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These supplementary materials include the entire algo-
rithm (§A), the details of weight transfer operations (§B),
the experiments in uniform memory budget setting (§C), the
ablation study for distillation loss (§D), comparison with
generative replay method (§E), and more visualization re-
sults (§F). In addition, our open-source code is on GitHub'.

A. Algorithm

This is supplementary to Section 4. In Algorithm 1, we
summarize the overall process of the proposed mnemonics
training. Step 1-16 show the alternative learning of classi-
fication models and mnemonics exemplars, corresponding
to Sections 4.1-4.3. Specifically in each phase, Step 8 ex-
ecutes the model-level training, while Step 11 and 14 are
the exemplar-level. Step 17 is optional due to different
MCIL settings regarding the memory budget. We conduct
experiments in two settings: (1) each class has a fixed num-
ber (e.g., 20) of exemplars, and (2) the system consistently
keeps a fixed memory budget in all phases, therefore, the
system in earlier phases can store more exemplars per class
and needs to discard old exemplars in later phases gradu-
ally. Step 18 fine-tunes the model on adjusted and balanced
examples. It is helpful to reduce the previous model bias
(Step 8) caused by the imbalance samples numbers between
new class data D; and old exemplars £.;_1. Step 19 is to
evaluate the learned model ©; in the current phase, and the
average over all phases will be reported as the final evalua-
tion. Step 20 updates the memory to include new exemplars.
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Algorithm 1: Mnemonics Training

Input: Data flow {D;}¥.

Output: MCIL models {©;}Y ;, and mnemonics

exemplars {&;} .

1 foriin {0,1,..., N} do
2 Get D;;
3 if 7 = 0 then
4 ‘ Randomly initialize ©¢ and train it on Dy;
5 else
6
7
8
9

Get &p.;—1 from memory;
Initialize ©; with ©,_1;

Train ©; on &y.;—1 U D; by Eq. 6;
end

10 Sample S from D; to initialize &;;

1 Train &; using ©; by Eq. 9;

12 while 7 > 1 do

13 Split £y.;_1 into subsets 5&71 and 5&71 ;
14 Optimize £, and £B, | by Eq. 10;

15 Get the adjusted old exemplars Eovin

16 end

17 (Optional) delete part of the exemplars in Eo:i13
18 Finetune ©; on & U Ep.i_1;
19 Run test and record the results;

20 Update &.; < &; U Eoiiq in memory.
21 end

B. Weight transfer operations

This is supplementary to Section 5.1 “the architecture of
©”. We deploy weight transfer operations [4, 7] to train the
weight scaling and shifting parameters (named T';) in the
i-th phase which specifically transfer the network weights
©;_1 to ©;. The aim is to preserve the structural knowledge
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of ©,_1 when learning ©; on new class data.

Specifically, we assume the ¢-th layer of ©;_; contains
R neurons, so we have R neuron weights and biases as
{Wy.r, by} . For conciseness, we denote them as W,
and b,. For W, we learn R scaling parameters denoted as
7;W, and for b,, we learn R shifting parameters denoted
as 7:}’. Let X,_1 and X, be the input and output (feature
maps) of the g-th layer. We apply 7' and 7.” to W, and b,
as,

Xo= W0 T Xqo1 + (bg + T), (S1)

where ® donates the element-wise multiplication. Assum-
ing there are () layers in total, the scaling and shifting pa-
rameters are denoted as T; = {7V, 7:;’}?:1.

Therefore, to learn the MCIL model ©;, we use the indi-
rect way of training T'; (instead of the direct way of train-
ing ©;) on D; U &y.;—1 and keeping O;_; fixed. During the
training, both classification loss and distillation loss [2, 5]
are used. Let ©; donate the function of applying T; to
©,_1 by layers (Eq. S1). The objective function Eq. 4 in
the main paper can be rewritten as:

Lat =AL(T; ©1 ©;-1;E0:i-1 U D;)

S2
+(1=XNLi(T; O ©;-1;0,-1;Ep:i—1 U Di),( )

where A is a scalar manually set to balance two loss terms.
Let a1 be the learning rate, T; is updated with gradient de-
scent as follows,

T; < T; — a1V Ly (S3)
After the learning of T';, we compute O; as follows:

0,+T,0r0;_1. (84)

C. Uniform memory budget experiments

This is supplementary to Section 5.1 “the architecture of
£”. As mentioned on Line 632-643 (in the main paper), we
have two methods of setting memory budgets [1]. (1) Uni-
form exemplar number setting (used in the main paper):
every class has 20 exemplars. (2) Uniform memory bud-
get setting: the system works on a uniform memory budget,
e.g. 2,000 (20,000) total exemplars can be stored in each
phase. In this setting, the system stores more exemplars per
class in earlier phases and discards some of the old exem-
plars afterwards.

We have three strategies of discarding old exemplars:
(1) random: discarding old exemplars randomly to satisfy
the limit of the budget; (2) high loss: discarding old ex-
emplars on which ©; has higher losses (i.e., harder exem-
plars); (3) low loss: discarding old exemplars on which O,
has lower losses (i.e. easier exemplars).

CIFAR-100 ImagNet-Subset
Exemplar
N=5 10 25 5 10 25
random 63.83 63.12 61.93 71.67 71.01 69.38
herding 63.50 62.55 61.32 7145 70.02 68.76
ours w/o adj. T 64.58 62.75 63.78  72.27 71.05 70.89
ours 65.01 63.80 64.42 72.82 72.20 72.31
random 18.50 15.64 16.09 16.87 17.12 17.41
herding 2043 18.44 19.60 17.34 17.95 17.59
ours w/o adj. + 12.65 10.89 10.23 1646 13.12 14.53
ours 10.36 8.90 8.04 9.32 10.56 11.96

Table S1. Supplementary to Table 2. Uniform memory budget
setting. Ablation study for evaluating four exemplar methods. The
top and the bottom blocks present average accuracies A (%) and
forgetting rates F (%), respectively. “w/o adj.” means without old
exemplar adjustment. In these experiments, we use random strat-
egy to discard old exemplars, and use weight transfer operations
to train MCIL models.

Discarding CIFAR-100 ImagNet-Subset

Strategy N=5 10 25 5 10 25

random 65.01 63.80 64.42 72.82 7220 72.31
low loss T 62776 6296 61.31 70.21 70.63 69.96
high loss 63.76 63.16 62.03 71.63 71.32 70.87
random 10.36  8.90 8.04 9.32 10.56 11.96
low loss J 1536 1476 16.27 1492 1539 15.40
high loss 996 13.82 13.68 10.02 14.32 13.87

Table S2. Uniform memory budget setting. Ablation study for
comparing three exemplar discarding strategies. The top and the
bottom blocks present average accuracies A (%) and forgetting
rates F (%), respectively. random performs the best in the most
of cases. Note that the weight transfer operations are applied in all
these experiments.

In this section, we show the results of Uniform mem-
ory budget setting. Table S5 presents the comparisons to
related works [1, 2, 5, 8], with and without our mnemon-
ics training as plug-in module. Figure S1 demonstrates the
phase-wise results of our best model. Table S1 shows the
ablation study that evaluates two key components: training
mnemonics exemplars; and adjusting old mnemonics exem-
plars. Table S2 shows the ablation study of using different
old exemplar discarding strategies.

D. Ablation study for distillation loss

This is supplementary to Section 5.2 “ablation study”. In
Table S3, we supplement the ablation study of distillation
loss [2,5].



CIFAR-100 ImagNet-Subset CIFAR-100 ImageNet-Subset
Exemplar Method
N=5 10 25 5 10 25 N=5 10 25 5 10 25
w/o distill. 4 50.86 50.40 49.69 65.74 64.63 65.21 LwF® [2] 56.79 53.05 50.44 58.83 53.60 50.16
w/ distill. 64.95 63.26 63.70 73.30 72.17 71.50 LwF w/ ours 57.56 57.34 58.08 6447 64.94 67.10
w/o distill. i 38.70 36.94 3438 29.32 27.44 29.64 iCaRL [5] 60.48 56.04 52.07 6732 6242 57.04
w/ distill. 11.64 1090 9.96 10.20 9.88 11.76 iCaRL w/ ours 60.82 59.28 58.06 73.83 7249 71.40
. )
Table S3. Supplementary to Table 2. Ablation study for distillation B¥C (5] 61.35 56.81 5342  70.82 66.62 60.44
loss. The top and the bottom blocks present average accuracies BiC w/ ours 61.88 60.24 5891 74.02 72.67 7175
A (%) and forgetting rates F (%) of using LUCIR [1] with our LUCIR [1] 63.34 62.47 59.69 71.20 68.21 64.15
mnemonics training approach or [6] as a plug-in module. “w/” and LUCIR w/ ours  65.01 63.80 64.42 72.82 72.20 72.31
“w/o distill.” mean with and without distillation loss, respectively.
Note that the weight transfer operations are applied in all these LwF® [2] 41.07 40.20 38.64 5248 53.20 51.16
experiments. LwF w/ ours 37.13 33.08 28.38 36.12 32.00 32.60
. . . iCaRL [5] 29.42 30.80 33.32 4040 41.76 44.04
E. Comparison with generative replay method iCaRL w/ours  25.00 24.44 24.18 1324 1608 22.80
i . '

In Table S4, we supplement the average accuracies A BiC [8] 2496 27.14 30.66 2556 29.40 35.84
(%) and forgetting rates F (%) of using related methods BiC w/ ours 2278 22.82 22.60 1248 15.12 21.24
[1] with our mnemonics training approach or [0] as a plug- LUCIR [1] 2046 23.16 2576 27.96 31.04 35.36
in module. For fair comparison, we implement [6] in our LUCIR w/ours  10.36 8.90 8.04 932 10.56 11.96
benchmark protocol. ¢ Using herding exemplars as [ 1,5, 8] for fair comparison.

CIFAR-100
Exemplar
N=5 10 25
LUCIR w/ [6] 4 64.01 6123 5836
LUCIR w/ ours 64.95 63.26 63.70
LUCIR w/ [6] i 16.23  19.63 25.51
LUCIR w/ ours 11.64 1090 9.96

Table S4. Average accuracies A (%) (top block) and forgetting
rates F (%) (bottom block) of using LUCIR [ 1] with our mnemon-
ics training approach or [0] as a plug-in module. Note that the
weight transfer operations are applied in “w/ ours” methods.

F. More visualization results

This is supplementary to Section 5.2 “visualization re-
sults.”. In Figure S2, we supplement the changes of average
distances between exemplars and initial samples. More vi-
sualization results are in the attached video and our project
page: https://mnemonics.yyliu.net.
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(a) CIFAR-100 (100 classes). In the O-th phase, O is trained on 50 classes, the remaining classes are given evenly in the subsequent phases.
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(b) ImageNet-Subset (100 classes). In the O-th phase, O is trained on 50 classes, the remaining classes are given evenly in the subsequent phases.

Figure S1. Supplementary to Figure 4. Uniform memory budget setting. Phase-wise accuracies (%). Light-color ribbons are visualized
to show the 95% confidence intervals. Comparing methods: Upper Bound (the results of joint training with all previous data accessible in
each phase); LUCIR (2019) [1]; BiC (2019) [8]; iCaRL (2017) [5]; and LwF (2016) [2]. For ours, we show our best results using “LUCIR
w/ ours”. The average accuracy of each curve is given in Table S5. Note that we apply random strategy to discard old exemplars.

0.192 % ] ] ] ] 0.192
o 0.1925 . Y
2 £0.1915 g
Z 0192 g 50191
E 15) 0.191 3
£0.1915 £ £ 019
2 80.1905‘ 2
Q Q Q

0.191 0.19 0189 T[] 1]
1 2 3 4 5 6 7 8 9 10 1 5 10 15 20 25
#phase (N=5) #phase (N=10) #phase (N=25)
(a) CIFAR-100 (100 classes). Cosine distance.
7 7
2744 L 2745 10 o
[
Q 15 Q
= & =]
51 8
F2742 g 274 ko
B 5 B
g =2.735 g
S 274 | )7 S
g g 2 5
M m m
2.738 2.725 272 ——— e
1 1 2 3 4 5 6 7 8 9 10 1 5 10 15 20 25
#phase (N=5) #phase (N=10) #phase (N=25)

(b) CIFAR-100 (100 classes). Euclidean distance.

Figure S2. The changes of average distances between exemplars and initial samples. We show the results using “LUCIR w/ ours”. The
average accuracy of each curve is given in Table 1. All curves are smoothed with a rate of 0.8 for a better visualization.
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Figure S3. Supplementary to Figure 5. Uniform memory budget
setting. The t-SNE [3] results of herding and our mnemonics on
two datasets. N = 5. In each colored class, deep-color points are
exemplars, and light-color ones show the original data as reference
of the real data distribution. Total number of classes (used in real
training) is given in the top-left corner of the sub-figure. For a clear
visualization, Phase-0 randomly picks 3 classes from 50 classes on
CIFAR-100 / ImageNet-Subset. Phase-2 and Phase-4 increases to
5 and 7 classes, respectively. Note that we apply random strategy
to discard old exemplars.



