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1 APPENDIX
1.1 Dataset Details
Seq-CIFAR-10-LT and Seq-CIFAR-100-LT. The original versions
of CIFAR-10 and CIFAR-100 contain 50,000 training and 10,000 test-
ing images, respectively. Moreover, the class numbers are 10 and
100. Following [1], the long-tailed versions of them are sampled
from the original ones with different imbalance ratios, mainly in-
cluding 0.01, 0.02, 0.05, and 0.1. The testing set is unchanged. For
the CL setting, the dataset is split into 5 tasks, each of which has 2
or 20 classes.

Seq-TinyImageNet-LT. The original versions of TinyImageNet
contain 100,000 training and 10,000 testing images, respectively.
The class number is 200. Following [1], the long-tailed version is
sampled from the original ones with different imbalance ratios
(IR), mainly including 0.01, 0.02, 0.05, and 0.1. The testing set is
unchanged. For the CL setting, the dataset is split into 10 tasks,
each of which has 20 classes.

1.2 Varying Imbalance Ratios
Different IRs on Seq-CIFAR10-LT and Seq-CIFAR100-LT un-
der Ordered-LTCL. In this section, we provide the detailed experi-
mental results under the ordered-LTCL setting on Seq-CIFAR10-LT
and Seq-CIFAR100-LT with various IRs and buffer sizes. As shown
in Table 2 and 3, our method outperforms previous methods by a
large margin for both Class-IL and Task-IL settings. Particularly,
with the different buffer sizes, the overall accuracy on the total
classes is improved compared with the previous strong baselines
DER and DER++. Additionally, it is observed that the methods re-
sorting to gradients (GEM, A-GEM, GSS) seem to be less effective
under this scenario, since the gradient information is influenced by
imbalance distribution. In particular, compared to rehearsal meth-
ods, our method exhibits strong performance in most settings.

Different IRs on Seq-TinyImageNet-LT under Ordered-
LTCL. Table 4 reports the detailed experimental results under
the ordered-LTCL setting on the Seq-TinyImageNet-LT dataset
with various IRs and buffer sizes. The observations are consistent
with those on Seq-CIFAR10-LT and Seq-CIFAR100-LT datasets. Our
method could achieve SOTA performance in almost all settings on
such a large-scale dataset. We notice that a larger buffer size gener-
ally performs higher accuracy results but has a higher probability
of influencing the learning of new tasks. Thus, we could conclude
that boundary supporting samples carry more valuable informa-
tion to prevent forgetting. Besides, the similarity and prototype
information can be preserved in the memory.

Visualization of Selected Samples. Visualization can intu-
itively reflect the role of uncertainty-guided sampling for the mem-
ory buffer. During task evolution on the Seq-CIFAR-10-LT, we re-
port the 2D t-SNE visualization of selected samples in memory

Algorithm 1 Reservoir Sampling with Uncertainty
Input: bufferM, parameters 𝜃 , number of seen samples 𝑁 ,

current data 𝐷𝑐
𝐷̂𝑐 [·]

𝑀𝐼←−− 𝐷𝑐 , 𝑖 = 0, 𝑁++
for 𝑙 = 0 in range(length(𝐷𝑐 )) do

if |M| > 𝑁 then
M ← 𝐷̂𝑐 [𝑖++]

else
j=randomInteger(min= 0, max= 𝑁 )
if 𝑗 < |M| then
M ← 𝐷̂𝑐 [𝑖++]

returnM

Algorithm 2 Balanced Experience Replay++
Input: dataset 𝐷 , parameters 𝜃 , learning rate 𝜂, scalar 𝜏1, 𝜏2, and

scalar 𝛼
M ← {}
while D not end do

for (𝑥,𝑦) in {𝐷 ∪M} do
L𝑘𝑙 ← 𝐷𝐾𝐿 (𝑓𝜃 ∗ (x)∥ 𝑓𝜃 (x))
L𝑡𝑐 ← 𝑀𝐶𝐸 (𝑓𝜃 (x), 𝑦)
𝜃 ← 𝜃 + 𝜂∇𝜃 (L𝑡𝑐 + 𝛼L𝑘𝑙 )

return Updated 𝜃

buffer for each task under the ordered-LTCL setting. As shown in
Figure 3, different columns denotes the different tasks. Colorful
points are associated with the samples that are selected into the
memory buffer, while gray points are not. Guided by the uncer-
tainty, most boundary supporting samples are stored in the memory
buffer, which can reduce the influence of the forgetting problem.
Due to class imbalance, new classes with fewer samples are influ-
enced by both forgetting and majority classes, thus producing more
uncertain samples for each task. Besides, with increasing buffer size,
more boundary supporting samples of old classes can be stored,
which can help to model task boundaries with new data.
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Table 1: Detailed Dataset Information.

Dataset #Class #Training #Test #Task

Seq-CIFAR-10-LT 10 ≤20,431 10,000 5
Seq-CIFAR-100-LT 100 ≤19,573 10,000 5

Seq-TinyImageNet-LT 200 ≤21,549 10,000 10
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Figure 1: Performance comparisons of several classical CL methods (EWC [2], SI [8], Lwf [3], GEM [4], iCaRL [6], and ER [5, 7])
and the proposed PBR method. Existing method mainly focus on weight regularization or experience relay to alleviate the the
catastrophic forgetting problem, which still suffer from the imbalance issue due to the deteriorated feature space. Our method
can obtain higher recognition accuracy via learning an evolved feature space with prototype and boundary constraints.

Figure 2: BWT results on Seq-CIFAR-10-LT under the ordered-LTCL setting. Buffer size is 200. Our method can achieve best
results compared previous solutions.
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Figure 3: Selected samples during task evolution on Seq-CIFAR-10-LT under the ordered-LTCL setting. IR is 0.01. Buffer size is
50. The colorful points denote the selected samples into the memory buffer, while the gray points are not selected.

Table 2: Ordered-LTCL Accuracy on Seq-CIFAR-10-LT. The architecture is ResNet18.

Buffer Method
Seq-CIFAR-10-LT

0.01 0.02 0.05 0.1
Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL

-

oEWC 17.53±0.47 62.26±4.52 18.20±0.45 61.87±4.31 18.24±0.26 62.61±3.85 18.01±0.15 58.27±4.21
SI 16.95±0.33 62.48±4.51 17.79±0.30 63.72±4.27 18.27±0.18 64.11±4.32 19.08±0.18 64.11±4.53
LwF 16.70±0.20 59.44±1.32 17.56±0.18 27.45±1.33 18.85±0.12 61.39±1.25 18.97±0.01 33.93±1.17
PNN - 84.72±0.88 - 87.61±0.72 - 90.39±0.71 - 90.00±0.68

200

ER 39.14±1.68 85.72±1.01 43.10±1.52 86.97±0.98 47.38±1.43 89.17±1.01 52.99±1.56 90.10±0.88
GEM 29.20±0.97 82.83±0.87 22.40±0.89 86.60±0.97 22.52±1.12 86.22±1.24 21.91±0.87 89.35±0.98
A-GEM 27.00±0.67 77.56±1.42 18.24±0.60 79.57±1.71 18.82±0.69 77.79±1.53 19.03±0.58 84.35±1.68
A-GEM-R 17.86±0.87 71.44±1.64 17.24±0.71 76.80±1.32 18.14±1.02 75.49±1.68 18.13±0.61 73.29±1.59
iCaRL 40.27±3.24 86.90±2.12 43.85±3.01 87.33±1.99 42.85±3.54 86.35±2.23 51.31±2.97 90.75±2.08
FDR 28.54±3.17 72.52±0.99 31.13±2.36 85.67±1.02 43.06±1.98 90.17±0.88 40.78±2.68 88.53±0.97
GSS 35.71±3.64 85.74±1.87 36.85±3.67 87.07±2.03 38.90±3.54 86.76±1.67 37.40±3.76 88.46±1.94
HAL 30.91±2.97 75.03±2.12 28.59±2.53 73.59±2.62 33.27±2.43 76.32±2.45 27.98±2.54 80.21±2.77
DER 28.00±1.81 74.75±1.44 43.23±1.74 85.17±1.22 51.20±1.79 87.57±1.38 61.52±1.63 90.54±1.13

DER++ 37.65±1.87 83.25±1.24 44.03±1.75 87.35±1.11 55.63±1.66 89.64±1.17 60.68±1.48 90.98±0.95
Ours 51.00±1.74 89.99±1.32 54.24±1.23 91.53±0.99 58.93±1.45 92.06±1.05 62.69±1.51 92.19±0.92

500

ER 56.01±0.61 87.42±0.54 60.08±0.49 88.97±0.43 63.39±0.52 92.82±0.47 60.06±0.41 92.46±0.35
GEM 28.46±1.77 84.16±0.75 22.41±1.45 89.05±0.66 20.57±1.32 90.83±0.67 27.65±1.13 90.01±0.56
A-GEM 18.09±0.71 79.27±1.55 18.28±0.60 79.35±1.43 18.80±0.57 81.08±1.12 19.18±0.66 83.39±1.32
A-GEM-R 11.32±0.67 57.97±1.54 17.54±0.63 78.14±1.54 18.05±0.62 74.95±1.52 20.75±0.67 79.06±1.32
iCaRL 45.08±3.99 87.53±3.01 46.83±3.96 88.75±2.64 52.81±3.82 91.29±2.67 53.54±3.72 90.80±2.54
FDR 30.76±3.58 84.11±1.01 49.54±3.32 87.94±0.96 37.59±3.57 90.14±1.11 46.13±3.31 90.42±0.63
GSS 47.63±4.15 87.65±1.32 42.21±4.33 87.60±1.64 44.60±4.03 90.19±1.42 49.93±4.56 91.54±1.57
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Table 3: Ordered-LTCL Accuracy on Seq-CIFAR-100-LT. The architecture is ResNet18.

Buffer Method
Seq-CIFAR-100-LT

0.01 0.02 0.05 0.1
Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL

-

oEWC 8.09±0.30 18.23±3.22 6.63±0.24 15.17±3.17 11.95±0.22 21.95±3.15 11.31±0.20 21.20±3.18
SI 7.85±0.52 18.23±4.17 6.70±0.51 19.59±4.06 13.56±0.60 29.53±4.54 9.93±0.25 24.93±3.97
LwF 8.47±0.20 14.80±2.13 8.29±0.21 15.22±2.20 13.52±0.17 19.51±2.10 13.66±0.10 20.37±2.04
PNN - 48.89±0.86 - 43.61±0.83 - 63.02±0.84 - 57.99±0.71

200

ER 14.72±2.31 42.32±1.17 16.54±2.11 46.81±1.14 19.21±2.34 53.03±1.27 19.57±1.94 55.73±1.07
GEM 16.15±1.02 43.54±1.17 14.94±1.09 39.90±1.01 19.30±0.97 51.89±0.99 11.10±0.86 43.28±1.14
A-GEM 11.91±0.45 30.57±1.57 7.88±0.57 26.48±1.62 13.15±0.38 37.08±1.49 8.12±0.40 29.81±1.49
A-GEM-R 6.59±0.40 21.62±1.57 4.15±0.39 16.58±1.52 9.58±0.41 32.60±1.47 9.12±0.39 27.99±1.45
iCaRL 22.85±3.54 49.62±2.21 20.40±3.43 46.17±2.27 30.33±3.56 54.83±2.39 26.67±3.47 54.55±2.21
FDR 19.63±3.01 46.03±0.97 19.32±2.97 45.76±1.32 21.86±2.99 54.06±1.30 15.82±3.01 48.73±1.10
GSS 11.78±4.12 40.56±1.57 14.15±4.52 43.45±1.68 15.30±3.97 45.61±1.27 16.34±3.87 47.20±1.09
HAL 5.18±3.20 17.25±2.74 5.28±3.19 21.95±2.68 8.52±2.97 24.54±2.45 7.89±3.14 22.15±2.38
DER 18.31±2.03 47.81±1.27 9.38±2.17 33.47±1.64 28.16±1.91 57.55±0.97 9.75±1.87 42.45±1.02

DER++ 19.62±1.95 46.22±1.14 7.75±1.99 31.81±1.43 26.45±1.74 56.70±1.03 11.28±1.79 46.23±0.93
Ours 24.18±1.67 50.66±0.85 20.65±1.87 47.53±0.92 31.32±1.58 54.99±0.98 28.69±1.67 55.19±1.13

500

ER 20.50±0.36 49.63±0.31 25.05±0.38 54.87±0.32 25.28±0.33 58.02±0.29 27.33±0.31 61.23±0.36
GEM 22.47±2.45 49.63±1.01 7.88±1.58 34.81±0.57 25.71±1.69 59.28±0.68 13.14±1.57 34.07±0.89
A-GEM 8.68±2.57 49.63±2.23 7.77±1.78 28.22±0.73 12.96±1.77 34.82±0.93 13.78±1.86 34.00±1.01
A-GEM-R 6.70±2.46 23.03±2.07 4.27±1.88 18.93±0.86 10.78±1.89 32.24±1.04 10.44±1.77 31.20±0.86
iCaRL 24.51±2.03 50.74±1.08 24.3±1.81 50.40±0.97 33.61±1.73 60.94±0.92 30.80±1.60 58.97±0.89
FDR 24.99±0.54 50.37±0.86 18.32±0.67 45.07±0.73 30.04±0.66 60.67±0.71 17.92±0.62 53.96±0.58
GSS 14.74±3.97 44.82±0.95 16.22±3.86 45.29±1.00 18.55±3.74 52.66±0.91 19.09±3.60 55.26±0.88
HAL 14.74±4.56 44.82±3.19 7.86±4.44 21.43±3.09 5.77±4.15 19.34±3.01 9.29±4.19 27.07±3.13
DER 20.47±1.01 50.23±1.23 15.99±1.18 43.41±1.06 31.76±0.97 61.67±1.03 13.46±0.93 50.82±0.97

DER++ 20.90±0.98 51.88±1.14 15.80±1.05 43.55±0.94 30.69±1.06 62.66±1.11 17.43±0.93 53.89±1.02
Ours 25.05±1.32 52.23±1.29 25.48±1.17 50.85±1.09 34.33±1.25 63.86±1.27 32.40±1.20 60.59±1.11
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Table 4: Ordered-LTCL Accuracy on Seq-TinyImageNet-LT. The model is ResNet18.

Buffer Method
Seq-TinyImageNet-LT

0.01 0.02 0.05 0.1
Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL

50

ER 3.89±0.37 23.38±2.32 4.73±0.34 25.27±1.97 6.04±0.37 27.73±2.10 6.8±0.34 26.22±2.13
A-GEM 2.99±0.14 11.12±0.20 3.27±0.11 11.56±0.18 5.12±0.08 14.57±0.14 6.32±0.06 18.17±0.07
A-GEM-R 2.38±0.09 9.93±0.17 3.39±0.14 12.85±0.12 4.23±0.10 12.92±0.07 4.98±0.09 14.48±0.06

FDR 3.86±0.23 21.13±0.77 4.57±0.20 20.86±0.75 5.77±0.43 24.05±0.88 6.49±0.71 26.79±0.74
DER 4.52±0.78 23.75±0.76 5.01±0.68 23.81±0.78 6.36±0.69 24.83±0.80 6.41±0.62 24.68±0.77

DER++ 3.18±1.41 23.19±1.53 4.88±1.26 24.83±1.44 5.77±1.57 25.32±1.31 7.92±1.32 26.58±1.48
Ours 4.83±1.67 23.80±1.55 5.49±1.54 25.07±1.63 6.78±1.34 26.08±1.23 8.32±1.45 29.98±1.52

200

ER 5.58±0.57 35.31±0.67 5.78±0.22 34.72±1.78 6.54±0.55 37.63±1.33 7.21±0.23 38.54±1.47
A-GEM 3.34±0.24 12.16±0.21 2.75±0.25 10.95±0.17 5.06±0.23 15.22±0.20 6.17±0.14 17.52±0.10
A-GEM-R 2.60±0.27 11.02±0.29 3.22±0.26 11.06±0.20 3.54±0.16 13.31±0.17 4.62±0.14 14.51±0.11
iCaRL 7.01±0.62 29.13±1.68 8.18±0.55 33.49±1.54 8.36±0.60 34.05±1.65 10.39±0.57 36.88±1.53
FDR 5.98±0.34 31.15±0.77 6.79±0.40 31.73±0.79 7.40±0.27 34.84±0.85 7.85±0.23 37.22±0.77
DER 6.56±0.82 35.29±0.78 6.61±0.67 36.57±0.81 9.69±0.58 39.54±0.79 11.77±0.59 40.00±0.67

DER++ 6.92±1.53 34.52±1.36 8.00±1.45 35.48±1.33 8.75±1.14 37.20±1.32 10.61±0.97 39.96±1.01
Ours 10.24±1.44 36.01±1.32 8.25±1.47 37.59±1.52 9.80±1.33 42.64±1.08 12.54±1.44 40.45±0.98

500

ER 8.49±0.59 39.61±0.94 9.23±0.60 41.42±0.89 8.88±0.56 42.36±0.66 9.61±0.54 44.91±0.75
A-GEM 3.09±0.44 10.35±0.77 4.17±0.34 13.94±0.69 4.96±0.47 15.09±0.76 6.0±0.32 15.83±0.50
A-GEM-R 2.42±0.43 11.11±0.78 3.04±0.37 11.09±0.62 4.53±0.38 13.25±0.74 5.07±0.42 14.51±0.61
iCaRL 10.51±1.76 11.87±3.01 11.37±1.54 38.67±3.19 12.74±1.44 40.39±3.20 13.13±1.33 11.37±3.22
FDR 10.21±0.45 39.42±1.03 10.76±0.37 43.22±1.00 10.46±0.35 45.16±1.14 10.00±0.33 45.86±0.86
DER 9.22±1.23 43.38±1.08 9.71±1.39 44.59±0.97 11.28±1.15 45.83±1.04 13.70±1.15 49.11±0.98

DER++ 10.42±1.47 41.94±1.23 12.39±1.40 45.17±1.08 14.34±1.22 47.98±1.17 15.66±0.97 47.88±1.28
Ours 10.78±1.25 44.13±1.36 13.12±1.34 46.54±1.17 16.33±1.18 49.24±1.17 16.34±1.07 50.43±1.29

1000

ER 12.81±0.43 46.99±0.35 13.17±0.47 49.06±0.33 13.44±0.39 52.06±0.36 13.38±0.37 53.25±0.31
A-GEM 3.45±0.33 12.58±0.74 3.90±0.38 13.05±0.69 5.12±0.38 14.41±0.72 6.14±0.30 16.94±0.71
A-GEM-R 2.47±0.37 10.44±0.64 2.68±0.37 12.54±0.74 4.46±0.31 13.04±0.77 4.78±0.29 14.12±0.64
iCaRL 14.01±2.12 42.99±3.01 15.38±1.87 45.15±3.14 16.79±2.14 47.77±3.36 17.71±2.11 49.91±3.37
FDR 16.77±0.67 47.01±0.79 16.49±0.77 49.29±0.84 15.74±0.71 50.74±0.83 16.36±0.56 54.05±0.69
DER 8.81±1.01 43.53±1.23 9.44±0.97 41.19±1.10 13.02±0.90 49.92±1.04 17.53±0.79 55.44±0.94

DER++ 12.54±1.12 47.02±1.23 15.76±1.07 50.00±1.19 16.65±1.11 52.89±1.27 17.98±1.09 55.76±1.16
Ours 12.97±1.32 50.13±1.17 16.92±1.22 51.00±1.21 17.33±1.17 55.44±1.20 18.45±1.10 58.55±1.16
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Table 5: BWT results under ordered-LTCL.

Buffer Method Seq-CIFAR-10-LT
0.01 0.02 0.05 0.1

-

oEWC -58.50 -58.33 -67.50 -70.82
SI -59.36 -53.78 -71.52 -71.03
LwF -58.93 -60.23 -68.93 -72.32
PNN - - - -

200

ER -52.28 -57.05 -61.71 -67.56
GEM -47.25 -41.58 -64.06 -73.13
A-GEM -57.80 -45.75 -72.16 -74.02
A-GEM-R -48.01 -48.06 -60.95 -62.99
iCaRL -21.91 -22.61 -24.14 -24.77
FDR -42.80 -45.87 -61.81 -67.93
GSS -56.68 -58.93 -66.27 -68.97
HAL -33.32 -40.08 -39.13 -41.21
DER -28.03 -40.67 -44.68 -66.50

DER++ -35.93 -40.01 -49.57 -68.47
Ours -14.00 -10.30 -7.40 -7.58

500

ER -43.67 -46.81 -53.41 -56.65
GEM -36.18 -51.52 -56.08 -73.05
A-GEM -60.53 -58.37 -70.98 -74.61
A-GEM-R -49.63 -46.85 -66.17 -65.11
iCaRL -18.42 -20.91 -19.53 -21.15
FDR -31.70 -42.18 -49.21 -62.52
GSS -50.77 -54.40 -62.19 -66.00
HAL -30.54 -34.88 -37.13 -41.21
DER -25.78 -32.83 -33.41 -56.67

DER++ -24.00 -36.70 -35.10 -54.88
Ours 1.70 -2.53 4.00 13.30
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