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ABSTRACT

Continual learning needs to overcome catastrophic forgetting of the past. Memory
replay of representative old training samples has been shown as an effective solution,
and achieves the state-of-the-art (SOTA) performance. However, existing work is
mainly built on a small memory buffer containing a few original data, which cannot
fully characterize the old data distribution. In this work, we propose memory replay
with data compression (MRDC) to reduce the storage cost of old training samples
and thus increase their amount that can be stored in the memory buffer. Observing
that the trade-off between the quality and quantity of compressed data is highly
nontrivial for the efficacy of memory replay, we propose a novel method based
on determinantal point processes (DPPs) to efficiently determine an appropriate
compression quality for currently-arrived training samples. In this way, using
a naive data compression algorithm with a properly selected quality can largely
boost recent strong baselines by saving more compressed data in a limited storage
space. We extensively validate this across several benchmarks of class-incremental
learning and in a realistic scenario of object detection for autonomous driving.

1 INTRODUCTION

The ability to continually learn numerous tasks and infer them together is critical for deep neural
networks (DNNs), which needs to mitigate catastrophic forgetting (McCloskey & Cohen, 1989) of
the past. Memory replay of representative old training samples (referred to as memory replay) has
been shown as an effective solution, and achieves the state-of-the-art (SOTA) performance (Hou et al.,
2019). Existing memory replay approaches are mainly built on a small memory buffer containing
a few original data, and try to construct and exploit it more effectively. However, due to the low
storage efficiency of saving original data, this strategy of building memory buffer will lose a lot
of information about the old data distribution. On the other hand, this usually requires huge extra
computation to further mitigate catastrophic forgetting, such as by learning additional parameters
(Liu et al., 2021a) or distilling old features (Hu et al., 2021).

Different from “artificial” memory replay in DNNs, a significant feature of biological memory is to
encode the old experiences in a highly compressed form and replay them to overcome catastrophic
forgetting (McClelland, 2013; Davidson et al., 2009; Carr et al., 2011). Thus the learned information
can be maintained in a small storage space as comprehensively as possible, and flexibly retrieved.
Inspired by the compression feature of biological memory replay, we propose memory replay with
data compression (MRDC), which can largely increase the amount of old training samples that can
be stored in the memory buffer by reducing their storage cost in a computationally efficient way.
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Figure 1: Averaged incremental accuracy and training time on ImageNet-sub. Using JPEG for data
compression can achieve comparable or better performance than recent strong approaches with less
extra computation (purple arrow), and can further improve their performance (gray arrow).

Given a limited storage space, data compression introduces an additional degree of freedom to
explicitly balance the quality and quantity for memory replay. With a properly selected quality, using
a naive JPEG compression algorithm (Wallace, 1992) can achieve comparable or better performance
than recent strong approaches with less extra computation (Fig. 1, purple arrow), and can further
improve their performance (Fig. 1, gray arrow). However, to empirically determine the compression
quality is usually inef�cient and impractical, since it requires learning a task sequence or sub-sequence
repeatedly1. We propose a novel method based on determinantal point processes (DPPs) to ef�ciently
determine it without repetitive training. Further, we demonstrate the advantages of our proposal in
realistic applications such as continual learning of object detection for autonomous driving, where
the incremental data are extremely large-scale.

Our contributions include: (1) We propose memory replay with data compression, which is both an
important baseline and a promising direction for continual learning; (2) We empirically validate that
the trade-off between quality and quantity of compressed data is highly nontrivial for memory replay,
and provide a novel method to ef�ciently determine it without repetitive training; (3) Extensive
experiments show that using a naive data compression algorithm with a properly selected quality can
largely improve memory replay by saving more compressed data in a limited storage space.

2 RELATED WORK

Continual learning needs to overcome catastrophic forgetting of the past when learning a new
task. Regularization-based methods (Kirkpatrick et al., 2017; Wang et al., 2021b) approximated the
importance of each parameter to the old tasks and selectively penalized its changes. Architecture-
based methods (Rusu et al., 2016) allocated a dedicated parameter subspace for each task to prevent
mutual interference. Replay-based methods (Rebuf� et al., 2017; Shin et al., 2017) approximated and
recovered the old data distribution. In particular, memory replay of representative old training samples
(referred to asmemory replay) can generally achieve the best performance in class-incremental
learning (Liu et al., 2021a; Hu et al., 2021) and in numerous other continual learning scenarios, such
as audio tasks (Ehret et al., 2020), few-shot (Tao et al., 2020b), semi-supervised (Wang et al., 2021a),
and unsupervised continual learning (Khare et al., 2021).

Most of the work in memory replay attempted to more effectively construct and exploit a small
memory buffer containing a few original data. As the pioneer work, iCaRL (Rebuf� et al., 2017)
proposed a general protocol of memory replay for continual learning. To better construct the memory
buffer, Mnemonics (Liu et al., 2020b) parameterized the original data and made them optimizable,
while TPCIL (Tao et al., 2020a) constructed an elastic Hebbian graph by competitive Hebbian
learning. On the other hand, BiC (Wu et al., 2019), LUCIR (Hou et al., 2019), PODNet (Douillard
et al., 2020), DDE (Hu et al., 2021) and AANets (Liu et al., 2021a) attempted to better exploit the
memory buffer, such as by mitigating the data imbalance between old and new classes (Hou et al.,
2019; Wu et al., 2019; Hu et al., 2021).

In contrast to saving original data, several work attempted to improve the ef�ciency of remembering
the old data distribution. One solution is to continually learn a generative model to replay generated
data (Shin et al., 2017; Wu et al., 2018) or compress old training data (Caccia et al., 2020). However,

1A naive grid search approach is to train continual learning processes with different qualities and choose the
best one, resulting in huge computational cost. Also, this strategy will be less applicable if the old data cannot be
revisited, or the future data cannot be accessed immediately.
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continual learning of such a generative model is extremely challenging, which limits its applications
to relatively simple domains, and usually requires a lot of extra computation. Another solution
is feature replay: GFR (Liu et al., 2020a) learned a feature generator from a feature extractor to
replay generated features, but the feature extractor suffered from catastrophic forgetting since it was
incrementally updated. REMIND (Hayes et al., 2020) saved the old features and reconstructed the
synthesized features for replay, but it froze the majority of feature extractor after learning the initial
phase, limiting the learning of representations for incremental tasks.

Data compressionaims to improve the storage ef�ciency of a �le, including lossless compression
and lossy compression. Lossless compression needs to perfectly reconstruct the original data from the
compressed data, which limits its compression rate (Shannon, 1948). In contrast, lossy compression
can achieve a much higher compression rate by degrading the original data, so it has been broadly used
in realistic applications. Representative hand-crafted approaches include JPEG (or JPG) (Wallace,
1992), which is the most commonly-used algorithm of lossy compression (Mentzer et al., 2020),
WebP (Lian & Shilei, 2012) and JPEG2000 (Rabbani, 2002). On the other hand, neural compression
approaches generally rely on optimizing Shannon's rate-distortion trade-off, through RNNs (Toderici
et al., 2015; 2017), auto-encoders (Agustsson et al., 2017) and GANs (Mentzer et al., 2020).

3 CONTINUAL LEARNING PRELIMINARIES

We consider a general setting of continual learning that a deep neural network (DNN) incrementally
learns numerous tasks from their task-speci�c training datasetD t = f (x t;i ; yt;i )gN t

i =1 , whereD t is
only available when learning taskt, (x t;i ; yt;i ) is a data-label pair andN t is the number of such
training samples. For classi�cation tasks, the training samples of each task might be from one or
several new classes. All the classes ever seen are evaluated at test time, and the classes from different
tasks need to be distinguished. This setting is also called class-incremental learning (van de Ven &
Tolias, 2019). Suppose such a DNN with parameter� has learnedT tasks and attempts to learn a
new task. Since the old training datasets

S T
t =1 D t are unavailable, the DNN will adapt the learned

parameters to �tDT +1 , and tend to catastrophically forget the old tasks McClelland et al. (1995).

An effective solution of overcoming catastrophic forgetting is to select and store representative old

training samplesD mb
t = f (x t;i ; yt;i )gN mb

t
i =1 in a small memory buffer (mb), and replay them when

learning the new task. For classi�cation tasks, mean-of-feature is a widely-used strategy to select
D mb

t (Rebuf� et al., 2017; Hou et al., 2019). After learning each task, features of the training data
can be obtained by the learned embedding functionF e

� (�). In each class, several data points nearest
to the mean-of-feature are selected into the memory buffer. Then, the training dataset of taskT + 1
becomesD 0

T +1 = DT +1
S

D mb
1:T , including both new training samplesDT +1 and some old training

samplesD mb
1:T =

S T
t =1 D mb

t , so as to prevent forgetting of the old tasks.

However, due to the limited storage space, only a few original data can be saved in the memory buffer,
namely,N mb

t � N t . Although numerous efforts in memory replay attempted to more effectively
exploit the memory buffer, such as by alleviating the data imbalance between the old and new classes,
this strategy of building memory buffer is less effective for remembering the old data distribution.

4 METHOD

In this section, we �rst present memory replay with data compression for continual learning. Then,
we empirically validate that there is a trade-off between the quality and quantity of compressed data,
which is highly nontrivial for memory replay, and propose a novel method to determine it ef�ciently.

4.1 MEMORY REPLAY WITH DATA COMPRESSION

Inspired by the biological memory replay that is in a highly compressed form (Carr et al., 2011), we
propose an important baseline for memory replay, that is, using data compression to increase the
amount of old training samples that can be stored in the memory buffer, so as to more effectively
recover the old data distribution. Data compression can be generally de�ned as a functionF c

q (�) of
compressing the original datax t;i to xq;t;i = F c

q (x t;i ) with a controllable qualityq. Due to the smaller
storage cost of eachxq;t;i thanx t;i , the memory buffer can maintain more old training samples for
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Figure 2: Memory replay with data compression on ImageNet-sub. We make a grid search of the JPEG
quality in f 10; 25; 50; 75; 90g. The quality of 100 refers to the original data without compression.

replay, namely,N mb
q;t > N mb

t for D mb
q;t = f (xq;t;i ; yt;i )g

N mb
q;t

i =1 in D mb
q;1:T =

S T
t =1 D mb

q;t . For notation
clarity, we will useD mb

q to denoteD mb
q;t without explicitly writing out its task labelt, likewise forx i ,

yi , N mb
q , N mb andD. The compression rate can be de�ned asr q = N mb

q =Nmb / N mb
q .

In analogy to the learning theory for supervised learning, we argue that continual learning will also
bene�t from replaying more compressed data, assuming that they approximately follow the original
data distribution. However, the assumption is likely to be violated if the compression rate is too
high. Intuitively, this leads to a trade-off between quality and quantity: if the storage space is limited,
reducing the qualityq of data compression will increase the quantityN mb

q of compressed data that
can be stored in the memory buffer, and vice versa.

Here we evaluate the proposed idea by compressing images with JPEG (Wallace, 1992), a naive but
commonly-used lossy compression algorithm. JPEG can save images with a quality in the range of
[1; 100], where reducing the quality results in a smaller �le size. Using a memory buffer equivalent
to 20 original images per class (Hou et al., 2019), we make a grid search of the JPEG quality with
representative memory replay approaches, such as LUCIR (Hou et al., 2019) and PODNet (Douillard
et al., 2020). As shown in Fig. 2, memory replay of compressed data with an appropriate quality can
substantially outperform that of original data. However, whether the quality is too large or too small,
it will affect the performance. In particular, the quality that achieves the best performance varies with
the memory replay approaches, but is consistent for different numbers of splits of incremental phases.

4.2 QUALITY -QUANTITY TRADE-OFF

Since the trade-off between qualityqand quantityN mb
q is highly nontrivial for memory replay, it needs

to be carefully determined. Formally, after learning each task from its training datasetD , let's consider

several compressed subsetsD mb
q = f (xq;i ; yi )g

N mb
q

i =1 , whereq is from a set of �nite candidates

Q = f q1; q2; q3; :::g. EachD mb
q is constructed by selecting a subsetD mb�

q = f (x i ; yi )g
N mb

q
i =1 of N mb

q

original training samples fromD (following mean-of-feature or other principles). The sizeN mb
q is

determined as the maximum number such that the compressed version ofD mb�
q to a qualityq can

be stored in the memory buffer (see details in Appendix A). Thereby, a smallerq enables to save a
largerN mb

q , and vice versa. The objective is to select a compressed subset that can best representD ,
namely, to determine an appropriateq for memory replay.

To understand the effects of data compression, which depends on the compression functionF c
q (�) and

the continually-learned embedding functionF e
� (�), we focus on analyzing the features of compressed

dataf q;i = F e
� (F c

q (x i )) . We �rst calculate the feature matrixM c
q = [ �f q;1; �f q;2; :::; �f q;N mb

q
] of each

compressed subsetD mb
q , where each column vector�f q;i is obtained by normalizingf q;i underL 2-

norm to keepjj �f q;i jj2 = 1 . Similarly, we obtain the feature matrixM �
q = [ �f 1; �f 2; :::; �f N mb

q
] of each

original subsetD mb�
q . Then, we can analyze the quality-quantity trade-off from two aspects:

On theempirical side, in Fig. 3 we use t-SNE (Van der Maaten & Hinton, 2008) to visualize features
of the original subset (light dot), which includes different amounts of original data, and its compressed
subset (dark dot), which is obtained by compressing the original subset to just �t in the memory
buffer. With the increase of quantity and the decrease of quality, the area of compressed subset is
initially similar to that of original subset and expands synchronously. However, as a large number of
low-quality compressed data occur out-of-distribution, the area of compressed subset becomes much
larger than that of its original subset, where the performance also severely declines (see Fig. 2, 3).
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Figure 3: t-SNE visualization of features of the original subset (light dots) and its compressed subset
(dark dots) after learning 5-phase ImageNet-sub with LUCIR. From left to right, the quantity is
increased from 37, 85 to 200, while the JPEG quality is reduced from 90, 50 to 10. We plot �ve
classes out of the latest task and label them in different colors. The crossed area is out-of-distribution.

On thetheoretical side, given a training datasetD , we aim to �nd the compressed subsetD mb
q that

can best representD by choosing an appropriate compression qualityq from its range. To achieve
this goal, we introducePq(D mb

q jD ) to characterize the conditional likelihood of selectingD mb
q given

inputD under parameterq. The goal of learning is to choose appropriateq based on the training tasks
for making accurate predictions on unseen inputs. While there are a variety of objective functions for
learning, here we focus on the widely-used maximum likelihood estimation (MLE), where the goal is
to chooseq to maximize the conditional likelihood of the observed data:

max
q

Pq(D mb
q jD ): (1)

The construction ofD mb
q can be essentially viewed as a sampling problem with the cardinality

N mb
q . Here, we apply Determinantal Point Processes (DPPs) to formulate the conditional likelihood

Pq(D mb
q jD ), since DPPs are not only elegant probabilistic sampling models (Kulesza & Taskar,

2012), which can characterize the probabilities for every possible subset by determinants, but also
provide a geometric interpretation of the probability by the volume spanned by all elements in the
subset (detailed in Appendix C.2). In particular, a conditional DPP is a conditional probabilistic model
which assigns a probabilityPq(D mb

q jD ) to each possible subsetD mb
q . Since the network parameter

� is �xed during compression, and the feature matrixM c
q = F e

� (D mb
q ), we rewritePq(D mb

q jD ) as
Pq(M c

q jD ) equivalently. Formally, such a DPP formulates the probabilityPq(D mb
q jD ) as

Pq(M c
q jD ) =

det(L M c
q
(D ; q; � ))

P
jM j= N mb

q
det(L M (D ; q; � ))

; (2)

wherejM c
q j = N mb

q andL(D ; q; � ) is a conditional DPPjD j � j D j kernel matrix that depends on
the inputD , the parameters� andq. L M (D ; q; � ) (resp.,L M c

q
(D ; q; � )) is the submatrix sampled

from L(D ; q; � ) using indices fromM (resp.,M c
q ). The numerator de�nes the marginal probability

of inclusion for the subsetM c
q , and the denominator serves as a normalizer to enforce the sum

of Pq(M c
q jD ) for every possibleM c

q to 1. Generally, there are many ways to obtain a positive
semi-de�nite kernelL . In this work, we employ the most widely-used dot product kernel function,
whereL M c

q
= M c>

q M c
q andL M = M > M .

However, due to the extremely high complexity of calculating the denominator in Eq. (2) (analyzed
in Appendix C.1), it is dif�cult to optimizePq(M c

q jD ). Alternatively, by introducingPq(M �
q jD )

to characterize the conditional likelihood of selectingM �
q given inputD under parameterq, we

propose a relaxed optimization program of Eq. (1), in which we (1) maximizePq(M �
q jD ) since

Pq(M c
q jD ) � P q(M �

q jD ) is always satis�ed under lossy compression; and meanwhile, (2) constrain
thatPq(M c

q jD ) is consistent withPq(M �
q jD ). The relaxed program is solved as follows.

First, by formulatingPq(M �
q jD ) similarly asPq(M c

q jD ) in Eq. (2) (detailed in Appendix C.2), we
need to maximize

L 1(q) = Pq(M �
q jD ) =

det(L M �
q
(D ; � ))

P
jM � j= N mb

q
det(L M � (D ; � ))

; (3)

where the conditional DPP kernel matrixL (D ; � ) only depends onD and� . For our task,Pq(M �
q jD )

monotonically increases withN mb
q . Thus, optimizingL 1 is converted intomaxq N mb

q equivalently,
with signi�cantly reduced complexity (detailed in Proposition 1 of Appendix C.3).
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Second, to constrain thatPq(M c
q jD ) is consistent withPq(M �

q jD ), we propose to minimize

L 2(q) =

�
�
�
�
Pq(M c

q jD )

Pq(M �
q jD )

� 1

�
�
�
� =

�
�
�
�
�
det(M c>

q M c
q )

det(M �>
q M �

q )
Zq � 1

�
�
�
�
�

=

�
�
�
�
�

�
Volcq
Vol �q

� 2

Zq � 1

�
�
�
�
�

=
�
�R2

qZq � 1
�
� ; (4)

whereZq =
P

j M � j = N mb
q

det( L M � (D ;� ))
P

j M j = N mb
q

det( L M (D ;q;� )) . In particular,det(M �>
q M �

q ) has a geometric interpretation

that it is equal to the squared volume spanned byM �
q (Kulesza & Taskar, 2012), denoted asVol �q,

likewise fordet(M c>
q M c

q ) with respect toVolcq. Then we de�neRq =
Vol c

q

Vol �
q

as the ratio of the two

feature volumes. To avoid computingZq, we can convert optimizingL 2 into minimizingjRq � 1j
equivalently, since both of them mean maximizingq (detailed in Proposition 2 of Appendix C.4).

PuttingL 1 andL 2 together, our method is �nally reformulated as

max
q

g(q)

s:t:; q 2 Q; jRq � 1j < �;
(5)

where� is a small positive number to serve as the threshold ofRq. g(�) : R ! N represents the
function that outputs the maximum number (i.e.,N mb

q ) such that the compressed version ofD mb�
q

to a qualityq can be stored in the memory buffer. Note that we relax the original restriction of
minimizing jRq � 1j by enforcingjRq � 1j < � , since maximizingN mb

q for L 1 and maximizing
q for L 2 cannot be achieved simultaneously. Of note,Rq is calculated by normalizing the feature
volumeVolcq with Vol �q, both of which depend onq (i.e.,N mb

q ). Therefore,� can largely mitigate the
sensitivity ofq to various domains and can be empirically set as a constant value (see Sec. 4.3).

Since the functiong(�) in Eq. (5) is highly non-smooth, gradient-based methods are not applicable.
Indeed, we solve it by selecting the best candidate in a �nite-size setQ. Generally, the candidate
values inQ can be equidistantly selected from the range ofq, such as[1; 100] for JPEG. More
candidate values can determine a properq more accurately, but the complexity will grow linearly. We
found that selecting 5 candidate values is a good choice in our experiments. Once we solve Eq. (5), a
good trade-off is achieved by reducingq as much as possible to obtain a largerN mb

q , while keeping
the feature volumeVolcq similar toVol �q. This is consistent with our empirical analysis in Fig. 3.

4.3 VALIDATE OUR METHOD WITH GRID SEARCH RESULTS

Figure 4: Properly select a quality without repetitive training.

In essence, the grid search described
in Sec. 4.1 can be seen as a naive ap-
proach to determine the compression
quality, which is similar to selecting
other hyperparameters for continual
learning (Fig. 4, a). This strategy is to
learn a task sequence or sub-sequence
using different qualities and choose
the best one (Fig. 4, b), which leads
to huge extra computation and will be
less applicable if the old data cannot
be revisited, or the future data cannot
be accessed immediately. In contrast,
our method described in Sec. 4.2 only
needs to calculate the feature volumes
of each compressed subsetD mb

q and
original subsetD mb�

q (Fig. 4, c), with-
out repetitive training.

Now we validate the quality determined by our method with the grid search results, where LUCIR and
PODNet achieve the best performance at the JPEG quality of 50 and 75 on ImageNet-sub, respectively
(see Fig. 2). We presentRq in each incremental phase and the averagedRq of all incremental phases
for 5-phase split in Fig. 5 and for 10- and 25-phase splits in Appendix Fig.13. Based on the principle
in Eq. (5) with� = 0 :5, it can be clearly seen that 50 and 75 are the qualities chosen for LUCIR and
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Figure 5: For 5-phase ImageNet-sub, we presentRq in each incremental phase with various compres-
sion qualitiesq, and the averagedRq of all incremental phases.

PODNet, respectively, since they are the smallest qualities that satisfyjRq � 1j < � . Therefore, the
quality determined by our method is consistent with the grid search results, but the computational
cost is saved by more than 100 times. Interestingly, for each qualityq, whetherjRq � 1j < � is
generally consistent in each incremental phase and the average of all incremental phases. We further
explore the scenarios whereRq might be more dynamic in Appendix D.4.

5 EXPERIMENT

In this section, we �rst evaluate memory replay with data compression (MRDC) in class-incremental
learning of large-scale images. Then, we demonstrate the advantages of our proposal in realistic
semi-supervised continual learning of large-scale object detection for autonomous driving.2

5.1 CLASS-INCREMENTAL LEARNING

Benchmark: We consider three benchmark datasets of large-scale images for continual learning.
CUB-200-2011 (Wah et al., 2011) is a large-scale dataset including 200-class 11,788 colored images
of birds with default format of JPG, split as 30 images per class for training while the rest for testing.
ImageNet-full (Russakovsky et al., 2015) includes 1000-class large-scale natural images with default
format of JPEG. ImageNet-sub (Hou et al., 2019) is a subset derived from ImageNet-full, consisting
of randomly selected 100 classes of images. Following Hou et al. (2019), we randomly resize, crop
and normalize the images to the size of224� 224, and randomly split a half of the classes as the initial
phase while split the rest into 5, 10 and 25 incremental phases. We report the averaged incremental
accuracy with single-head evaluation (Chaudhry et al., 2018) in the main text, and further present the
averaged forgetting in Appendix E.3.

Implementation: We follow the implementation of representative memory replay approaches (Hou
et al., 2019; Douillard et al., 2020) (detailed in Appendix B.1), where we focus on constraining a
certain storage space of the memory buffer rather than a certain number of images. The storage
space is limited to the equivalent of 20 original images per class, if not speci�ed. We further discuss
the effects of different storage space in Fig. 7, a �xed memory budget in Appendix E.4 and less
compressed samples in Appendix E.5. For data compression, we apply a naive but commonly-used
JPEG (Wallace, 1992) algorithm to compress images to a controllable quality in the range of[1; 100].

Baseline: We evaluate representative memory replay approaches such as LwF (Li & Hoiem, 2017),
iCaRL (Rebuf� et al., 2017), BiC (Wu et al., 2019), LUCIR (Hou et al., 2019), Mnemonics (Liu
et al., 2020b), TPCIL (Tao et al., 2020a), PODNet (Douillard et al., 2020), DDE (Hu et al., 2021)
and AANets (Liu et al., 2021a). In particular, AANets and DDE are therecent strong approaches
implemented on the backbones of LUCIR and PODNet, so we also implement ours on the two
backbones. Since both AANets and DDE only release their of�cial implementation on LUCIR, we
further reproduce LUCIR w/ AANets and LUCIR w/ DDE for fair comparison.

Accuracy: We summarize the performance of the above baselines and memory replay with data
compression (MRDC, ours) in Table 1. Using the same extra storage space, ours achieves comparable
or better performance than AANets and DDE on the same backbone approaches, and can further
boost their performance by a large margin. The improvement from ours is due to mitigating the
averaged forgetting, detailed in Appendix E.3. For CUB-200-2011 with only a few training samples,
all old data can be saved in the memory buffer with a high JPEG quality of 94. In contrast, for
ImageNet-sub/-full, only a part of old training samples can be selected, compressed and saved in the

2All experiments are averaged by more than three runs with different random seeds.
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Table 1: Averaged incremental accuracy (%) of classi�cation tasks. The reproduced results are
presented with� standard deviation, while others are reported results. The reproduced results might
slightly vary from the reported results due to different random seeds.1With class-balance �netuning.
2PODNet reproduced by Hu et al. (2021) underperforms that in Douillard et al. (2020).

CUB-200-2011 ImageNet-sub ImageNet-full

Method 5-phase 10-phase 25-phase 5-phase 10-phase 25-phase 5-phase 10-phase

LwF (Li & Hoiem, 2017) 39.42� 0:48 38.53� 0:96 36.33� 0:74 53.62 47.64 44.32 44.35 38.90

iCaRL (Rebuf� et al., 2017) 39.49� 0:58 39.31� 0:66 38.77� 0:73 65.44 59.88 52.97 51.50 46.89

BiC (Wu et al., 2019) 45.29� 0:88 45.25� 0:70 45.17� 0:27 70.07 64.96 57.73 62.65 58.72

Mnemonics (Liu et al., 2020b) – – – 72.58 71.37 69.74 64.54 63.01

TPCIL (Tao et al., 2020a) – – – 76.27 74.81 – 64.89 62.88

LUCIR (Hou et al., 2019) 44.63� 0:32 45.58� 0:28 45.48� 0:66 70.84 68.32 61.44 64.45 61.57

w/ AANets (Liu et al., 2021a) – – – 72.55 69.22 67.60 64.94 62.39

w/ DDE (Hu et al., 2021) – – – 72.34 70.20 – 67.511 65.771

w/ MRDC (Ours) 46.68� 0:60 47.28� 0:51 48.01� 0:72 73.56� 0:27 72.70� 0:47 70.53� 0:57 67.53� 0:08
1 65.29� 0:10

1

w/ AANets (Reproduced) 46.87� 0:66 47.34� 0.77 47.35� 0:95 72.91� 0:45 71.93� 0:52 70.70� 0:46 63.37� 0:26 62.46� 0:14

w/ AANets +MRDC (Ours) 49.02� 1:07 49.84� 0:87 51.33� 1:42 73.79� 0:42 73.73� 0:37 73.47� 0:35 64.99� 0:13 63.04� 0:11

w/ DDE (Reproduced) 45.86� 0:65 46.48� 0:69 46.46� 0:33 73.04� 0:36 70.84� 0:59 66.61� 0:68 66.95� 0:09
1 65.21� 0:05

1

w/ DDE + MRDC (Ours) 47.16� 0:60 48.33� 0:48 48.37� 0:34 75.12� 0:17 73.39� 0:29 70.83� 0:34 67.90� 0:05
1 66.67� 0:23

1

PODNet (Douillard et al., 2020) 44.92� 0:31 44.49� 0:65 43.79� 0:44 75.54 74.33 68.31 66.95 64.13

w/ AANets (Liu et al., 2021a) – – – 76.96 75.58 71.78 67.73 64.85

w/ DDE (Hu et al., 2021) – – – 76.71 75.41 – 66.422 64.71

w/ MRDC (Ours) 46.00� 0:28 46.09� 0:37 45.84� 0:43 78.08� 0:66 76.02� 0:54 72.72� 0:74 68.91� 0:16 66.31� 0:26

memory buffer, where our method can ef�ciently determine the compression quality for LUCIR and
PODNet (see Sec. 4.3 and Appendix D.2), and for AANets and DDE (see Appendix D.3).

Figure 6: Averaged incremental accuracy (the column, left
Y-axis) and computational cost (the triangle, right Y-axis) on
ImageNet-sub. We run each baseline with one Tesla V100.

Computational Cost: Limiting the
size of memory buffer is not only
to save its storage, but also to save
the extra computation of learning all
old training samples again. Here we
evaluate the computational cost of
AANets, DDE and memory replay
with data compression (MRDC, ours)
on LUCIR (see Fig. 6 for ImageNet-
sub and Appendix Table 3 for CUB-
200-2011). Both AANets and DDE
require a huge amount of extra com-
putation to improve the performance
of continual learning, which is gener-
ally several timesthat of the backbone approach. In contrast, ours achieves competing or more
performance improvement but only slightly increases the computational cost.

Figure 7: The effects of different storage space (equal to 10, 20, 40 and 80 original images per class)
on ImageNet-sub. LUCIR (a) and PODNet (b) are reproduced from their of�cially-released codes.

Storage Space:The impact of storage space is evaluated in Fig. 7. Limiting the storage space to
equivalent of 10, 20, 40 and 80 original images per class, ours can improve the performance of
LUCIR and PODNet by a similar margin, where the improvement is generally more signi�cant for

8




	Introduction
	Related Work
	Continual Learning Preliminaries
	Method
	Memory Replay with Data Compression 
	Quality-Quantity Trade-off
	Validate Our Method with Grid Search Results

	Experiment
	Class-Incremental Learning
	Large-Scale Object Detection

	Conclusion
	Trade-off between Quality and Quantity
	Implementation Detail
	Class-Incremental Learning
	Large-Scale Object Detection

	Theoretical Analysis
	Determinantal Point Processes (DPPs) Preliminaries
	Modeling Our Case as A Conditional Nqmb-DPP
	The First Goal
	The Second Goal

	Empirical Analysis
	t-SNE Visualization of Normalized Features
	Rq for 5-, 10- and 25-phase ImageNet-sub
	AANets and DDE
	Static vs Dynamic Quality

	Additional Results
	Computational Cost
	Storage Space
	Averaged Forgetting
	Fixed Memory Budget
	Less Compressed Samples


