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Multi-Label Class-Incremental Learning (MLCIL)
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/ (c) Weight Analytic Classifier \\
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(d) Inference

(a) Pseudo-Label Module (b) Feature Extraction
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3+ Weighted Analytic Classifier (WAC)

(b) Feature Extraction
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To minimize the loss function of Equation (8), we compute
its derivate with respect to W;:
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0 1/2 ~ Algorithm 1 Training process of L3A
o (190 (X W = Vi) I+ I Wel ) — T
s . X ) Input: Training set Dy™", -- -, D" with D" ~
= 2X 1, Q1 X1 Wi — 2X 1, Q14 Y0 + 29 W (X4, Y;), the frozen backbone ©.
Let the derivate equal to zero, we can get the closed-form Initialization: R, '(_ I, Wy <0
solution of Wt: for phase t="116T da
2 " T . > Pseudo-label module. <
Wi = (X1, Q14 X0 +90) 7 X121 Y1 (10) Dimm = {Xt, th) il fPL(D?amg n, @, Wt—l)
The goal of L3A is to utilize W;_; to update W; recur- > Count the labels frequency. d
sively without other historical samples or data. We define fi < Count(Y:, fi_1)
the autocorrelation matrix in the ¢ phase: > Calculate the sample-specific weight. q
- . train
R: = (X700 X +4I) L. (11) for all (X3, §1,:) € D™ do
| wy; < Weight(fz, §¢.4)
The iterative analytic solution process in WAC is shown in Q; +— diag(wt 1, W2, Wt N:)
Theorem 3.1. > Feature extraction. <
Theorem 3.1. The optimal solution of W, can be calculated X; + ¢(X;,09)
recursively by Update R; with Equation (13)
i 5 = 5 Update W; with Equation (12
Wi = [Wii - RX[ X Wi 1 RX] QmJ , P 1 E (12)
I ~ Return: W;
(12)
where the autocorrelation matrix can be calculated recur-

sively by

i —1
R.=R; 1—R 1 X, (' +X:Re1X,) X:R 1.
(13) .
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MS-COCO B0-C10

MS-COCO B40-C10

Method Type Memory Avg. Last Avg. Last

mAP  CFl OFI mAP mAP CFl OF1 mAP
Upper-bound Baseline 0 - 76.4 79.4 81.8 - 76.4 79.4 81.8
FT (Ridnik et al., 2021) Baseline 38.3 6.1 13.4 16.9 35.1 6.0 13.6 17.0
TPCIL (Tao et al., 2020) CIL 63.8 20.1 21,6 50.8 63.1 25.3 25.1 531
PODNet (Douillard et al., 2020) CIL 65.7 13.6 17.3 534 65.4 242 234 57.8
DER++ (Buzzega et al., 2020) CIL 5/class 68.1 333 36.7 54.6 69.6 41.9 43.7 59.0
KRT-R (Dong et al., 2023) MLCIL 75.8 60.0 61.0 68.3 78.0 66.0 65.9 74.3
CSC-R (Du et al., 2025) MLCIL 79.2 67.3 68.1 73.7 78.4 68.1 69.0 75.6
iCaRL (Rebuffi et al., 2017) CIL 59.7 19.3 22.8 43.8 65.6 22.1 25.5 55.7
BiC (Wu et al., 2019) CIL 65.0 31.0 38.1 a1 65.5 38.1 40.7 55.9
ER (Rolnick et al., 2019) CIL 60.3 40.6 43.6 47.2 68.9 58.6 61.1 61.6
TPCIL (Tao et al., 2020) CIL 0/class 69.4 51.7 52.8 60.6 72.4 60.4 62.6 66.5
PODNet (Douillard et al., 2020) CIL 70.0 45.2 48.7 58.8 71.0 46.6 42.1 64.2
DER++ (Buzzega et al., 2020) CIL 72.7 45.2 48.7 63.1 73.6 51.5 53.5 66.3
KRT-R (Dong et al., 2023) MLCIL 76.5 63.9 64.7 70.2 78.3 67.9 68.9 75.2
CSC-R (Du et al., 2025) MLCIL 79.6 67.8 68.6 74.8 78.7 682 694 76.7
PRS (Kim et al., 2020) MLCIL 48.8 8.5 14.7 27.9 50.8 9.3 15.1 35.2
OCDM (Liang & Li, 2022) MLCIL 1000 49.5 8.6 14.9 285 51,3 9.5 13,8 34.0
KRT-R (Dong et al., 2023) MLCIL 75.7 61.6 63.6 69.3 78.3 67.5 68.5 75.1
CSC-R (Du et al., 2025) MLCIL 79.3 67.5 68.5 3.9 78.5 67.8 69.7 76.0
PODNet (Douillard et al., 2020) CIL 43.7 T2 14.1 25.6 44.3 6.8 13.9 24.7
oEWC (Schwarz et al., 2018) CIL 46.9 6.7 13.4 243 44.8 11.1 16.5 273
LWF (Li & Hoiem, 2017) CIL 0 479 9.0 15.1 28.9 48.6 9.5 15.8 29.9
KRT (Dong et al., 2023) MLCIL 74.6 55.6 56.5 65.9 77.8 64.4 63.4 74.0
CSC (Du et al., 2025) MLCIL 78.0 64.9 66.8 72.8 78.2 65.7 67.0 75.0
L3A MLCIL 0 81.5 69.7 72.5 77.6 79.9 69.5 72.9 78.8
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I Experiments

Table 2. Comparison of the results between L3A and prompt-based CIL methods on MS-COCO dataset. Data in bold represents the best

results and data underline represents the second-best results.

MS-COCO B0-C10

MS-COCO B40-C10

Method Backbone Param.
Avg. mAP Last mAP Avg. mAP Last mAP
Upper-bound - 83.2 - 83.2
L2P (W; tal., 2022 73.4 ' 73.7 71.1
B g L) VIT-B/16  86.0M 3 68.0 3
CODA-P (Smith et al., 2023) 74.0 65.4 73.9 67.5
MULTI-LANE (De Min et al., 2024) 79.1 74.5 78.8 76.6
L3A TResNet-M 29.4M 81.5 77.6 79.9 78.8
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I Experiments

VOC B0-C4 VOC B10-C2

Method Memory  Avg. Last Avg. Last

mAP mAP mAP mAP
Upper-bound 0 - 94.7 - 94.7
FT 82.1 62.9 70.1 43.0
1CaRL 87.2 72.4 79.0 66.7 COCO BO-C10  COCO B40-C10
BiC 86.8 722 817 69.7 Model ~— PL WAC  Avg. Last Avg. Last
ER 86.1 71.5 815 686 mal’ mal’ mal Ak
TPCIL elass 876 773 807 708 Baseline X . 48.5 25.6 45.9 26.3
PODNet 88.1 766 812 714 ()wloWAC v x 709 567 777 721
DER++ 8§79 ~76.1 823 706  (2)w/oPL X v 81.4 713 79.6 78.4
BEIE A7 B 8L S0 Traa v v 8L5 776 1799 1788
CSC-R 92.4 87.9 91.6 87.8
CSC 90.4 85.1 89.0 83.8
CODA-P 0 90.6 84.5 90.2 85.0
MULTI-LANE 93.5 88.8 93.1 88.3

L3A 0 9.7 941 956 94.0
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Ablation Study

. . Table 6. The ablation stud buffer 1 1Ze,
Table 5. The ablation study on regularization term (7). e FIEDITIOR SHCY OF SUSE et fus

COCO B0O-C10 COCO B40-C10
7 COCO BO-C10 COCO B40-C10 Buffer 1ayer gize AVg Last AVg Last
Avg. mAP  LastmAP  Avg. mAP  Last mAP mAP mAP mAP mAP
0.1 80.41 76.83 79.36 78.22 512 79.33 75.24 77.78 76.43
1 80.39 76.90 79.37 78.27 ;gi: :‘fgg ;jié ;222 ;gz
o 80.42 64D 12,36 18,28 4096 8138 7755 7991 7877
100 80.86 71.09 79.51 78.29 6144 8143  77.60 7994 7875
1000 81.38 77.56 79.89 78.75 8192 81.43 77.56 79.96 78.79
10000 8§1.22 77.61 79.67 78.69 12288 81.40 77.56 79.93 78.82
Table 7. The ablation study on confidence threshold (7).
COCO BO-C10 COCO B40-C10 Table 8. Different weighting mechanism in the WAC module.
n
Avg. mAP L AP Avg. mAP L AP
ve m astm Mg astm COCOBO-CI0  COCO B40-C10
0.55 71.25 67.21 78.30 76.12 Weighting mechanism A Tt A T ast
vg. as vg. as
0.6 78.63 74.21 79.52 78.09 MAP mAP mAP mAP
0.65 80.97 77.08 79.85 78.68
0.7 81.45 77.57 79.91 78.77 1/v/ f®) 81.45  77.57 7991  78.77
0.75 81.36 77.58 79.80 78.62 1/f("‘3) 81.13 77.30 79.60 78.27
0.8 81.34 77.57 79.69 78.47

1/(log(f*™)4+1) 8136 7741  79.87  78.27

Dynamic 81,12 76.56 79.86 78.45
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