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Abstract. Catastrophic forgetting is a tough issue when the agent faces
the sequential multi-task learning scenario without storing previous task
information. It gradually becomes an obstacle to achieve artiﬁcial general intelligence which is generally believed to behave like a human with
continuous learning capability. In this paper, we propose to utilize the
variational Bayesian inference method to overcome catastrophic forgetting. By pruning the neural network according to the mean and variance
of weights, parameters are vastly reduced, which mitigates the storage
problem of double parameters required in variational Bayesian inference.
Based on this lightweight version, autoencoders trained on diﬀerent tasks
are employed to self-adaptively match the corresponding task parameters to tackle sequential multi-task learning problem. We show experimentally on several fundamental datasets that the proposed method can
perform substantial improvements without catastrophic forgetting over
other classic methods especially in the setting where the probability distributions between tasks present more diﬀerent.
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Introduction

As a core component in artiﬁcial general intelligence (AGI), lifelong learning [1]
has gradually become an essential skill to address a variety of tasks like a human
being to learn. Traditional learning methods in machine learning community
usually require all task data collected in advance to train the model, while it is
diﬃcult in real-world settings: tasks may not be provided simultaneously. After
learning new tasks, the agent is prone to forget the old ones without accessing
to previous data. This is called catastrophic forgetting in sequential multi-task
c Springer Nature Switzerland AG 2018
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setting where the neural network tends to forget the weights learned in previous
tasks after training on subsequent ones [2], which is a basic challenge to realize
AGI.
The main dilemma that we face is to make the learned model adapt to new
data without forgetting knowledge learned on the previously visited tasks. The
majority of classic solutions for this problem suﬀer from some disadvantages. For
example, ﬁne-tune [3] behaves obliviousness property for old tasks since it only
uses the optimal settings of old tasks to help initialize and study for the new
tasks. As for feature extraction [4], it gives priority to reuse features obtained
from the old tasks, which will present sub-optimal results for the new tasks.
These methods can not achieve good performances for sequentially given tasks.
Whereas recent advances in machine learning have provided multiple ways
to overcome catastrophic forgetting across a variety of domains [5,6]. Fernando
et al. [7] propose an ensemble of neural networks to recombine diﬀerent modules within a single network PathNet to complete diﬀerent tasks. Serra et al. [8]
employ a task-based hard attention mechanism to preserve previous tasks’ information without aﬀecting the current task’s learning. Besides, [5] is the ﬁrst to
introduce Distillation Networks and ﬁne-tune technique to enable learning without forgetting. According to this basic framework, [9] designs an extra undercomplete autoencoder to preserve the information on which the previous tasks
are mainly relying. These methods, more or less, all need to specify which task
to perform during the test phase, which is to say additional task identiﬁers have
to be supplied to assign the corresponding parameters for corresponding tasks.
For instance, the last fully-connected layers in [5] have to be indicated manually
for corresponding tasks.
Fortunately, some other algorithms recently have received much attention,
which can perform diﬀerent tasks without identiﬁers. Elastic weight consolidation (EWC) [2], an algorithm analogous to synaptic consolidation for artiﬁcial
neural networks, is proposed to reduce the plasticity of weights that are vital
to previously learned tasks. It only studies a set of parameters via Fisher information to ﬁnish all tasks, which is an elegant approach in Bayesian framework
to overcome catastrophic forgetting. Additionally, Lee et al. [10] present the
incremental moment matching (IMM) to incrementally match the moment of
Gaussian posterior distribution of diﬀerent tasks in Bayesian neural networks.
Nevertheless, these kind of approaches only achieve good performances on similar tasks. When the diﬀerence between task distributions becomes more larger,
they are prone to forget more information about previously learned tasks.
In this paper, our motivation is to address catastrophic forgetting problem in
a more realistic scenario where the gap between given tasks behaves more larger
than traditional settings. For this end, a Bayesian framework is presented to
remember the posterior distributions of diﬀerent tasks, which actually is equivalent to an ensemble of diﬀerent neural networks [11]. Meanwhile, variational
inference method is introduced to approximate the posterior distributions so
that each task could be trained to their optimal values. To be more speciﬁc, bottom layers near to the input are shared to catch common features between tasks,
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while top layers near to the output are trained individually for personalized solutions. Rather than integrating those solutions to one representation, we consider
to keep their individual representations with additional task identiﬁers which
are realized by autoencoders trained together with tasks so that they are able to
help select corresponding top layers, i.e., corresponding tasks. We hence could
sequentially conduct diﬀerent tasks with automatically specifying parameters,
which makes the algorithm behave more intelligent. More importantly, when the
gap between diﬀerent tasks presents more larger, the correct top layers for corresponding tasks will be selected more easily through these trained autoencoders.
There is even no mismatching between autoencoders and tasks, as long as the
reconstruction errors produced by each autoencoder present more diﬀerent when
the task distributions are great of diﬀerence. In addition, to make a lightweight
network as well as select autoencoders more convenient, a pruning technique
based on the mean and variance of network weights is adopted to vastly reduce
the number of parameters in the network.
In summary, the main contribution of this paper is to present a self-adaptive
identiﬁer for conducting sequentially given tasks without catastrophic forgetting.
Speciﬁcally, the proposed method achieves better performances when the new
task is more diﬀerent than previously learned tasks. The proposed algorithm
can eﬀectively utilize autoencoders with pruned weights to automatically match
the corresponding parameters, enabling a more intelligent approach to perform
sequential multiple tasks without indicating task identiﬁers so as to overcome
catastrophic forgetting. The rest of the paper is organized as follows: Sect. 2
presents the proposed work. Comparative experimental results are presented and
discussed in Sect. 3. Finally, concluding remarks and future work suggestions are
outlined in Sect. 4.

2

The Proposed Method

The proposed method is built upon the framework of variational Bayesian inference [11], where a reparameterization trick with unbiased Monte Carlo gradients
is utilized to optimize the parametric distribution. The weight w of neural network could be transformed as:
w = μ + σ,

(1)

where  ∼ N (0, 1) and θ = (μ, σ) which comprises the mean μ and standard
deviation σ of the network. Obviously, it requires double memory and resources
than other Bayesian inference methods with neural networks, e.g. EWC algorithm, which only considers to optimize the mean of each weight.
Therefore, it is natural to decrease the overhead of the system by means of
pruning the neural network based on these two parameters. More precisely, only
the top layers near to the output are pruned which helps reduce the system
overhead. And the bottom layers should be complete and frozen once the ﬁrst
task has been learned since the common features between diﬀerent tasks are
constructed based on these layers. At the same time, autoencoders for diﬀerent
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Algorithm 1. Pruned network with self-adaptive identiﬁers
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:

Training Phase
for index i = 1, 2, . . . , n do
Train task i with stochastic gradient descent
Train autoencoder AEi , and record reconstruction error Ei
if i = 1 then
Frozen bottom layers forever, and record as N 1
end if
Prune top layers, and record as N 2i
end for
———————————————————————————————————–
Testing Phase
Given a task,
Select task identiﬁer j = argmini Ei (i = 1, 2, . . . , n)
Perform task with network N 1 + N 2j

tasks are trained with the same training data. According to the pruned network,
autoencoders are utilized to help select corresponding top layers via reconstruction errors. Together with the frozen bottom layers, diﬀerent networks are generated for corresponding tasks. We hence could automatically conduct diﬀerent
tasks without specifying which parameters to load. The proposed algorithm is
presented in Algorithm 1, and we give a detailed explanation from two parts in
the upcoming subsections.
2.1

Network Pruning

In this subsection, we introduce the mean and standard deviation of weights to
show how to prune the neural network. Speciﬁcally speaking, the signal-to-noise
ratio (SNR) is employed to address this problem, which is calculated as:
SNR =

|μ|
.
σ

(2)

By employing a large SNR which implies a large mean and a small standard deviation, we are supposed to achieve a positive eﬀect in measuring the signiﬁcance
of weights so that the network will be pruned reasonably.
Given the SNR of weights w in descending order and pruning ratio k that
describes the number of weights to be removed, we can initialize the mask as:
λ = SNR[length(w) · (1 − k)]
mask = 1(SNR ≥ λ),

(3)

where λ records the threshold of weights to be pruned. Then the weights can be
updated with the mask:
w = w · mask.
(4)
After pruning the network, the system overhead has been decreased. If we
select a high level of pruning ratio, the storage space could be vastly saved.
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More importantly, the remaining weights that we care about can perform tasks
with almost no performance degradation, which can be testiﬁed by subsequent
experiments. Since there are multiple sets of parameters to learn for diﬀerent
tasks, it is more valuable to save the system overhead by pruning network.
2.2

Task Indicating

Aimed for sequential multi-task learning, bottom layers near to the input are
designed to be shared between tasks. As for top layers pruned and updated by
(4), we consider to match them to the corresponding tasks automatically.
Autoencoders here based on reconstruction errors are utilized for task identiﬁers. Furthermore, autoencoders are trained concurrently with normal task
learning, and their optimal weights are usually produced by minimizing the distance between the inputs and their corresponding reconstructions. Concretely,
the under-complete autoencoders (i.e., requiring the dimension of the code is
smaller than the dimension of the input) are adopted to train for diﬀerent tasks.
In our setting, a two-layer network with a sigmoid activation function in the
hidden layer is used for each task.
After training autoencoders, the minimal reconstruction error among all tasks
is believed to describe the most potential autoencoder that is capable of representing the task identiﬁer. When conducting diﬀerent tasks, we could reasonably select the corresponding autoencoder as the task identiﬁer for these pruned
top layers. Actually, the automation of selecting task identiﬁer is realized by
comparing the reconstruction errors between tasks. If the gap between diﬀerent
task distributions presents more larger to some extent, the correct autoencoder
for corresponding task will be picked out more easily, which means the proposed method could handle this situation better to guard against catastrophic
forgetting.

3
3.1

Experiment
Experiment Setting

The proposed method is evaluated with a fully-connected neural network [784800-800-10], whose ﬁrst layer will be frozen after training the ﬁrst task. Besides,
each layer is activated by a ReLU function except the last one with softmax
function used for classiﬁcation, whose basic architecture is also adopted in [10].
However, we introduce the mean and standard deviation of each weight to implement the variational Bayesian learning. The datasets used in our experiments
are summarized in Table 1. The MNIST dataset comprises 28 × 28 images of
handwritten digits. The Shuﬄed MNIST dataset contains the same images to
MNIST but whose input pixels of images are shuﬄed with a random permutation. The Split MNIST dataset is constructed by splitting MNIST into 0–4 and
5–9 as two tasks respectively.
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Table 1. Datasets used in the experiment: name, number of classes and number of
train and test samples.

3.2

Dataset

Classes Train Test

MNIST

10

60000 10000

Shuﬄed MNIST

10

60000 10000

Split MNIST (0–4)

5

30630

5105

Split MNIST (5–9)

5

29370

4895

Experimental Results and Discussion

There are two experiments conducted to show the algorithm’s performance on
sequential multi-task learning. One experiment employs MNIST as the ﬁrst task
and Shuﬄed MNIST as the second task, and the other invokes Split MNIST to
produce two tasks respectively. The proposed method is compared with recently
published algorithms EWC and IMM, which can perform tasks in a set of parameters without catastrophic forgetting.
Shuﬄed MNIST: As Shuﬄed MNIST is shuﬄed from MNIST, its distribution
is more similar than Split MNIST with respect to MNIST. We ﬁrst consider the
Shuﬄed MNIST experiment to evaluate the proposed method. Table 2 illustrates
the comparable results.
Table 2. Results of Shuﬄed MNIST experiment.
Method Hyperparameter Test accuracy
EWC

λ = 20

98.20a

IMM

α = 0.33

98.30a

OUR
k = 0.5
98.25
Optimal experimental results are cited
from [10]

a

These approaches achieve similar results on tasks which share similar distributions. For the EWC and IMM, they address catastrophic forgetting problems
in a set of parameters. For our approach, the network is pruned using SNR
with the probability of 50% except the frozen layers, which results in actually
only one set of parameters to learn. Instead of studying two sets of parameters
for two tasks separately, this pruning technique contributes to save the storage
space except two parameters (mean and standard deviation) which are inevitable
overhead in variational Bayesian learning. Overall, we achieve comparable results
compared to the EWC and IMM algorithms.
Split MNIST: Now we consider a more diﬃcult situation where the distributions of two tasks present more diﬀerent. First, the proposed method is evaluated
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Table 3. Results of Split MNIST experiment with k = 0.5.
Method Hyperparameter Test accuracy
EWC

λ = 20

52.72

IMM

α = 0.33

94.12

OUR

k = 0.5

98.58

under the same pruning ratio, and Table 3 witnesses the results with other two
approaches.
In fact, the second task in Split MNIST experiment follows a more diﬀerent
distribution than in the Shuﬄed MNIST experiment. It could be easily veriﬁed in Table 3 by the test accuracy of the EWC which achieves only 52.72%
compared to 98.20% in Shuﬄed MNIST experiment. The IMM obtains a better
result since it employs mixed posteriors with transfer learning techniques. The
proposed method obtains the best performance due to the individually trained
autoencoders whose reconstruction errors indicate corresponding tasks to conduct. If the gap between task distributions presents more larger, the propose
method will beneﬁt more from these diﬀerent distributions contrasted to other
approaches. Actually, the autoencoders are employed to study reconstruction
errors in diﬀerent data distributions. When the task behaves more diﬀerent than
previous ones, its reconstruction error is more likely to be diﬀerent than others.
Therefore, the correct autoencoder could be picked out more easily to serve as the
task identiﬁer. Apparently, the proposed method achieves the best performance
with self-adaptive autoencoders in this experiment.
Next, diﬀerent pruning ratio values are designed to state the signiﬁcance of
SNR for pruning network. Table 4 presents the relevant results.
Table 4. Results of Split MNIST experiment with diﬀerent pruning ratio k.
Pruning ratio k 0.25
Test accuracy

0.5

0.75

0.95

98.60 98.58 98.24 97.60

As the pruning ratio increases, more weights in the network are reset to zero
values, which brings a more lightweight neural network. It is natural to suppose
that the gradually decreased performances will present since the pruning ratio
increases. However, according to Table 4, although the 95% weights of network
in top layers are replaced with zero, there is still 97.60 average accuracy for the
Split MNIST experiment. Obviously, the drawback in this pruned network is
that more system overhead is incurred by the standard deviation of each weight
in the networks. Nevertheless, it illustrates that the variational Bayesian method
with pruning technique is capable of handing diﬀerent tasks with almost no performance degradation. In addition, the concurrently trained autoencoders assure
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that the correct matching of diﬀerent tasks’ parameters, which is a signiﬁcant
step for performing sequential multiple tasks without catastrophic forgetting.

4

Conclusions

In this paper, a Bayesian framework is adopted together with variational method
to approximate the posterior distributions of diﬀerent tasks. In order to resolve
the catastrophic forgetting problem, we utilize autoencoders as task identiﬁers
to self-adaptively select the corresponding parameters in sequential multi-task
scenario. Meanwhile, pruning technique based on SNR values contributes to a
more lightweight network, which greatly beneﬁts for the parameters reducing in
traditional variational Bayesian learning. The proposed method is testiﬁed by
two classical experiments, and more diﬀerent tasks will be expanded to study
the issue of overcoming catastrophic forgetting using the task similarity and
diﬀerence in our future works.
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