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A1l Detailed Information of The Corner Cases

In Sec 3. of the main paper, we analyze the necessity of the proposed generalized
accuracy (gAce) metric. In Fig. 2 of the main paper, we analyze some possible
corner cases of the FSCIL setting on the proposed gAcc metric. Detailed infor-
mation on these cases is shown below. An extension of Fig. 2 of the main paper
is shown in Fig. [AT]

Lazy. To analyze the situation of an algorithm that totally ignores the novel
tasks and only retrains the first-task (base) performance, we design this corner
case called ‘Lazy’ to show its performance under existing metrics and our pro-
posed gAcc. The detailed accuracies of each task are shown in Table [AT] We set
the base class performance as 85% after training on the first task, i.e. A} = 85%.
We set the model completely ignoring the novel task and base task performance
remains unchanged during incremental tasks, i.e. Vj >i > 1, A7 =0, A} = Al.
In Fig. (¢), the accuracy (aAcc) of ‘Lazy’ is very close to those of recent
SOTAs. This is not satisfying since the primary goal of continual learning is to
learn new knowledge. In comparison, the proposed gAcc correctly distinguishes
this situation and presents a more balanced evaluation, which gives a low AUC
to ‘Lazy’ and shows the margin of this case and other methods (see Fig.[A1|(b)).
In conclusion, the aAcc alone fails to reflect the performance of FSCIL methods
properly and our gAcc can provide a more balanced perspective.

Greedy and Greedy-NF. We also show two other extreme examples. The
‘Greedy’ situation is that an algorithm only focuses on the novel classes and
does not care about the previous forgetting problem, i.e. for all novel tasks,
Al = 100%, when i = j else 0. The Aj is set to 85%. See Table for the
detailed performance. It is clear that, under the metric of gAcc and aAce, the
‘greedy’ performs far worse than other methods/cases. Furthermore, we also
show the non-forget version of the ‘Greedy’ as ‘Greedy-NF’. For ’Greedy-NF",
we set A7 to 100% for Vj > 1,j < i. See Tablefor the detailed performance at
each task. From Fig. we can see that, after removing the forgetting problem
of the ‘Greedy’, the performance under gAcc is boosted significantly. It should
be clarified that even though the 'Greedy-NF’ performs well on the novel classes,
their lame performance on the base classes affects the final gAcc. These results
show that the gAcc will not over-emphasize the novel class performance and
provide more balanced perspectives of base-novel performance.

Vit baseline. We further show our vit baseline in the Fig. This baseline is
conducted by employing a pure vit trained on the first task to extract features for
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Table A1: Detailed accuracies setting of the corner case Lazy. In this case, the model
only focuses on the base task and learns nothing about the novel tasks. fi: model after
trained on task 7;. A": accuracy on task 7; of the corresponding model f.

(%) | A A% A% A* A% A5 AT A% A° aAcc gAcc

fi |8 - - - - - - - - 8500 81.46
f2 |8 0 - - - - - - - 7846 66.29
fs |8 0 0 - - - - - - 7286 57.15
fa |8 0 0 0 - - - - - 6800 50.61
fs |8 0 0 0 0 - - - - 6375 45.58
fs |8 0 0 0 O 0O - - - 60.00 41.55
f- |8 0 0 0 0 0 0 - - 56.67 3822
fs |8 0 0 0 0 0 0 0 - 5368 3542
fo |8 0 0 0 0O 0O 0 0 0 51.00 33.01
Avg 65.49 49.92

Table A2: Detailed accuracies setting of the corner case Greedy In this case, the
model only focuses on the novel task and does not care the forgetting of the old task.
fi: model after trained on task 7;. A*: accuracy on task 7; of the corresponding model

1.

(%) | A A% A3 A% A5 A5 AT A% A° aAcc gAcc
fi |8 - - - - - - - - 85.00 81.46
f2 |0 100 - - - - - - - 769 2201
fs |0 0o 100 - - - - - - 714 16.38
falo o0 o0 100 - - - - - 6.67 13.49
fs|0 o o0 0 100 - - - - 625 11.59
fe|l/O 0 0 0 0 100 - - - 588 10.23
fz{0 0 0 0 0O ©0 100 - - 555 9.17
fs|/0 0 0 0 O 0 0 100 - 526 833
fol{O 0 0 0O 0 0 0 0 100 5.00 7.64
Avg 14.94 20.03

novel classes. This experiment is done on minilmageNet dataset. Under the gAcc
metric, it is shown that even though the vit baseline gets a high performance
on gAcc(l), it does not perform well on the novel classes thus the AUC of the
baseline is worse than SOTA methods.

A2 Detailed Network Structures

A2.1 Backbone

In this work, we conduct experiments on the vanilla Vision Transformer (ViT) |4].
To compare with the existing FSCIL methods fairly, we modified the ViT config-
uration to match the number of parameters. Specifically, we adjust the feature
dimension and number of heads of the ViT backbone. See Table [A4] for the
detailed configuration.

A2.2 The MLPs used in this work

For the feature rectification (FR) module proposed in the main paper, we use
MLPs to construct the FR module. We use the MLP structure in the Vision
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Table A3: Detailed accuracies setting of the corner case Greedy-NF. On top of
the ‘Greedy’, we keep the novel tasks’ performance (Non-Forgetting). f;: model after
trained on task 7;. A": accuracy on task 7; of the corresponding model f.

(%) | A A2 A3 A* A5 A° AT A% AY aAce gAce

f1 18 - - - - - - - - 85.00 81.46
f2 | 0 100 - - - - - - - 7.69 22.01
fs | 0 100 100 - - - - - - 14.29 32.76
fa | 0 100 100 100 - - - - - 20.00 40.46
fs 0 100 100 100 100 - - - - 25.00 46.37
fe 0 100 100 100 100 100 - - - 2941 51.12
fr 0 100 100 100 100 100 100 - - 33.33 55.03
fs 0 100 100 100 100 100 100 100 - 36.84 58.33
fo 0 100 100 100 100 100 100 100 100 40.00 61.16
avg 32.40 49.86
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Fig. A1: Detailed illustration of our proposed gAcc. This figure is an extension of the
Figure 2 in the main paper. Performance of methods is obtained on the minilmageNet.
In the legend, we show the average AUC across tasks (Eq. (6) in the main paper) of
each method. (a): The gAcc curve (averaged across all n; tasks) v.s. param o. (b):
The gAce AUC of each task 7; (see Eq. (5)) in the main paper) at each task. (c): The
aAcc; (see Eq. (1) in the main paper) at each task. Best viewed in color.

Transformer, i.e. for an input x, the MLP process it like this: FCy; — GELU —
LN — F(C5, where F'Cy and FCy are two fully connected layers with the same
dimension for both input and output. GELU is the activated function and LN
is the LayerNorm normalization. FR modules are lightweight and only consist
of 0.6M parameters for all three datasets.

A3 Dataset statistics

In this work, we use three datasets to evaluate our proposed method.

CIFAR-100 . There are 50,000 images for training and 10,000 images for
testing provided in the CIFAR-100 dataset. There exist 100 classes in total. For
FSCIL, we follow pioneer works to select the first 60 classes as the base task for
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Table A4: Details of the adjusted backbone. We slightly adjust the vanilla ViT to
match the parameters of the ResNet-18.

Model Egliklfd #Heads #Layers #Params
Vit-Tiny [16] 192 3 12 5M
Vit-Small [16] 384 6 12 22M
Vit-Base |4}]16] 768 12 12 86M

ResNet-18 512 - - 11M

Ours 256 8 12 10M

training. The rest 40 classes are split into 8 tasks and each task employs a 5-way
5-shot learning. The resolution of CIFAR-100 dataset is 32x32.

minilmageNet [12]. With 100 classes, the minilmageNet dataset has a total
of 50,000 images for training and 10,000 images for testing. The resolution of
minilmageNet dataset is 84 x84. For FSCIL, we follow prior works to select the
first 60 classes for the base training and the rest 40 classes will be separated into
8 tasks.

CUB200 [17]. In this work, we use ‘CUB-200" to refer to the CUB-200-2011
dataset, which contains 11,788 images of 200 different types of birds. The offi-
cial training set contains 5994 images for training and there are 5794 samples
for testing. The resolution of CUB-200 dataset is 224x224. Following previous
works, we use the first 100 classes to form the base task, and the rest 100 classes

are used to form 10 novel classes. Each novel task follows a 10-way 5-shot setting
for FSCIL.

A4 Visualization

Corresponding to Figure 3 in the main paper, we further show the t-SNE [10]
visualization of the rectified features as well as the original raw features from the
Vit backbone. The visualization results are shown in Fig. As discussed in
the main paper, we see that the features from deep layers are more aggregated
for the base classes (light-colored scatters in the figure), but their discriminating
ability for novel classes is poor; on the contrary, although the shallow features are
relatively more dispersed, causing the poor discriminating ability for base classes,
the dispersion makes it more discriminative for novel classes. The FR module is
proposed to take advantage of both features, i.e. being more discriminative on
novel classes while keeping the base-class performance. The rectified features are
shown in the lower part. As shown in the figure, the rectified features are clearly
more distinguishable for different novel classes (red circle in the figure). At the
same time, the proposed training strategy effectively constrains base features
and the rectified features on base class are clearly more aggregated than that
of the raw intermediate features (blue circle in the figure). A similar conclusion
can be made across different layers shown in the figure.
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Fig. A2: Visualization results of the intermediate features, final features and rectified
features on the test set of minilmageNet using t-SNE . This figure is an extension
of the Figure 3 in the main paper. It is shown in this figure that the final features
of novel classes are less discriminative compared with the intermediate features (red
circles). However, Since the shallow features are more scattered, the performance of
base classes will be worse ( circles). We also show the results of FR modules (i.e.
rectified features). It is clear that the rectified features absorb the advantages of both
and perform better. Best viewed in color.

A5 More Experimental Results

In this section, we provide more experimental results to show the effectiveness
of our method. Firstly, we show the CIFAR-100 experiment results in Sec. [A5.1]
Secondly, a detailed study of novel class performance is shown in Sec. [A5.2]
Later, more ablation studies including losses ablation on CUB-200, and sensi-
tivity analysis on hyper-parameters are shown in Sec. [A5.3]

A5.1 More Results on CIFAR-100

Experimental results conducted on the CIFAR-100 dataset are shown in Ta-
ble[A5] Although our method does not outperform NC-FSCIL in terms of average
acc (aAcc), our method achieves higher generalized accuracy (gAcc) than NC-
FSCIL. When we look into the detailed accuracy in each task, we can see that as
the tasks proceed, our method achieves higher accuracies than NC-FSCIL (task
To). This is mainly because our method gets better novel class performance than
NC-FSCIL. The detailed evaluation on gAcc of the CIFAR-100 dataset is shown
in Fig. We can observe similar phenomena discussed in the main paper. For
example, a recent SOTA SubNetwork does not necessarily perform better
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Table A5: Comparison with FSCIL methods on CIFAR-100. The best and second
best results are marked bolded and underlined. Methods withfare reported with the
original results in their paper. Other results are reimplemented by us.

aAcc in each task (%)
1 2 3 4 5 6 7 8 9 aAcc gAcc

TOPIC [15]|F 64.1 55.9 47.1 45.2 40.1 36.4 34.0 31.6 29.4 42.62 -
Self-promoted 64.1 65.9 61.4 57.5 53.7 50.8 48.6 45.7 43.3 54.52 -
BiDistFSCIL |21]t 79.5 75.4 71.8 68.0 65.0 62.0 60.2 57.7 55.9 66.14 -
MetaFSCIL [3[f 74.5 70.1 66.8 62.8 59.5 56.5 54.4 52.6 50.0 60.79 -

Methods

DSN |18]t 73.0 68.8 64.8 62.6 59.4 57.0 54.0 51.6 50.0 60.14 -

CEC |20] 73.2 69.1 65.4 61.2 58.0 55.5 53.2 51.3 49.2 59.56 50.85
CLOM 25| 74.2 69.8 66.1 62.2 59.0 56.1 54.0 51.9 49.8 60.35 50.36
C-FSCIL 15| 76.8 72.0 67.2 63.1 59.7 56.7 54.4 51.9 49.7 61.28 50.62
DF-Replay |9] 72.9 68.1 65.1 61.6 58.5 54.8 52.8 51.0 49.1 59.31 51.53
LIMIT |23| 76.1 71.7 67.3 63.2 60.1 57.3 55.2 53.0 50.8 61.64 52.16
SAVC |13] 78.4 72.7 68.4 64.0 61.2 58.3 56.0 54.1 51.7 62.76 53.29
FACT |22] 78.5 72.7 68.8 64.5 61.3 58.6 56.8 54.4 52.3 63.12 54.56
SubNetwork |7] 80.0 75.7 71.6 67.8 64.7 61.4 59.3 57.1 55.1 64.85 56.63
S3C 6] 78.0 73.9 70.2 66.1 63.3 60.1 58.3 56.7 54.0 64.51 58.04
ALICE [11] 80.3 71.9 67.0 63.2 60.7 58.3 57.3 55.5 53.7 63.10 59.72
NC-FSCIL [19] 82.9 77.5 73.7 69.0 65.6 62.0 59.7 57.8 55.4 67.06 59.73
Ours 82.9 76.3 72.9 67.8 65.2 62.0 60.7 58.8 56.6 67.02 60.32

than S3C [6] when considering the novel class performance. In fact, it is shown
in the figure that although SubNetwork achieves better aAcec (o = 1) than S3C,
the S3C instead achieves a far larger AUC than SubNetwork. Similar observation
can be found when comparing method C-FSCIL |[5] with DF-replay [9]. It is clear
that the gAcc curve and the corresponding AUC can offer a more fine-grained
and more detailed perspective when evaluating FSCIL methods.

Table A6: Novel class performance in incremental tasks on minilmageNet.

Novel class performance in incremental tasks (%)

Methods

2 3 4 5 6 7 8 9 Avg aAcc  gAcc
CEC |20] 21.4 21.3 199 20.0 180 17.0 17.5 17.7 19.1 57.91 48.64
Self-Prompted [24] 6.6 6.3 5.0 4.1 6.4 6.8 6.7 7.0 6.11 52.62 41.53
LIMIT |23| 31.0 23.8 223 21.7 194 19.0 19.4 20.0 22.01 58.15 49.47
FACT |22] 18.8 16.6 15.0 14.1 124 114 11.7 12.2 14.03 60.79 49.56
CLOM |25] 6.4 105 11.2 11.5 10.6 9.7 10.7 11.6 10.28 57.23 46.11
C-FSCIL |5] 36.2 34.6 353 35.8 33.7 31.5 322 32.6 3399 5539 50.46
S3C |6 25.0 26.0 27.9 25.7 23.7 225 23.7 235 24.75 62.74 53.70
SAVC 13| 31.6 27.1 26.6 26.3 228 21.4 21.6 224 2498 66.66 56.35
BiDistFSCIL |21] 32.2 324 29.3 31.2 26.6 25.8 26.2 258 28.69 61.32 53.49
Regularizer [1] 47.2 44.8 37.1 34.0 39.8 22.0 254 26.2 3456 62.82 55.62
SubNetwork |7] 35.4 33.1 30.1 29.0 27.0 26.2 264 27.8 29.38 64.31 55.88
NC-FSCIL [19] 52.0 45.4 429 40.2 374 344 327 31.5 39.56 67.90 60.93
Vit-Baseline 224 24.0 243 23.6 21.8 21.3 225 226 2281 6874 57.87

+YourSelf (Ours) 51.4 49.0 44.1 43.5 40.3 38.5 38.1 39.0 42.99 68.80 62.20
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Fig. A3: FSCIL performances on the CIFAR-100 dataset are shown in generalized
accuracy. In the legend, we show the average AUC across tasks(Eq. (6) in the main
paper) of each method. (a): The gAcc curve (averaged across all n; tasks) v.s. param
a. (b): The gAcc AUC of each task 7; (see Eq. (5)) in the main paper) at each task.
Best viewed in color.

A5.2 Novel classes performance

As a supplement to Sec. 5.2 in the main paper, we also provide results of only
novel classes (gAcc(0)) learning only across incremental learning tasks. Results
on minilmageNet and CIFAR-100 are shown in Tab. [A6] and Tab. [A7] respec-
tively. Similar to the conclusion stated in Sec. 5.2, we can see from the tables
that the aAcc metric can not effectively reflect the change of novel class per-
formance. For example, in Tab. [A6] models CLOM and C-FSCIL share similar
aAcc performance while their novel class performance is not even close. Similar
conclusions can also be summarized by comparing FACT and S3C in Tab. [AT7]
This validates the necessity of our proposed gAcc, which can effectively show
the performance gap on novel tasks, complementary to the existing a Acc metric.
Experimental results in the two tables also show the effectiveness of our pro-
posed method. It is clear that our proposed method effectively boosts the novel
class performance compared to the baseline in both datasets. Furthermore, our
proposed Yourself method outperforms other methods on novel tasks on average.

A5.3 More Ablation Studies

Ablation studies on CUB-200. The ablation study regarding the effectiveness
of each loss on CUB-200 is shown in Table[A8] We can see that the introduction
of the FR module as well as the loss L.,s and loss Lxyo,cg can bring 1.26%
improvement on gAcc. Additionally, the gAcc performance can be boosted by
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Table AT7: Novel class performance in incremental tasks on CIFAR-100.

Novel class performance in incremental tasks (%)

Methods

2 3 4 5 6 7 8 9 Avg aAcc gAcc
CEC |20] 30.2 27.3 22.0 214 22.1 21.9 21.5 20.9 2341 59.56  50.85
CLOM |25] 22.6 22.0 186 17.5 16.7 17.7 17.5 174 1875 60.35 50.36
C-FSCIL |5] 23.4 16.3 14.0 13.2 16.3 16.9 15.8 17.2 16.64 61.27 50.62
DF-Replay |9] 43.0 33.6 27.9 27.1 224 224 234 223 27.76 59.31 51.53
LIMIT |23| 272 244 21.3 21.0 21.0 21.2 20.5 20.1 22.09 61.64 52.16
SAVC [13] 30.0 25.6 20.0 21.7 22.3 223 223 21.2 23.18 52.76 53.29
FACT |22| 35.2 31.0 26.6 25.2 25.7 26.8 25.1 24.2 27.48 63.12 54.56
S3C 6] 49.2 40.8 36.2 35.0 35.2 35.2 35.5 35.2 37.79 64.50 58.04
NC-FSCIL [19] 46.0 41.4 39.1 36.4 34.0 33.6 321 30.0 36.58 67.06 59.72
Vit-Baseline 23.6 16.5 15.1 13.5 14.0 14.3 14.5 15.0 15.81 66.35 54.21

+YourSelf (Ours) 58.8 44.7 37.3 34.8 35.8 32.3 34.5 358 39.25 67.02 60.32

0.4% and 1.47% when introducing the loss Log and loss L1g respectively. This
indicates the effectiveness of each loss we proposed.

Table AS8: Ablation studies on CUB-200 dataset.

aAcc in each task (%)

1 2 3 4 5 6 7 8 9 10 11
84.0 79.6 76.4 72.5 70.1 67.4 66.3 65.2 63.5 63.2 52.3 70.16 62.37
83.4 79.9 76.8 73.2 70.8 68.0 66.9 66.3 64.3 64.2 63.3 70.57 63.63
83.4 78.7 75.7 72.1 70.2 67.3 65.7 65.3 63.4 63.6 62.7 69.93 64.03
v’ 83.477.0 75.3 72.2 69.0 66.8 66.0 65.6 64.1 64.5 63.6 69.85 65.50

FR Lcos +LNovcE Lcr LIR aAcc gAcc

<\
<
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v

The impact of trade-off parameters. Recall that the overall loss function
described in the main paper is as follows.

L = Beos(Leos + Lnovce) + BerLeor + BirLir (A1)

In order to study the effect of different parameter values on the final perfor-
mance, we conduct experiments on three hyper-parameters B..s, Scr and 5rg.
Experiments are conducted on CIFAR-100 and miniImagenet. Results are shown
in Fig.[A]]

— The effect of B.,s. We can see in the Fig. (a) that the L.,s and
Lnovce can effectively improve the gAcc without altering the aAcc signif-
icantly. When we adjust the weight (..s ranging from 0 to 1, we can see
the aAcc remains almost unchanged (except for the outlier of fS.,s = 1 on
minilmageNet) but the gAcc first rise and then fall. By default, we set the
Beos = 0.1 in all other experiments in this work.

— The effect of Scr. We conduct experiments by setting the hyper-parameter
Ber of the loss Log ranging in [0, 1]. From Fig. (b), it can be concluded
that the introduction of the loss Lo g can bring up to 4% performance gain on
gAcc. Furthermore, we can see that for both a Acc and gAcc, the performance
rises first and goes down when the Scgr gets larger. We set Sor = 0.1 as
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Fig. A4: Ablation studies on the impact of three hyper parameters Bcos, Bcr and Brg.

We use to indicate the results on minilmageNet and to indicate the results
from CIFAR-100. In each sub-figure, the y-axis for the minilmageNet dataset is
, while the y-axis for the CIFAR-100 dataset is . We

report both aAcc (o) and gAce (¥) results in the figure. Best viewed in color.

our default setting on minilmageNet and Scr = 0.5 on CIFAR-100, which
is applied to all experiments in this work.

— The effect of S;r. Similarly, we show the experiment about the effect of
different S;r. When changing values of S;r form 0 to 1, the gAcc is rising
up and then falling down while the aAcc on minilmageNet is falling down.
It shows that with proper weights, the L;r can effectively boost the gAcc
without doing much harm to the aAcc. We set frr = 1 as the default setting
for CIFAR-100 and 8y = 0.5 for minilmageNet.

A6 Discussion about our gAcc and other alternative
metrics in FSCIL

Harmonic Accuracy . It is worth mentioning that in previous work Al-
ice proposed a metric called harmonic accuracy based on the harmonic mean
to tackle the problem of the base-novel balance problem. The harmonic accuracy
(hAcc) at task T; can be denoted as:

2A1Anovel
hAcc; = ——— (A2)
Azl + A?ovel ?
where A} is the base class accuracy and the A7V = L Z;:z A7 is the averaged

performance of the novel tasks. The hAcc is derived from the harmonic mean
which was originally designed for calculating the average of proportions (e.g.
velocity). Direct use of the harmonic mean to calculate accuracy loses its clear
physical meaning. Further, the hAcc has the following limitation when evaluating
the FSCIL methods.

— Symmetry Issue. The harmonic mean resembles the arithmetic mean,
where in the FSCIL context, the arithmetic mean represents the ‘task-wise
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accuracy’ (as detailed in Sec. 3.1 of the main paper). Both arithmetic mean
and harmonic mean treat the performance from base tasks and novel tasks
equally. As shown in Eq. , the roles of A} and A7°v¢! are symmetry.
Unlike our gAcc, this will ignore the difficulty of the base task and over-
emphasize the performance of the novel classes. A better solution to bal-
ancing this ‘base-novel’ dilemma is to analyze the performance from more
fine-grain perspectives like our proposed gAcc.

— Heterogenicity. When comparing different methods using a metric, it’s
routine to utilize the absolute difference between their values to signify the
performance gap. However, when employing hAcc for the partial derivative
of AT°v¢l  the equation

d(hAcc) 2(A})?
8A;(Lovel - (Azl +A?ovel)2’

(A3)

indicates a non-linear change rate in hAcc. This non-linearity is prominent
when (A} + Arovel) < 1 (common in FSCIL), causing the derivative to exceed
one. Essentially, with a small (A} + A7°"!) and a constant A} while Ao
decreases, the reduction in hAcc amplifies. Consequently, when evaluating
methods with low A?"“el, the absolute difference in hAcc becomes inaccu-
rate due to this amplification. Termed as ‘heterogeneity’, this phenomenon
hampers the visualization of differences between methods. In contrast, our
proposed gAcc exhibits linear changes, ensuring that the absolute difference
accurately reflects performance gaps among methods.

— Instability. It is clear from Eq. that if A7Vl or A}l equals zero, the
overall accuracy will be zero (or not defined when we consider the original
definition of the harmonic mean). This makes the analysis of corner cases
(like we do in the main paper and Sec. more difficult.

Forgetting metrics. In addition to metrics like PD and KR stated in Sec. 3.3
of the main paper, we further discuss two more forgetting metrics Performance
Dropping (PD) and Relative Performance Dropping [14](RPD) here. Both PD
and RPD are metrics to measure the forgetting of the incremental learning meth-
ods. For a particular task 7;, PD evaluates the performance by PD = A;t — Al
which calculates the performance drops between the first seen task 7; and the
last task 7,,. Another similar metric forgetting [2] also reflects the performance
drops but it focuses on strictly the mazimum drop: F = max; A} — min; A’.
RPD [14] is the extension of PD that calculates the ratio of the PD by the
accuracy of the first task, i.e. RPD= i?

These metrics show the forgetting of FSCIL methods serve a different unique
role in the evaluation and our proposed gAcc is complementary to them. Similar
to the conclusion in Sec. 3.3, all these forgetting metrics will fail to correctly
reflect the poor performance of cases like ‘Lazy’ while ours can effectively capture
changes on the novel class performance.
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