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LEARNING AN EVOLVED MIXTURE MODEL FOR TASK-FREE CONTINUAL LEARNING

Fei Ye and Adrian G. Bors

Department of Computer Science, University of York, York YO10 5GH, UK

ABSTRACT

Recently, continual learning (CL) has gained significant in-

terest because it enables deep learning models to acquire new

knowledge without forgetting previously learnt information.

However, most existing works require knowing the task iden-

tities and boundaries, which is not realistic in a real context.

In this paper, we address a more challenging and realistic set-

ting in CL, namely the Task-Free Continual Learning (TFCL)

in which a model is trained on non-stationary data streams

with no explicit task information. To address TFCL, we in-

troduce an evolved mixture model whose network architec-

ture is dynamically expanded to adapt to the data distribution

shift. We implement this expansion mechanism by evaluating

the probability distance between the knowledge stored in each

mixture model component and the current memory buffer us-

ing the Hilbert Schmidt Independence Criterion (HSIC). We

further introduce two simple dropout mechanisms to selec-

tively remove stored examples in order to avoid memory over-

load while preserving memory diversity. Empirical results

demonstrate that the proposed approach achieves excellent

performance.

Index TermsÐ Task-free continual learning, dynamic ex-

pansion model, Hilbert Schmidt Independence Criterion

1. INTRODUCTION

Continual learning, also called lifelong learning, is one of the

essential functions in an artificial intelligence system, repre-

senting the ability to continually remember the entire previ-

ously learnt experiences from a sequence of tasks [1]. Such

abilities are inherited in humans and animals, enabling them

to survive in the dynamically changing environment during

their entire life. However, deep learning systems would usu-

ally perform well on individual tasks [2, 3] but suffer from

dramatic performance loss when training on several different

tasks sequentially [4, 5, 6]. The reason behind the perfor-

mance loss is the network forgetting when its parameters are

replaced following the training with a new task [1].

In this paper, we address a more challenging and re-

alistic learning setting in CL, called Task-Free Continual

Learning (TFCL), which assumes that the task identities and

boundaries are not available during the training. One pop-

ular attempt for TFCL is to employ a small memory buffer

to store incoming samples at each training step [7]. Such

an approach performs well on TFCL tasks when its mem-

ory buffer contains diverse data samples [7]. However, there

are two main drawbacks for the memory-based approaches:

1) The model would suffer from the negative backward trans-

fer when the memory buffer stores incoming samples which

are sufficiently different those learnt previously; 2) It can not

address infinite data streams due to the fixed memory capac-

ity. In this paper, we address these drawbacks by introducing

the Evolved Mixture Model (EEM) which is a continual

learning model avoiding the negative backward transfer by

adding additional model capacity for learning incoming sam-

ples. First, we implement each expert in EEM by using a

VAE model for the model selection and a classifier for the

prediction task. We then introduce two simple dropout mech-

anisms for regularizing the memory buffer by selectively

removing stored samples to avoid memory overload. We

further introduce a new expansion mechanism that evaluates

the Hilbert Schmidt Independence Criterion (HSIC) between

the information stored in each expert and the current mem-

ory as a mixture expansion signal. The proposed expansion

mechanism enables training a diversity of experts, improving

the generalization performance. The other advantage of the

proposed HSIC-based expansion mechanism is allowing to

perform the unsupervised learning task without requiring any

class labels.

The following contributions are brought in this paper:

• A new continual learning framework, namely the

Evolved Mixture Model (EEM) that can learn an infi-

nite number of data streams without forgetting.

• Two simple dropout mechanisms that selectively re-

move stored samples from memory in order to avoid

memory overload.

• A new expansion mechanism that utilizes the HSIC cri-

terion to detect the data distribution shift, providing bet-

ter expansion signals for EEM.

2. RELATED WORK

General continual learning : Most existing works focus on

the general continual learning, which describes a learning

paradigm where a series of tasks is presented, and the model

requires recognizing all samples after the training. Existing

works for general continual learning can be divided into three



branches: regularization-based [8], generative replay mech-

anism [4, 9] and dynamic expansion approaches [10, 11].

The regularization-based approaches aim to minimize any

change on network’s weights that are important to past tasks

when training on a novel task [12]. The regularization-based

approaches still require managing a small memory buffer

to store a few past samples used to penalize changes in im-

portant network’s parameters. Such approaches, however,

require a significant computation processing when learning a

long sequence of tasks, [13]. The Generative Replay Mech-

anism (GRM) usually requires training a generator model,

such as a Variational Autoencoder (VAE) [14] or a Gener-

ative Adversarial Network (GAN) as the generative replay

network. The dynamic models usually would add new layers

with hidden nodes [15] within a single neural network or a

task-specific module into a mixture system [10, 16, 17]. The

former approach is suitable for learning a series of tasks for a

single domain while the latter is good when aiming to solve

an infinite number of tasks [10].

Task-free continual learning (TFCL) : The task-free contin-

ual learning (TFCL) can be seen as a special setting in con-

tinual learning, which assumes that there are no task bound-

aries during the training [7, 18]. One of the widespread at-

tempts for TFCL is based on a small memory buffer that aims

to store a few past samples to relieve forgetting [7]. Such

an approach requires designing an effective sample selection

procedure that selectively stores past samples [7]. Another

approach for TFCL is based on the expansion of the network

architecture or by adding new components to a mixture model

[19, 20, 21]. The approach from [17] dynamically builds new

inference models into a VAE mixture framework when detect-

ing a data distribution shift. GRM was used to relieve forget-

ting in an approach called Continual Unsupervised Represen-

tation Learning (CURL) [22]. However, CURL still suffers

from forgetting due to the frequent updating of the generator.

This issue can be solved by only employing a mixture expan-

sion mechanism only such as the Continual Neural Dirich-

let Process Mixture (CN-DPM) [16], which employs Dirich-

let processes for expanding the number of VAE components.

Although these expansion-based approaches show promising

results in TFCL, they do not consider the previously learnt

knowledge when performing the expansion.

3. METHODOLOGY

In this paper, we introduce an evolving mixture model ad-

dressing TFCL and in the following section we introduce our

approach in detail. The mixture deep learning model and its

network architecture are described in Section 3.1. Then in

Section 3.2 we introduce a new model mixture expansion cri-

terion based on the Hilbert Schmidt Independence Criterion

(HSIC). Finally, in Section 3.3 we introduce a new dropout

mechanism that removes certain selected data samples to

avoid memory overload.

3.1. Evolved Mixture Model (EMM)

Before introducing the proposed approach, we firstly provide

the definition of TFCL as follows. Let us consider a set of

n training steps, T = {T1, T2, · · · , Tn} for learning a data

stream D. Let Di = {xi,j , yi,j}
b
j=1 represent a small batch

of samples drawn from D at the training step (Ti), where b is

the batch size. Then the data stream D can be represented by

combining all data batches :

D =

n
⋃

i=1

Di . (1)

At the j-th training step (Tj), the model only accesses Dj

while all previously visited batches are not available.

We consider that each component of the mixture consists

of a VAE and a classifier. The main motivation for consider-

ing the VAE model as expert is that we can perform the selec-

tion process based on the sample log-likelihood estimated by

the VAE when choosing an appropriate expert during the test-

ing phase. VAEs also provide the latent code which is used

for the evaluation of the model’s expansion. Let fξi : X → Y
be a classifier with the trainable parameters ξi where Y is the

space of the model’s prediction. In order to avoid frequently

building new experts during the training, we introduce a mem-

ory buffer, denoted as Gj updated at the training step (Tj).

The loss for the VAE model representing the K-th expert is

to maximize the marginal log-likelihood [14], defined as :

LK
VAE(Gj)

∆
= EqωK

(z |x) [log pθK (x | z)]

−DKL [qωK
(z |x) || p(z)] ,

(2)

where pθK (x | z) and qωK
(z |x) represent the decoding and

encoding distributions, which are implemented by two neural

networks, respectively. The subscript K represents the index

of the expert in the mixture model. We also define the training

loss for the classifier on Gj at the training step (Tj) :

LK
class(Gj)

∆
=

1

|Gj |

|Gj |
∑

t=1

{

LCE

(

fξK (xt), yt
)}

, (3)

where LCE(·) is the cross-entropy loss function, which is ap-

plied on the all data |Gj | from the memory buffer.

3.2. Model expansion

We firstly introduce the Hilbert Schmidt Independence Cri-

terion (HSIC) and then describe how this can be used as an

expansion mechanism of the mixture model. Let Z1 and

Z2 represent two domains and Pz1,z2
be a joint distribu-

tion from which we draw a pair of samples {z1, z2} over

Z1 × Z2. The main goal of HSIC [23] is to measure the

independence between z1 and z2 by evaluating the norm

of the cross-covariance operator over the domain Z1 × Z2

in reproducing kernel Hilbert space (RKHS) [24]. Let Q



and S be the RKHSs on Z1 and Z2 and fQ : Z1 → Q,

fS : Z2 → S be their feature functions. We define the asso-

ciated reproducing kernels as k(z1, z
′
1) = ⟨fQ(z1), fQ(z

′
1)⟩

and l(z2, z
′
2) = ⟨fS(z2), fS(z

′
2)⟩ where z1, z

′
1 ∈ Z1 and

z2, z
′
2 ∈ Z2. The cross-covariance operator between fQ and

fS is defined as :

Cz1z2
= Ez1z2

{

(fQ(z1)− Ez1
[fQ(z1)])⊗

(fS(z2)− Ez2
[fS(z2)])

}

,
(4)

where ⊗ is the tensor product. Then HSIC is defined as the

square of the Hilbert-Schmidt norm of Cz1,z2
:

LHSIC(Q,S,Pz1,z2
) = ∥Cz1,z2

∥
2
HS

= E
z1,z

′

1
,z2,z

′

2
[k(z1, z

′
1)l(z2, z

′
2)] (5)

+ E
z1,z

′

1
[k(z1, z

′
1)]Ez2,z

′

2
[l(z2, z

′
2)]

− 2Ez1,z2
[E

z
′

1
[k(z1, z

′
1)]E[l(z2, z

′
2)]] ,

where E
z1,z

′

1
,z2,z

′

2
represents the expectation over paired sam-

ples (z1, z2) and (z′1, z
′
2) drawn from Pz1,z2

.

In the following, we show how HSIC can be used as the

expansion criterion for the proposed mixture model. As ex-

emplified in Fig. 1, we assume that at Tj we have trained K

experts in the mixture model. The main idea of the proposed

expansion criterion is that if the current data from the mem-

ory buffer is novel to the knowledge already accumulated in

the trained components, we should build a new component

which would learn the new information. Such a mechanism

can encourage each component to learn a different underlying

data distribution. Let Px̃i
represent the distribution of gener-

ative replay samples drawn from the VAE model of the i-th

expert. Let Pz̃i
represent the distribution of the latent vari-

ables z inferred using the inference model of the i-th expert

with samples x drawn from Px̃i
. Let Pgj,i represent the distri-

bution of the latent variables inferred by the i-th expert from

the stored samples in the memory Gj . Let Pz̃i,gj,i represent

the joint distribution with the marginals Pgj,i and Pz̃i
, respec-

tively. Then we estimate HSIC between the knowledge learnt

by the i-th expert and the distribution of the memory buffer at

Tj by LHSIC(Q,S,Pz̃i,gj,i). The expansion criterion for the

mixture model at Tj is defined as :

λ < min{LHSIC(Q,S,Pz̃1,gj,i), · · · ,

LHSIC(Q,S,Pz̃K−1,gj,K−1
)} ,

(6)

where λ is a pre-defined threshold that controls the model’s

expansion. If Eq. (6) holds, we add a new expert to the mix-

ture model. The evaluation of Eq. (6) is efficient given that

HSIC is estimated on the feature space.

3.3. Memory buffer data dropout mechanism

Since the memory buffer in the mixture model continually

adds incoming samples, removing several stored samples

Expert 1 Z1

Expert k Zk

Mixture model Hsic measure

Current 
memory

C1

HSIC measure

Ck

��� �1, . . . , �� ≤ �

Latent code

Perfrom the expansion

Perfrom the dropout 
mechanism

Yes

No

g1

gk

Fig. 1. Expansion and dropout mechanism in the proposed

EMM model. We first infer the latent variables using each ex-

pert and then use HSIC to evaluate the discrepancy between

each expert and the current memory. Then we perform ei-

ther the mixture expansion or the memory buffer data dropout

mechanism, according to the expansion criterion, Eq. (6).

from the memory buffer is necessary in order to keep the

memory size in check. Let |G|max represent the maximum

number of samples in the memory. We introduce two simple

dropout mechanisms to regularize the memory capacity. The

first dropout mechanism, called EEM-SW, consists of using

a sliding window successively removing the initially stored

samples while adding new incoming samples in the mem-

ory buffer. The second dropout mechanism, called EEM-

Random, randomly drops out sets of data samples from the

memory buffer Gj at Tj .

3.4. Implementation

The whole training procedure of the evolved mixture model

can be divided into three main steps :

Step 1 (Training phase.) At the training step (Tj), the current

memory Gj−1 is updated to Gj = Gj−1

⋃

Dj . Then we train

the current expert (K-th expert) on the memory buffer Gj us-

ing the loss function (Eq. (2) and Eq. (3)).

Step 2 (Checking the model’s expansion.) In order to avoid

frequently evaluating Eq. (6), we only check the model’s

expansion when the current memory is full, |Gj | ≥ |G|max.

To check the expansion, we calculate the HSIC measure

between each expert and the data from the memory buffer,

using Eq. (5). Then the mixture model will add a new expert

if condition (6) is satisfied. For the new expert to learn statis-

tically non-overlapping samples, we also clear up the current

memory buffer Gj after the mixture’s expansion.

Step 3 (Dropout mechanism.) This step aims to avoid mem-

ory overload. If the current memory buffer Gj at Tj is full, we

drop out several samples (10 samples) from memory accord-

ing to the dropout mechanism.



Table 1. Classification accuracy after five indepdnent runs for

various models on three datasets. * and † denote the results

cited from [7] and [25], respectively.

Methods Split MNIST Split CIFAR10 Split CIFAR100

iCARL* 83.95 ± 0.21 37.32 ± 2.66 10.80 ± 0.37

CoPE-CE* 91.77 ± 0.87 39.73 ± 2.26 18.33 ± 1.52

CoPE* 93.94 ± 0.20 48.92 ± 1.32 21.62 ± 0.69

ER + GMED† 82.67 ± 1.90 34.84 ± 2.20 20.93 ± 1.60

ERa + GMED† 82.21 ± 2.90 47.47 ± 3.20 19.60 ± 1.50

CURL* 92.59 ± 0.66 - -

CNDPM* 93.23 ± 0.09 45.21 ± 0.18 20.10 ± 0.12

EEM-SW 96.79 ± 0.11 58.81 ± 0.12 22.33 ± 0.15

EEM-Random 96.73 ± 0.12 56.09 ± 0.15 21.78 ± 0.16

4. EXPERIMENTS

4.1. Experiment setting

We consider the following TFCL benchmarks. Split MNIST

and Split CIFAR10 splits MNIST [26] and CIFAR10 [27] into

five tasks, respectively, where each task consists of samples

from two classes. Split CIFAR100 divides CIFAR100 into 20

tasks and each task has 2500 examples from five classes.

Network architecture and hyperparameters for the classifier.

We adapt ResNet-18 [28] as the classifier used in Split CI-

FAR10 and Split CIFAR100 according to the setting from

[7]. For Split MNIST, we adapt an MLP network, with 2

hidden layers with 400 units each [7], as the classifier. We set

the maximum memory size for Split MNIST, Split CIFAR10,

and Split CIFAR100 as 2000, 1000 and 5000, respectively.

For each training step, a model only accesses a batch of 10

samples while all previous batches are not available.

4.2. Classification task

In Table 1 we evaluate EMM on Split MNIST, Split CIFAR10,

and Split CIFAR100, and compare the results with several

baselines including: Finetune which directly trains a classifier

on the data stream, iCARL [29], CURL [22], CNDPM, CoPE

[7], ER + GMED and ERa + GMED [25], where GMED is

Gradient based Memory Editing and ER is the experience re-

play [30], while ERa is ER with data augmentation. The pro-

posed approach outperforms not only single models such as

CoPE, and GMED, but also the dynamic expansion model

(CNDPM) on all three datasets.

We also investigate the performance of various models on

the large-scale dataset, MINI-ImageNet [31]. We split MINI-

ImageNet into 20 disjoint subsets, where each subset contains

samples from five classes [25], called Split MImageNet. We

follow the setting from [25] where the maximum memory size

is 10K, and we implement the classifier of each expert by a

slim version of ResNet-18 [28]. The results provided in Ta-

ble 2, indicate that the proposed EEM outperforms all other

Table 2. Classification accuracy for 20 runs for various mod-

els on Split MImageNet.

Methods Split MImageNet Permuted MNIST

ERa 25.92 ± 1.2 78.11 ± 0.7

ER + GMED 27.27 ± 1.8 78.86 ± 0.7

MIR+GMED 26.50 ± 1.3 79.25 ± 0.8

MIR 25.21 ± 2.2 79.13 ± 0.7

EEM-SW 28.90 ± 1.1 80.32 ± 0.6

EEM-Random 27.23 ± 1.2 80.28 ± 0.5

methods under this challenging dataset, where the other meth-

ods results are cited from [25] and where MIR is the Maxi-

mally Interfered Retrieval.

4.3. Ablation study

We perform an ablation study to investigate the performance

of the proposed EEM under different hyperparameter config-

urations. The performance and the model complexity for the

EEM-SW model when varying the mixture expansion thresh-

old λ from Eq. (6) when training on Split MNIST are evalu-

ated in Fig. 2. From Fig. 2-a, by increasing λ leads to adding

more components, but without necessary improving the clas-

sification accuracy when λ is increased above a certain level,

according to the results from Fig. 2-b.

(a) No. of Components depending on the threshold λ

(b) Performance depending on the threshold λ

Fig. 2. Evaluation of the EMM-SW model when training on

Split MNIST, when varying threshold λ in Eq. (6).

5. CONCLUSION

In this paper, the Evolved Mixture Model (EMM) is proposed

for learning infinite data streams without forgetting under the

Task-Free Continual Learning (TFCL) setting. To address the

data distribution shift in TFCL, we introduce a new mixture

expansion mechanism based on the HSIC measure and also

the selection of training. Finally, we perform experiments on

several TFCL benchmarks, which show excellent results for

the proposed approach.
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