarded as a task. More details of comparison
methods refer to the supplementary, available online.

In conclusion, we first verify the effectiveness of pro-
posed active sample selection criterion. In this step, we con-
sider IDM as a black box model, operate Eq. (7) and
comparison methods to select instances. On the other hand,
since previous incremental methods leave the unlabeled
data without consideration, we experiment on two settings:
1) using the newly labeled data selected by the best method
from three active learning comparison methods (the results
can refer to the supplementary, available online); and 2)
using the criteria presented in this paper. Consequently,
these two settings can validate the effectiveness of CE-IDM
by comparing incremental methods with different sampling
techniques.

4.3 Implementations

The target of CE-IDM is to train the deep model f. In detail,
we employ CNN architecture, i.e., Resnet [60], for CIFAR10
and UCF101 datasets, and adopt five fully connected net-
work structure as base model for remaining datasets. The
images are randomly flipped before passing into the net-
work and no other data augmentation method is utilized.
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For active sampling, similar to the traditional off-line active
learning methods [39], [40], [44], the sample size is a hyper-
parameter that needs to be manually set in prior. The
parameter y = 0.8, and A tuned in {1,10,100,1000}. The
base learning rate is set to 0.001 and optimized with Adam.
When the variation between the objective values of Eq. (12)
is less than 107° in iterations, we consider CE-IDM con-
verges. We run the following experiments with the imple-
mentation of an environment on NVIDIA K80 GPUs server.

4.4 Capacity Demand

In this section, we will verify the effectiveness of the pro-
posed cost-effective active sampling. In detail, we conduct
two settings of experiments: 1) The number of selected data
is fixed as 1000 per stage; and 2) The number of selected
data changes in {1000,2000,3000,4000,5000,6000} per
stage. In these two settings, we utilize IDM as black box
model, and record the prediction performance after training
the model combing queried and labeled data

Table 1 records the performance after selecting 1000 sam-
ples per stage. The results reveal that our selected criteria
are much better than comparison methods on almost all per-
formance measures, except Average Recall on CIFAR10.
This shows that our method can select the most discrimina-
tive instance of each stage by considering both representa-
tiveness and informativeness.

Moreover, Fig. 5 plots accuracy curves of each stage with
the increasing of queried number. Considering the page
limitation, we only show the results of CIFAR10 and MNIST
datasets. The blue dotted line is the prediction result by
labeling full amount of unlabeled instances (i.e., the best
performance with all unlabeled data labeled). The results
show that the performance of our method increases faster
than comparison methods on different stages, this reveals
the effectiveness of our proposed selection method. It is
notable that active sampling methods (i.e., Margin and
ADMA) are better than Random and Cluster methods on
most performance measures, and this is because compre-
hensive consideration of prediction and structure.

4.5 Sampling Case Study

We further examine whether the query results that well
match discriminative instances should be preferred: 1)
Active sampling visualization of current stage. We visualize
output feature representation of selected instance in each
stage, i.e., x?, via t-SNE [61]. 2) Active sampling examples of
accumulative stages. We visualize output feature represen-
tation of the instances sampled so far via t-SNE. Due to
page limitation, we only give the case study on CIFAR10
dataset as a representation. Fig. 6 records the t-SNE queried
result of CE-IDM and random sampling, in which (Satge —
k) denotes the k—th stage. Red points represents the queried
instances. Obviously, the queried instances of CE-IDM have
biased distributions, which are more discriminative than
random sampling with a uniform distribution.

We conduct more experiments to analyze the sample
bias: we give the visualization of queried instances and pre-
vious data. Two diagrams in Fig. 7 record the results of dif-
ferent stages, and validate that the queried instances of CE-
IDM have a biased distribution, which are away from the
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TABLE 1
Comparison Results of CE-IDM With Other Sampling Methods

Methods Average Accuracy | Average Precision |

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR10 UCF101 Wea Elec
Cluster 617 .810 629 .828 719 774 617 .810 629 .829 712 768
Random 611 814 632 .839 713 762 611 813 631 .837 708 755
Margin 607 818 632 .846 705 769 607 816 633 .839 704 762
ADMA 633 815 641 .844 726 782 633 813 641 .838 719 779
CE-IDM .666 .834 .645 .882 747 795 .666 .833 .644 .877 739 .790
Methods Average Recall | Average F1 |

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR10 UCF101 Wea Elec
Cluster .620 .838 659 .828 720 776 615 .801 632 .788 719 773
Random 612 .845 .657 .832 708 765 611 799 .633 .809 714 765
Margin .608 .850 .653 .839 706 770 .606 .808 636 .800 707 769
ADMA .654 .844 .665 813 729 788 631 .809 641 .820 728 783
CE-IDM .669 .854 663 .883 .760 .808 .665 .827 .643 .862 749 794
Methods Average AUC 1 Forgetting |

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR1I0 UCF101 Wea Elec
Cluster 617 .894 794 .892 718 776 014 .062 .068 153 052 .064
Random 611 892 796 .899 714 764 .010 .045 061 124 058 .065
Margin .607 .898 795 904 699 771 011 .051 .055 117 051 .062
ADMA 633 .896 .801 .903 723 781 .008 .036 .060 132 049 .057
CE-IDM .661 907 .802 926 .746 .803 -.002 .031 .054 .095 0.44 .049

previous distribution, so that the incremental model update
can more effectively learn the current distribution instances.
E.g., in Fig. 7a, the blue points represent the sampled instan-
ces in last stage, while the red points denote the sampled
instances in current stage, we can find that the blue points
are distinct from the red points. On the other hand, sample
bias will lead to the catastrophic forgetting problem (i.e.,
forget the knowledge of previous distribution). In this case,
CE-IDM embeds hierarchical attention weights into fisher
information matrix of different stages as weighted fisher

regularization, which aims to match the the posterior distri-
bution on all stages incrementally.

4.6 Performance Measure
In this section, we report the classification performance of
all datasets on 5 criteria and forgetting profile in Table 2,
which uses CE-IDM sampling. We also add the “oracle”,
which trains the model with the entire dataset.

From the results, we have the following findings: 1)
ODLN achieves better or competitive results considering
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Fig. 5. Accuracy performance of different stages with increasing queried instances. The abscissa denotes query number of instances and the ordi-

nate denotes performance indicator. Each row represents the result of a dataset, from top to bottom: CIFAR10, MNIST.
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(a-1) CE-IDM Stage-1

(b-1) Random Stage-1

(b-2) Random Stage-2
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(b-2) Random Stage-3

Fig. 6. Visualization of the queried instances of each stage on CIFAR10 dataset.

various criteria on complex datasets, comparing with tradi-
tional incremental methods, which validates the effective-
ness of evolving structure; 2) The forgetting profile of the
incremental task methods, i.e., DNN-EWC, Mean-IMM,
Mode-IMM, and DEN, are better than the traditional incre-
mental methods, which verified the effectiveness of mecha-
nism for handling forgetting; 3) Except “oracle”, CE-IDM
achieves the best performance comparing with other base-
line methods on most datasets with various performance
measures, which reveals that CE-IDM approach is a high-
competitive method handling both the capacity scalability
and sustainability challenges.

For a more intuitive measurement of forgetting, we study
the degree of forgetting among different models, which
defines the forgetting of a particular task as the difference
between maximum knowledge gained from that task
throughout learning process and we currently have about
it, and the smaller difference the better. The results show
that CE-IDM has the least forgetting. The N/A in Adwin-b
is owning to the incapability of getting the intermediate
result in the training process, thereby the forgetting profile
cannot be calculated. Negative value in forgetting profile
means not only without forgetting, but also has positive
influence for the future classification.

(a) CE-IDM Stage-2

(b) CE-IDM Stage-3

Fig. 7. Visualization of the accumulated queried instances on CIFAR10
dataset.

4.7 Ablation Study

To explore the effectiveness of each module in CE-IDM, we
compare more variants: 1) w/o R, our active sampling strategy
without representativeness degree; 2) w/o U, our active sam-
pling strategy without informativeness degree; 3) Margin+,
our active sampling strategy replaces the representativeness
degree with traditional margin degree for shallow networks; 4)
w/o Update, our active sampling technique without class cen-
ter update; 5) w/o F, comparing the CE-IDM with baseline
without using the regularization; and 6) “w/o o’ refers to CE-
IDM without the hierarchical attention network. The results in
Table 3 reveal that: 1) CE-IDM achieves the superior perfor-
mance to w/o R and w/o U on all datasets, which indicates the
effectiveness by considering both representativeness and infor-
mativeness; 2) CE-IDM achieves better performance than Mar-
gin+, which validates that our designed representativeness
degree can measure the structure better; 3) CE-IDM performs
better than w/o Update, which verifies that the concept drift
impacts the learning of class center; 4) our proposed method is
superior to w/o F on all metrics of the four datasets. The phe-
nomenon indicates that our method can perform classification
task with fewer bias; and 5) comparing “w/o &’ to CE-IDM, we
can find that there is a gap between these performances. We
can infer that the attention mechanism utilizes different
grained features and predictions, which reflects the data stream
evolution of different concepts. With the attention mechanism,
CE-IDM is able to depict the most influential prediction layer
and give its prediction higher weights. These results verify the
effectiveness of hierarchical attention mechanism.

4.8 Visualization of Attention Weight

In this section, we evaluate the weight distribution (parame-
ter o) of different layers learned by CE-IDM over different
stages. We extract data from different stages at intervals of
25%, and analyse the mean weight distribution in different
stages. Fig. 8 shows the results on MNIST and CIFAR10
datasets. The block 1 in CIFAR10 network is used for the
basic feature extraction as mentioned before. The results
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TABLE 2
Comparison Results of CE-IDM With Compared Methods Using Our Sampling Method

Methods Average Accuracy | Average Precision |

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR10 UCF101 Wea Elec
Oracle 698 925 688 946 771 827 701 928 682 947 764 829
Adwin-b .648 .510 577 748 740 763 .647 .500 576 744 739 761
DNN-5GD .603 .830 592 727 645 711 602 .829 588 724 626 706
EFDT .590 747 591 677 633 .698 588 .758 589 678 614 .698
ODLD 585 821 581 831 627 742 586 .820 578 823 609 741
DNN-Base 585 827 614 628 638 .685 587 .826 .600 612 622 692
DNN-L2 631 819 .604 584 676 734 632 818 .602 581 667 730
DNN-EWC 641 .844 591 .839 669 734 638 .842 591 837 657 728
Mean-IMM 548 .860 611 740 632 .689 .723 .855 611 743 616 .692
Mode-IMM 632 .867 622 761 725 742 633 .866 618 758 720 744
DEN 591 776 623 785 654 700 592 774 621 785 645 699
CE-IDM .666 .871 .647 .901 759 .807 .666 .872 .643 902  .744 .798
Methods Average Recall | Average F1 1

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR10 UCF101 Wea Elec
Oracle 719 917 725 909 782 834 703 922 .690 915 772 831
Adwin-b .649 .619 631 763 745 771 .647 458 .565 717 741 763
DNN-5GD 621 .851 617 750 .639 717 .560 821 591 666  .648 711
EFDT .603 749 616 621 636 701 589 749 589 621 632 .700
ODLD 607 .865 628 847 630 .743 .606 812 582 806 629 741
DNN-Base 621 .866 646 640 641 692 .555 .823 598 613 635 .684
DNN-L2 637 .854 638 504 676 .735 628 811 599 522 675 734
DNN-EWC 641 876 636 840 672 738 641 .836 .580 .805 668 735
Mean-IMM .608 .879 621 .809 633 .692 .691 .857 .609 731 .630 .688
Mode-IMM 632 .880 638 829 741 743 632 .865 619 729 732 744
DEN 641 .806 .679 746 662 709 .553 766 631 .755 654 .697
CE-IDM .668 .888 .678 .861 773  .815 .664 .869 .649 .878 .759 .808
Methods Average AUC 1 Forgetting|

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR10 UCF101 Wea  Elec
Oracle 694 .955 829 960 771 829 - - - - - -
Adwin-b 647 723 .765 842 738 762 N/A N/A N/A N/A  N/A N/A
DNN-5GD .603 905 773 829 650 .711 132 107 .095 .385 177 159
EFDT 591 .854 779 798 633 689 .108 .089 .093 296 152148
ODLD .585 .899 767 894 628 737 116 110 .100 .363 160 132
DNN-Base 585 903 .785 767 637 .687 132 102 .089 354 144 136
DNN-L2 631 .899 .780 739 675 740 123 077 113 411 d21 113
DNN-EWC 641 912 770 899 669 738 .069 .055 124 175 093 .072
Mean-IMM 548 921 783 837 632 .686 .098 .043 .099 196 113101
Mode-IMM 631 925 791 .851 738 749 .034 .051 067 150 089 .074
DEN 592 .875 791 .866 .654 704 .095 .074 .074 231 105 .087
CE-IDM .666 929 .804 938 .761 .810 -.003 .029 .052 .094 032 .041

reveal that in the initial phase (first stage), the maximum
weight locates at the shallow classifier. In the second stage,
slightly deeper classifiers have picked up some weights,
and in the following stages, deeper classifiers get more
weights. Thus, the weight evolution shows that CE-IDM
has the ability to perform model selection. Meanwhile, dif-
ferent stages have different depth indicates that CE-IDM
learns more discriminative features with more data. In other
words, CE-IDM uses the deeper classifiers to learn better
features.

4.9 Evaluation of Forgetting

Due to page limitation, we report the performance of differ-
ent models on the first stage for different datasets in the top
row of Fig. 9, and the performance of CE-IDM on different
stages in the bottom row. In fact, we construct Hyperplane,
CIFAR10, UCF101 and MNIST datasets as streaming form
with abrupt drift considering different mechanism, i.e.,
image cropping or adding noise. In result, Hyperplane,
CIFAR10 and UCF101 datasets have three stages, and
MNIST dataset has four stages. For compared methods,
note that DEN utilized the timestamp to save the model of
each stage for prediction, whereas the testing data are
always unpredictable of the source stage in real applications

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on February 07,2024 at 13:46:49 UTC from IEEE Xplore. Restrictions apply.



YANG ETAL.: COST-EFFECTIVE INCREMENTAL DEEP MODEL: MATCHING MODEL...

3585

TABLE 3
Comparison Results of CE-IDM With Compared Methods Using Our Sampling Method

Methods Average Accuracy | Average Precision |

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFARI0 UCF101 Wea Elec
w/oF 591 .790 576 746 634 702 584 790 578 743 621 .694
w/oR 627 .806 .628 .834 725 775 626 .804 .627 .833 722 768
w/oU 630 818 .633 .845 733 783 629 817 .632 847 729 772
Margin+ 644 811 .630 .839 736 776 639 .809 .629 .836 730 767
w/o Update 641 822 .639 .855 739 790 641 823 .638 .851 734 778
w/oa .646 815 617 .845 712768 .645 815 .616 .840 717 754
CE-IDM .666 .834 .645 .882 .747 .795 .666 .833 .644 .877 .739 .790
Methods Average Recall 1 Average F1 1

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR10 UCF101 Wea Elec
w/oF .607 .823 .628 .750 635 717 614 782 .579 714 635 711
w/oR 633 .835 .656 .828 735 782 625 .798 .628 799 727 775
w/oU .649 .846 .661 .832 740 788 631 .810 .633 815 733 786
Margin+ .654 .840 .658 .830 742 780 .645 .803 .630 .808 738 781
w/o Update 642 .849 .660 .843 746 801 641 813 .636 832 739 789
w/oa 652 .830 639 .841 718 782 .645 .805 612 818 713 766
CE-IDM .669 .854 .663 .883 .760 .808 .665 827 .643 .862 .749 .793
Methods Average AUC | Forgetting |

Hyperplane MNIST CIFAR10 UCF101 Wea Elec Hyperplane MNIST CIFAR10 UCF101 Wea Elec
w/oF 591 .870 767 .809 633 711 122 110 .099 .358 175 160
w/oR 628 .892 .790 .894 724 774 012 .059 .066 144 061 .059
w/oU 632 .896 795 907 731 .785 .009 .051 .063 d112 .053 .055
Margin+ 637 .894 791 897 735 779 .005 042 .062 138 .055 .058
w/o Update 641 .898 794 909 739 792 .006 .033 .057 107 .045 .052
w/oa 646 .893 778 .900 715 759 .043 .055 072 162 .083 .070
CE-IDM .661 907 .802 926 .746 .803 -.002 .031 .054 .095 0.44 .049

under our setting, so we only use the latest model of DEN
for testing. The top row reveals that the performance of
methods without considering the forgetting regularization
(e.g., DNN-SGD, ODLD) steady declines. Meanwhile, CE-
IDM shows stable performance on almost all the datasets

with slow forgetting, and superior to other fisher regulariza-
tion based methods with the adaptive attention mechanism.
IMM methods need to add multi-task layer for further
adjustment after training all stages, which leads to decreas-
ing performance in the early stage (i.e., using SGD for
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Fig. 8. Evolution of weight distribution over various stages. Top row is MNIST, bottom row is CIFAR10.
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Fig. 9. Accuracy performance of different models and stages. The top row is the results of first stage about different methods over sequential stages,
the bottom row is the results of different stages about IDM over sequential stages.

training), and rising performance at the end (last point is the
results using fine-tuned IMM methods). The bottom row
reveals that, at the transition of different stages, the perfor-
mance of previous stages will not fall rapidly, which shows
that CE-IDM can prevent forgetting efficiently. The back-
ground of examples in the first stage of the UCF101 dataset
is easy to be classified, thus the initial accuracy is high. As
we can infer from Fig. 9a, the accuracy for Mode-IMM and
Mean-IMM drastically rises at the last iteration. Because
during the whole training process of multiple concepts over
the streaming data, IMM uses a Gaussian distribution to
approximate the posterior distribution of parameters, and
finds the optimal parameter for each task. Mean-IMM and
Mode-IMM fuse the optimal parameters into a single model
when conducting the final inference process, which is capa-
ble of solving all the tasks in streaming data. Consequently,
the performance of Mean-IMM and Mode-IMM drastically
rises at the last iteration.

4.10 Stability of Parameter

In order to explore the influence of parameter A, more
experiments are conducted. We tune X in {1, 10, 100,1000}
and record the average accuracy and forgetting in Fig. 10.
Due to the page limitation, we only list two datasets for veri-
fication, i.e., MNIST and UCF101. From Fig. 10, we can find
that CE-IDM achieves a stable performance on each dataset,
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Fig. 10. Influence of the parameter A on MNIST and UCF101 datasets.

which indicates the insensitivity of CE-IDM to parameters.
Besides, the regularization is negligible, which would theo-
retically result in catastrophic forgetting. However, experi-
mentally we observed that this can be circumvented by
using a high value (=~ 10") for the hyperparameter A [13].

5 CONCLUSION

This paper investigated how to develop incremental deep
model by labeling the least amount of unlabeled data, which
is extended from our preliminary research [45]. Indeed,
despite the traditional challenges of capacity scalability and
capacity sustainability, there exists another practical prob-
lem: the streaming data are unlabeled before learning. It is
important to sample most discriminative instances for que-
rying with least cost to update the IDM. Therefore, in this
paper, we aim to deal with these three challenges in one
unified framework. Along this line, we developed a Cost-
Effective Incremental Deep Model (CE-IDM), which has a
carefully designed attention model for the hidden layer and
novel selection criterion considering both representative-
ness and informativeness. Moreover, CE-IDM enables
capacity scalability by learning deep models with adaptive
depth changing from shallow to deep, and has the ability to
embedding the attention weights into fisher information
matrix, which can incrementally match the posterior distri-
bution of the neural network trained on all stages. Finally,
experiments on numerous real-world data showed the
effectiveness of CE-IDM for incremental learning.
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