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1 Introduction

In the supplementary material , Section 2 provides detailed results on three benchmark
datasets, minilmagnet, CIFAR100, and CUB200, for several previous SOA methods. Sec-
tion 3 provides visualization, and section 4 presents discussion and hyperparameters analy-
sis.

2 Detailed Results

Tables 1- 3 present detailed results on three benchmark datasets. Our method achieves fi-
nal accuracy rates of 65.32% for CUB200, 62.78% for minilmagenet, and 61.02% for CI-
FAR100, outperforming the current state-of-the-art (SOTA) methods by margins of 2.82%
(SAVC [15]), 2.04% (MICS [11]), and 2.52% (RCN [19]), respectively. Furthermore, our
approach attains average accuracies of 71.43%, 71.29%, and 70.12% across the CUB200,
minilmagenet, and CIFAR100 datasets, respectively, surpassing all other methods.

In Table 4, we analyze the False Negative Rate (FNR) and False Positive Rate (FPR)
percentages from session 1 as defined in TEEN [18] on the minilmagenet dataset. Notably,
a high FPR and a comparatively low FNR are obtained, indicating that new class instances
are frequently misidentified as base classes or similar novel classes. Our method stands out
by achieving a substantially lower FPR compared to baseline approaches, underscoring the
effectiveness of its introduced semantically rich multi-scale feature extraction strategy aided
by a contrastive framework.

Figure 1 indicates the Harmonic Mean [9] for different methods under 5-shot incremental
scenarios on CUB200 dataset indicated by line graph. We outperform all the benchmarked
methods including the latest method OrCo [1]. For 1-shot, we compare with the state-of-
the-art, indicated by bar graph. Our multi-scale approach shows its efficiency in the case of
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Method Accuracy in each session (%) 1 Avg T At
0 1 2 3 4 5 6 7 8

Ft-CNN [16] 61.31 2722 1637 6.08 2.54 1.56 1.93 2.60 1.40 1345 -

iCaRL? [13] 61.31 4632 4294 37.63 3049 2400 20.81 1880 17.21 33.28 +15.81

EEIL? [2] 61.31 46.58 4400 37.29 33.14 27.12 2410 21.57 19.58 3497 +18.18

TOPIC? [16] 61.31 50.09 4517 41.16 3748 3552 3219 2946 2442 39.64 +23.02
Rebalancing [7] 61.31 47.80 3931 3191 2568 2135 18.67 1724 1417 3083 +12.77

SPPR [26] 61.35 63.80 59.53 55.83 5235 49.60 4649 4324 4192 5276 +40.52
F2M [14] 7205 6747 6316 5970 5671 5377 S1.11 4921 4784 57.89 +46.44
CEC [23] 7200 66.83 6297 5943 5670 5373 S1.19 4924 47.63 5175 +46.23
MCNet [8] 7233 6770 6350 6034 57.59 5470 5213 5041 49.08 58.64 +47.68
MetaFSCIL [3]  72.04 67.94 63.77 6029 5758 55.16 5290 5079 49.19 58.85 +47.79
MES3 [20] 7365 6891 64.60 6148 58.68 5555 5333 5169 5026 5979 +48.86
FACT [24] 7256 69.63 6638 6277 60.60 5733 5434 5216 5049 6070 +49.09
SoftNet [22] 7977 75.08 7059 6693 64.00 61.00 5781 5581 54.68 6507 +53.28
ALICE [12] 80.60 70.60 6740 6450 6250 60.00 57.80 56.80 5570 6399 +54.30
LIMIT [25] 7232 6847 6430 60.78 5795 5507 5270 5072 49.19 59.06 +47.79
WaRP [10] 7299 68.10 6431 6130 58.64 5608 5340 5172 5065 59.69 +49.25
NC-FSCIL [21] 84.02 76.80 72.00 67.83 66.00 64.04 6146 59.54 5831 67.82 +56.91
FCIL [5] 76.34 7140 67.10 64.08 6130 5851 5572 5408 5276 6237 +51.36
SAVC [15] 81.12  76.14 7243 6892 6648 6295 5992 5839 S7.I1 67.05 +55.71
RCN* [19] 8340 78.75 7494 7081 67.84 6489 63.10 6092 5853 6924 +57.13
TEEN [18] 7353 7055 6637 6323 60.53 5795 5524 5344 5208 6141  +50.68
EHS* [4] 7125 66.65 62.84 59.65 5690 54.14 51.63 5005 49.06 58.01 +47.66
MICS [11] 8440 794 7509 7140 68.89 66.16 63.57 6179 6074 70.16 +59.34
Ours 82.97 7996 7693 7407 69.39 6898 63.48 63.04 6278 7129 +61.38

Table 1: Comparison of the performance of different methods on the minilmagenet dataset.
SOA results are highlighted in bold, while the second-best outcomes are underlined. a:
indicates that results are copied from [23]. *: indicates results directly copied from published
literature. A\, Relative improvements of the last session compared to the Ft-CNN [16]
model.
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Figure 1: Harmonic Mean for different methods across sessions on CUB200. The line graph
depicts the harmonic mean under 5-shot setting, while the bar graph illustrates the harmonic
accuracy under 1-shot setting.
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Method Accuracy in each session (%) 1 Avg T A
0 1 2 3 4 5 6 7 8

Ft-CNN [16] 64.10 39.61 1537 980 6.67 380 370 3.14 2.65 16.54 -

iCaRL? [13] 64.10 5328 41.69 3473 2793 2506 2041 1548 1373 3293 +11.08
EEIL® [2] 64.10 53.11 4371 3515 2896 2498 21.01 1726 1585 33.79 +13.20
TOPIC? [16] 64.10 55.88 47.07 45.01 40.11 3638 3339 31.55 2937 4254 +26.72
Rebalancing [7] 64.10 53.05 4396 36.97 31.61 2673 21.23 16.78 13.54 3422 +10.89

SPPR [26] 63.97 65.86 6131 57.60 5339 5093 4827 4536 4332 5445 +40.67
F2M [14] 7145 68.10 6443 6087 57.76 5526 53.53 51.57 4935 59.15 +46.70
CEC [23] 73.07 68.88 6526 61.19 58.09 5557 5323 5134 49.14 5953 +46.49
MCNet [8] 7330 6934 6572 61.70 58.75 56.44 5459 53.01 50.72 6040 +48.07
MetaFSCIL [3] 74.50 70.10 66.84 62.77 5948 56.52 5436 5256 4997 60.79 +47.32
MFS3 [20] 7342 6985 6644 6281 59.78 5694 55.04 53.00 51.07 6093 +48.42
FACT [24] 74.60 7209 6756 6352 6138 5836 56.58 5424 5210 6227 +49.45
C-FSCIL 7747 7240 6747 6325 59.84 5695 5442 5247 5047 61.64 +47.82
SoftNet [22] 79.88 7554 71.64 6747 6445 61.09 59.07 5729 5533 6575 +52.68
ALICE [12] 79.00 70.50 67.10 63.40 6120 5920 58.10 5630 54.10 6321 +51.45
LIMIT [25] 73.81 7209 67.87 6389 60.70 57.77 55.67 53.52 5123 61.84 +48.58
WaRP [10] 80.31 7586 71.87 67.58 6439 6134 59.15 57.10 5474 6582 +52.09
NC-FSCIL [21] 82.62 78.62 7334 69.68 66.19 6285 6096 59.02 56.11 67.71 +53.46
FCIL [5] 77.12 7242 6831 6447 61.18 58.17 56.06 54.19 5202 62.66 +49.37
SAVC [15] 7877 7331 6931 6493 61.70 5925 57.13 5519 53.12 63.63 +50.47
RCN* [19] 8340 7875 7494 7081 67.84 64.89 63.10 60.92 58.53 69.24 +55.88
TEEN [18] 7492 72,65 6874 6501 6201 5929 5790 5476 52.64 63.10 +49.99
EHS" [4] 7398 70.11 66.66 62.75 60.11 57.33 5559 5375 5159 6131 +48.94
MICS [11] 78.18 7349 6897 6501 6225 5934 5731 5511 5294 63.62 +50.29
Ours 8344 7999 7557 7142 69.54 6465 6295 6255 61.05 70.12 +58.40

Table 2: Comparison of the performance of different methods on the CIFAR100 dataset.
SOA results are highlighted in bold, while the second-best outcomes are underlined. a:
indicates that results are copied from [23]. *: indicates results directly copied from published
literature. /\j,: Relative improvements of the last session compared to the Ft-CNN [16]
model.

1-shot as well.

3 Visualizations

Figure 2a compares the confusion matrices generated by the SAVC and our method when
applied to the CUB200 dataset. A sharper diagonal in our confusion matrix indicates more
correct predictions by our model, and fewer spreads outside the diagonal suggest that our
model is less confused and does not often misclassify between different classes compared to
SAVC. In figure 4, we visualize the top 3 output probabilities for some input images from
minilmagenet dataset for the baseline method, our set of 4 mappers, and the overall result of
our method using the Sum-min metric. Our set-based approach performs well on confusing
data, acts as an ensemble, and correctly identifies the output classes. The third row of figure 4
displays an inaccurate result for our method; nonetheless, our approach remains superior
since the compared method did not rank the true class within the top three scores. Our multi-
scale strategy results in fewer errors when classifying novel classes and also addresses the
bias towards base classes. Figure 2b we depict the decision boundaries learned from the
CIFAR100 dataset using t-SNE [17]. The visualization represents the decision boundaries
formed during the base session, where the model is trained on five old classes and five new
classes. Our approach evidently reserves space for future classes (indicated by the gray
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Method Accuracy in each session (%) T Avg T Apagt
0 1 2 3 4 5 6 7 8 9 10

Ft-CNN [16] 68.68 4370 2505 17.72 18.08 1695 1510 10.06 893 8.93 8.47 2197 -

iCaRL? [13] 68.68 52.65 48.61 44.16 36.62 29.52 27.83 2626 24.01 23.89 21.16 366 +12.69

EEIL? 2] 68.68 53.63 4791 4420 3630 2746 2593 2470 2395 2423 2211 3627 +13.64

TOPIC? [16] 68.68 62.49 5481 4999 4525 4140 3835 3536 3222 2831 2628 4392 +17.81
Rebalancing [7]  68.68 57.12 4421 2878 2671 2566 2462 2152 20.12 2006 1987 3249 +114

SPPR [26] 68.68 6185 57.43 5268 50.19 4688 4.65 4307 40.17 39.63 3733 4934 +28.86
F2M [14] 77.13 7392 7027 6637 6434 61.69 6052 5938 57.15 5694 5589 6396 +47.42
CEC [23] 7585 7194 6850 6350 6243 5827 5773 5581 54.83 5352 5228 6133 +43.81
MCNet [8] 77.57 7396 7047 6581 66.16 63.81 62.09 6108 6041 60.09 59.08 6557 +50.61
MetaFSCIL [3] 7590 7241 68.78 64.78 6296 59.99 5830 56.85 54.78 53.82 5264 6193 +44.17
MFS3 [20] 75.63 7251 69.65 6529 63.13 6038 5899 5741 55.55 5493 5347 6245 +45.00
FACT [24] 7590 7323 7084 66.13 6556 62.15 61.74 5983 5841 57.89 5694 6442 +48.47
SoftNet [22] 78.07 7458 7137 6754 6537 6260 6107 5937 57.53 5721 5675 64.68 +48.28
ALICE [12] 7740 72770 70.60 6720 6590 63.40 6291 6090 60.50 60.01 60.10 6575 +51.63
S3C [9] 80.62 77.55 73.19 6854 6805 6433 6358 62.07 6061 5979 5895 67.03 +50.48
LIMIT [25] 7589 7355 7199 68.14 6742 63.61 6240 6135 5991 58.66 5741 6548 +48.94
WaRP [10] 7774 7415 7082 6690 65.01 62.64 6140 5986 5795 5777 5701 64.66 +48.54
NC-FSCIL [21] 8045 7598 7320 70.28 68.17 6516 6443 6325 60.66 60.01 59.44 6728 +50.97
FCIL [5] 78.70 7512 70.10 6626 66.51 64.01 62.69 6100 6036 5945 5848 6237 +50.01
SAVCII5] 8185 7792 7495 7021 6996 67.02 66.16 6530 63.84 63.15 62.50 6935 +54.03
RCN* [19] 79.86 76.48 7334 69.72 6848 6593 6458 63.68 62.04 6148 6047 67.82 +52.00
TEEN [18] 7726 7613 7281 68.16 67.77 6440 6325 6229 61.19 6032 5931 66.63 +50.84
MICS [11] 78.77 7537 7230 68.72 6745 6540 6472 6339 61.89 61.89 6137 6739 +52.90
Ours 83.08 79.99 7725 7235 71.65 69.02 68.13 6798 65.06 6592 6532 7143

Table 3: Comparison of the performance of different methods on the CUB200 dataset. SOA
results are highlighted in bold, while the second-best outcomes are underlined. a: indicates
that results are copied from [23]. *: indicates results directly copied from published litera-
ture. A\, Relative improvements of the last session compared to the Ft-CNN [16] model.

Table 4: False Negative Rate/False Positive Rate(%) on minilmageNet dataset for different
methods.

Session 1 Session 2 Session 3 Session 4 Session 5 Session 6 Session 7 Session 8
FNR/FPR | FNR  FPR | FNR FPR | FNR FPR | FNR FPR | FNR FPR | ENR FPR | FNR FPR | FNR FPR
CEC|[23] | 345 6840 | 560 6550 | 7.03 6193 | 7.73 5830 | 847 56.68 | 9.58 54.50 | 10.22 52.54 | 10.93 50.05
TEEN [18] | 8.02 4640 | 11.35 38.60 | 13.12 37.53 | 1532 3520 | 1647 3248 | 17.38 31.57 | 18.63 28.03 | 19.97 26.35
MICS [11] | 11.08 42.79 | 13.71 30.63 | 14.00 3535 | 10.06 20.08 | 15.89 27.33 | 16.04 20.63 | 21.56 23.45 | 1230 16.14
Our 1124 3597 | 13.69 2347 | 1419 26.05 | 12.94 15.89 | 1576 19.58 | 17.50 21.89 | 22.78 17.37 | 11.92 14.85

areas). The transition to the incremental stage is illustrated, marked by the introduction of
5 new classes (depicted as dots). The preserved space facilitates the incremental learning
phase, allowing new classes to integrate into the embedding space without compressing the
embedding of existing classes.

4 Discussion and Hyperparameters Analysis

We report the comparison of the number of trainable parameters of several typical methods
in Figure 3a. We can infer that the number of parameters used in our model is comparable
with most methods, indicating that performance gain is not due to over-parameterization.
The training time for CUB200 is shown in Figure 3b ,our method is at par with other related
works. Figure 5 illustrates mapper activation on various categories of minilmagenet dataset.
This demonstrates that mappers at the low level are frequently engaged similarly to those
at the high level. Thus, our approach benefits from a set of features compared to a single
feature per image.

Figure 7a compares the (R?) class separation degree for CE (cross-entropy), SAVC, and
our method. We achieved a higher mutual class separation degree, indicating we can separate
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the novel classes well from the old ones.

For double angular margin contrastive loss used in our method, we analyzed different
values of the scale factor s. As shown in figure 6a, s = 30 or 20 gives good results in most
sessions. Thus, for all our experiments, we set the s to 30.

Figure 6b analyzes values of positive (m,) and negative (mm,) margins on CIFAR100
dataset. The plot indicates that it is better to set m, greater than m,. Parameter m, in-
creases the distance threshold for negative pairs. For more diverse datasets like CIFAR100
or minilmagenet, a larger value of m, helps separate distinct classes well. C manages the
numerical range and stability of the cotangent outputs in the loss function. It prevents ex-
cessively large gradients by clamping the cotangent function’s output, which may cause the
learning process to diverge, particularly near its undefined points. Clamping ensures stable,
discriminative feature learning, which is crucial for model convergence. Our selection of
C=20 is supported by accuracy variations shown in the figure 6¢c. Temperature T = 20 gives
the optimal performance as depicted in figure 6d.

Figure 7b depicts applying Layerwise Feature Augmentation (LFA) gives better perfor-
mance over uniform feature augmentation. LFA before mappers performs better as mappers
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(c) Hyperparameter study for Clamp C.  (d) Hyperparameter study for Temperature 7.

Figure 6: Hyperparameter Analysis on CIFAR100
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further enhance the augmented features learning more generalized representations.

Model Accuracies on Different Datasets

ma

= s £2.32%64.25%3,77% 62.78%
MCLS w0 61.05%55 84%s 06 20.69%59 849
02t 3
5‘\ ” S 50
E L 5
©
g 2
g " _S 30
4 @
ou 3
“7‘ 20
3
ol
10 LA _before
W LA after
. UFA
mutual novel base 0
Classes CUB200 CIFAR100 minilmagenet
Datasets
(a) Class separation degree (R?) defined in (b) Analysis of Feature Augmentation. UFA:
SAVC [15]. Higher mutual class separation Uniform Feature Augmentation, LFA_before:
degree indicates good separation between the LFA applied before mappers, LFA_after:LFA
novel classes and the old classes. applied after mappers.

Figure 7: Ablation Study on Class Separation Degree and Feature Augmentation.

Table 5 shows the impact of the number of mappers on the average accuracy for the CI-
FAR100 dataset. The optimal accuracy is achieved with ten mappers. For a fair comparison,
we used a ResNet [6] architecture with four blocks. Increasing the number of mappers
doesn’t necessarily improve performance because it requires reducing the number of filters
to maintain comparable parameters, leading to underfitting due to under-parameterization.
However, using larger backbones with more mappers could potentially yield better perfor-
mance.

No. of Mappers  Average Accuracy (%)

4 68.56
8 69.29
10 70.12
12 70.01
14 69.76

Table 5: Impact of the Number of Mappers on Average Accuracy for the CIFAR100 Dataset.
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