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\cremental
entation (CISS)?

Where can CISS

Class-incremental semantic segmentation studies how It is applied to fields such as autonomous driving
to incrementally learn new classes over time when and robot perception, where it plays a crucial role in
historical training data are not fully accessible due dynamic environments and continual updates.

to privacy or storage constraints

4 )
STEP 1: OLD CLASSES STEP 2: + NEW CLASSES
(e.g., CAR, ROAD) (e.g., PEDESTRIAN)
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(unavailable)
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(Old classes) m (New classes)

@
Balancing
goal

Autonomous driving Robot perception

Crucial for dynamic environments & continuous updates.
& J \ J




o Task Definitio ‘@ ICML

On Machine Learning

2’ Architecture Expansion v’i‘v Replay-Based @ Regularization-Based

_ Dominant  approach:  Adding
Dynamic network growth to Store and generate samples from constraints or penalties to the

revious task. .
accommodate new classes P model (e.g., knowledge distillation,

contrastive learning).
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Cons: Model size & computatioin Cons: Limited by privacy, memory, Cons: Bottleneck in low-margin

cost increase with each steps and generation-real mismatch. regions during incremental learning.
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Step 0: learn classes ¢-c;  Step 1: learn class c, Base stage (step 0) Incremental stage (step 1)
. . X-axis Sample Index  Y-axis Margin Value X-axis Sample Index  Y-axis Margin Value initi i
s(c) O High-margin at step t-1 S(Cl)o Low-margin of step t e : 10 10 it : 10 Definition of ma rgion
0 $ | L defi F h
» ow-margin region definition. For an input = with training
E’J 0.6 0 6 [S(C4) maX S(Cl) 0 g g label 7, let the most confident competing class be
=04 ’_] 0 * 8 c*(z) = argmax s;(z; 6), 2)
0.2 J#y
0.0 == [] [ 0 mm 6 6 6 where y denotes the true class index. The logit margin is
¢ g B o G € © . i defined as:
Visualization of low-margin regions o]t | | m(z;0) = sy(236) = se (2 (23 6). ©)
g 41 ‘ il Sl o o 4 4 4 | Low-margin regions Icorrespond to m(z; ) = 0, where the
o S | ‘ ‘ i top-1 and top-2 logits are close, leading to high uncertainty
) J ¢ K 1% ) and strong sensitivity to small perturbations.
ek ek 2
| I Impact of low-margion region
U i it {1 S i i i o bttt : ,
Prediction Result 0 100 200 300 400 500 0 100 200 300 400 500 In these regions, the top-1 and top-2 logits are
(a) Meamng of Low-Margin Regions. (b) Distribution of Low-Margin Regions in Class-Incremental Semantic Learning. close, near an evolving decision boundary

where predictions are uncertain. This increases
Figure 1. Low-margin regions bottleneck CISS. (a) Pixels with a small logit margin (e.g., top-1 c4 vs. top-2 ¢2) form low-margin  the likelihood of confusing new
regions, where predictions are uncertain and easily flipped. (b) After incremental learning, more samples are distributed in the

. . £ ¢
1 reoi o : classes with previously learned
low-margin region, resulting in class confusion.

ones during incremental learning,
resulting in poor learning of new
classes and forgetting of old ones.

Although existing methods alleviate forgetting, new-class performance often remains limited. A key

bottleneck arises from low-margin regions, where the top-1 and top-2 logits are highly competitive.
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Property 1: Maximum Second-Order Sensitivity Along the Property 2: Small Stability Radius in Low-Margin Regions. P 1: Hiah di ) | d d .
Margin Direction Occurs in Low-Margin Regions. roperty 1: Hig Irectional second-order sensitivity
2
The second derivative > LSZ"’ is maximized when the top1 logit = top 2 logit. Stability radius r = —"— (margin: m). Thus, as m — 0 (low-margin region) = r —0 ) . )
am II7gmil Property 1: Maximum Second-Order Sensitivity Along most confident competing class ¢*, where ¢” is the class with
/ Low-margin \ / High-margin \ the Margin Direction Oceurs in Low-Margin Regions. the second-highest logit. The upper bound of the second
‘When learning new classes at step ¢, we adopt the softmax derivative is:
Top 1= T0p2 & Top1>> T0p2 cross-entropy loss (Mao et al., 2023) as Ly.,. Considering 02ﬁqeg
A J 1‘1 the directional second-order sensitivity of L, along the OE =l “)
; J margin direction m(z, #), the directional second derivative
emmm - i e sctaE 5 and the Equation (3) is maximized near m(z;#) = (. Con-
y N " sequently, low-margin regions exhibit the highest directional
y 3 Perturbation O Ly = (py + ) - (py— ,E)Q_ 3) second-order sensitivity, such that small incremental updates
- 0 4 \ 2 - Py +Pe Py — Pe

. logit logit /! 1 b Y > N gl can cause disproportionate shifts between competing log-
Highest sensitivity to Stable optimization | ] ‘ O 9 Here, p,, represents the predicted probability for the true its, leading to performance degradation in CISS. Derivation

\incremental updates/ \ for new knowledge / { ] i z‘—’: class . and p,- represents the predicted probability for the details are provided in Appendix A.

4
b Current model y b . L
\ parameter 6 / R 0 .
\ .
. Property 2: Small stabiliy radidus
~ 7’
Correct Wrong Correct Wrong Property 2: Small Stability Radius in Low-Margin Re- Any boundary-reaching perturbation satisfies
o i . ) - . / . . - L . gions. A small perturbation Af changes the margin ac-
Second derivative . %9 along the margin m direction Large stability radius for high-margin Small stability radius for low-margin cording to the first-order Taylor approximation (Pétzsche & 189 [m(z; 8)|
m Rasmussen, 2006): > (7)
* iz )]

Figure 2. Why low-margin regions bottleneck CISS. Low margin regions exhibit high second-order sensitivity
along the margin direction and a small stability radius, making them highly sensitive to parameter updates and thus
prone to mis-segmentation during incremental learning of new classes.

m(z:0+A0) = m(z; 0)+ Vom(z;6) T A0+0 (| AG]2) ,
(5)

where Vym(x;0) is the gradient of the logit margin with

respect to the parameters. The stability radius r is the mini-

mum perturbation required to reach the decision boundary:

r(z;0) & iggf [|AG] st m(z;@)m(z; 0 + Ad) <0.

(6)

and thus r(z; f) = V':_Ef(‘i)ﬂ . When m(z; ) ~ 0, the sta-
bility radius is small. Consequently, during later incremen-
tal steps, learning new classes becomes highly sensitive to
small parameter perturbations, which can flip predictions on
old classes. Derivation details are provided in Appendix B.

Detailed introduction can be found in Section 3.2, with
inference details in Appendix A and B.

We demonstrate and reveal that the difficulty of optimizing low-margin regions in CISS arises from two

key properties: high directional second-order sensitivity and low stability radius. This insight inspires us
to propose a method based on this critical finding.
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Figure 3. Overview of Learnability-Driven Knowledge Assimilation (LDKA). At step t, guided by the derived low-margin properties (Sec. 3.2), LDKA addresses low-margin optimization via
three complementary strategies: PML determines what to learn by progressively allocating pixel-level optimization budget, SKD determines how to learn by stabilizing low-margin updates, and
MAD determines where to separate by decoupling highly confused class pairs. Together, they provide an allocation—stabilization—decoupling optimization design.



NUS

National University
of Singapore

o3 ICML

International Conference
On Machine Learning

Comprehensive Experiments




a Comparison

SOTA
across 9
settings.

Comparison of the mean
mloU across all classes with
recent methods shows that
our method consistently
achieves SOTA performance.

Table 1. Comparative experiments on VOC dataset. Bold and underlined values denote the best and second-best results, respectively. The
T symbol indicates results reproduced using the same versioin of ViT. — indicates that the relevant experiment is not mentioned in the
original papers. Across five incremental settings, our method achieves the highest overall mIoU, demonstrating consistent performance.

Method Backbone 15-5 (2 steps) 19-1 (2 steps) 15-1 (6 steps) 2-2 (10 steps) 10-1 (11 steps)

0-15 16-20 Al | 0-19 20 All | 0-15 1620 Al | 0-2 3-20 Al | 0-10 11-20 Al
MIB (Cermelli et al., 2020) ResNetl01 | 76.4 500 70.1 | 71.4 23.6 69.1 | 342 135 293 |41.1 234 259|123 131 127
PLOP (Douillard et al., 2021) ResNetl01 | 75.7 51.7 700 | 754 374 736 | 651 21.1 546|241 119 136 | 440 155 304
SSUL (Cha et al., 2021) ResNet101 | 784 558 730 | 77.8 498 765 | 784 490 714 - - - 740 532 641
MicroSeg (Zhang et al., 2022b) ~ ResNetl01 | 820 59.2 76.6 | 793 629 785 | 81.3 525 744|600 509 522|772 572 677
RCIL (Zhang et al., 2022a) ResNetl01 | 788 520 724 | 685 121 658 | 706 237 594|283 19.0 203|554 151 362

LGKD (Yang et al., 2023) ResNetl01 | 79.5 548 736 | 773 429 757|706 309 6l1.1 - - - - - -

CoMasTRe (Gong et al., 2024) ~ ResNetl01 | 79.7 519 73.1 | 75.1 69.5 748 | 698 436 63.6 - - - - - -
Adapter (Zhu et al., 2025b) ResNet101 - - - - - - 799 519 732|628 579 586|749 543 651
MIBT (Cermelli et al., 2020) ViT 785 632 749 | 804 478 788|726 235 609|411 293 310|114 189 150
SSULT (Cha et al., 2021) ViT 79.7 553 739 | 808 315 785|781 334 675|603 406 434|743 510 632
MicroSeg" (Zhang et al., 2022b) ViT 819 540 753|790 253 764|805 408 710|648 434 465|735 530 637
Incrementer (Shang et al., 2023a) ViT - - - - - - | 796 596 748 | - - - | 776 603 694
CoinSeg (Zhang et al., 2023) ViT 821 632 776|815 448 798 |87 525 755|701 633 643|801 600 705
MBST (Park et al., 2024) ViT 839 726 812|822 726 818|819 656 780|675 734 726|800 729 76.6
Nest (Xie et al., 2024) ViT 812 674 779|797 600 788 |77.0 533 714 - = - 652 358 512
CoGaMiD (Zhu et al., 2025a) ViT = = = - = - 832 612 778|734 700 705 |8L1 659 739
Ours ViT 846 753 824|829 739 825|833 699 801|723 758 753|80.0 731 767
Joint (Upper bound) ViT 855 803 843|844 796 842|839 79.1 828|773 855 843|850 847 849

Table 2. Comparative experiments on ADE20K. Our method is capable of effectively learning new knowledge and resisting catastrophic
forgetting without accessing old-class data for rehearsal. Notably, the overall performance of our method across the four incremental
settings is very close to that of joint training, which is commonly regarded as the upper bound of performance in CISS.

Method Backbone 100-50 (2 steps) 50-50 (3 steps) 100-10 (6 steps) 100-5 (11 steps)
0-100 101-150 Al ‘ 0-50 51-150 Al ‘ 0-100 101-150 Al ‘ 0-100 101-150 Al
SDR (Michieli & Zanuttigh, 2021b) ~ ResNet101 | 37.5 255 335|429 254 313 | 289 11.7 232 | 36.7 57 264
PLOP (Douillard et al., 2021) ResNet101 | 41.9 14.9 330 | 488 21.0 304 | 405 13.6 316 | 39.1 78 28.7
SSUL (Cha et al., 2021) ResNet101 | 41.3 18.0 336 | 484 202 29.7 | 40.2 18.8 33.1 | 399 17.4 324
REMINDER (Phan et al., 2022) ResNet101 | 41.6 19.2 342 | 47.1 204 294 | 390 21.3 33.1 | 36.1 16.4 29.6
Microseg (Zhang et al., 2022b) ResNet101 | 40.2 18.8 33.1 | 486 248 328 | 415 21.6 349 | 404 205 338
IDEC (Zhao et al., 2023b) ResNet101 | 42.0 182 34.1 | 474 260 332 | 423 17.6 34.1 | 392 14.6 31.1
LGKD (Yang et al., 2023) ResNet101 | 43.4 25.7 375|489 294 360 | 419 22.0 353 - - -
LAG (Yuan et al., 2024) ResNet101 | 41.6 19.7 343 | 477 26.1 334 | 410 18.7 33.6 | 40.0 17.2 325
CoMasTRe (Gong et al., 2024) ResNet101 | 45.7 26.0 39.2 - - - 423 18.4 344 | 408 15.8 325
Adapter (Zhu et al., 2025b) ResNet101 | 43.1 23.6 36.6 | 49.3 273 347 | 429 199 353 | 426 18.0 345
MIBf (Cermelli et al., 2020) ViT 46.4 35.0 42.6 | 522 356 412 | 43.0 30.8 39.0 | 40.2 26.6 357
SSULY (Cha et al., 2021) ViT 41.9 20.1 347 | 495 213 30.8 | 407 19.0 335 | 413 16.0 329
Microsegf (Zhang et al., 2022b) ViT 41.1 24.1 355|498 239 326 | 41.0 22.6 349 | 412 21.0 34.5
Coinseg (Zhang et al., 2023) ViT 41.6 26.7 36.7 | 490 289 357 | 421 245 363 | 43.1 24.1 36.8
CoMFormer (Cermelli et al., 2023) ~ ViT 44.7 26.2 38.6 - - - 40.6 15.6 323 | 395 13.6 30.9
MBS+ (Park et al., 2024) ViT 494 375 455|556 398 451 | 481 352 438 | 457 227 381
Nest (Xie et al., 2024) ViT 42.8 27.8 378 | 497 293 362 | 418 238 358 | 40.5 19.9 337
CoGaMiD (Zhu et al., 2025a) ViT 43.9 273 384|499 298  36.6 | 49.9 265 422 | 43.6 25.8 377
Ours ViT 49.1 40.7 46.3 | 558 423 469 | 48.0 385 449 | 46.1 28.1 40.1
Joint (Upper bound) ViT ‘ 529 42.6 49.5 ‘ 589 447 495 ‘ 52.7 42.4 49.3 ‘ 52.6 42.6 49.3

Quantitative analysis
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SOTA across five incremental
configurations on the VOC dataset

SOTA across four incremental
configurations on the ADE20K dataset




Image ~ MIB  LGKD  Coinseg MBS Ours GT Image LGKD  Coinseg Ours
Figure 4. Qualitative results under the 15-1 setting. Results from the base stage and the incremental stage show that our method achieves more accurate pixel-

level segmentation of old classes with resistance to forgetting, while reducing misclassification of new-class pixels.
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Figure 5. Qualitative analysis under the 15-1 configuration using the T-SNE plot. Our method shows better intra-class clustering than recent approaches,
suggesting greater potential for accommodating new classes in the future, which is crucial for CISS.
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veness of
A\nalysis in LDKA

Table 3. Ablation study of components on Pascal VOC 15-1.
Integrating all components yields the best performance.

15-1 (6 steps)

Num Baseline Lggpme Lskp  Lmap 0-15 16-20 All

1 v 71.8  45.0 65.4
2 v v 822 614 77.2
3 v v v 83.0 684 79.5
4 v v v v 833 699 80.1

Each component plays an irreplaceable role,
and the optimal performance is achieved

when all components are involved.

o3 ICML
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Table 4. Ablation study about the design of Lyap. Lmap 1S more
suitable for CISS than recent inter-class decoupling methods.

15-1 (6 steps)
0-15 16-20 All

Contrastive learning 82.0 67.9 78.5
Contrastive learning with I'; ; 82.2 68.6 78.8
Orthogonal 82.0 63.4 77.4
Ours 82.7 69.9 79.5

The ablation study with different class
decoupling strategies shows that MAD

outperforms all variants.
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Confidence Difference during Training Progress Gradually Focusing on Regions Where Class Confusion Is Likely to Occur
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Figure 6. (a)—(b) analyze the effect of - ;(c)—(e) analyze , , and , respectively. —  enlarges the top-1/top-2 confidence gap, while and
suppress directional second-order sensitivity and increase the stability radius. further mitigates class confusion.
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Optimization diagnosis.

We provide a diagnosis of low-margin regions in CISS, demonstrating that
these regions exhibit high second-order margin sensitivityand a small

stability radius, which leads to ill-conditioned optimization.

WD) €W suppress sensitivity Increase the stability radius

LDKA addresses low-margin optimization via three complementary
strategies: PML determines what to learn by progressively allocating
pixel-level optimization budget, SKD determines how to learn by
stabilizing low-margin updates, and MAD determines where to separate
by decoupling highly confused class pairs. Together, they provide an

allocation-stabilization-decoupling optimization design.

Comprehensive evaluation. Balance stability
and plasticit

Experiments demonstrate that LDKA improves mloU on newly emerging
classes while preserving performance on old classes across 9 diverse

incremental configurations
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