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ABSTRACT

Weakly Supervised Incremental Learning for Semantic Segmentation seeks to seg-
ment new classes using only image-level labels, without access to old class data,
which challenges the stability-plasticity balance. The absence of pixel-level an-
notations for new classes and historical data for old classes often leads to class
overwriting, where predictions for new classes misclassify or override regions
belonging to semantically similar previously learned classes. We observe that
such overwriting frequently arises from class confusion, where visually similar
classes are entangled due to weak supervision and limited feature discrimination.
To address this, we propose EvoProto, a framework that explicitly models and
mitigates class confusion through the dynamic evolution of learnable class proto-
types. We begin by introducing a confusion score that quantifies semantic similar-
ity between new and old classes. The adaptive weight, which is calculated from
the confusion score and the CAM-derived predictions following a warm-up phase,
facilitates both contrastive prototype learning and prototype-level knowledge dis-
tillation, thereby enhancing inter-class distinction during continual updates. An
additional activation-based label denoising mechanism is applied to emphasize
confident and consistent activations among the noise for more reliable weak su-
pervision. Extensive experiments on the Pascal VOC and COCO benchmarks
demonstrate that EvoProto effectively alleviates class overwriting and achieves
state-of-the-art performance across various incremental scenarios. The code will
be made publicly available.

1 INTRODUCTION

Semantic segmentation assigns each pixel to a predefined class, and although deep learning has
greatly advanced its performance [Long et al.|(2015); Chen|(2014);|Chen et al.| (2017); |Chen| (2017)),
such progress depends heavily on large-scale, densely annotated datasets. To reduce annotation
costs, Weakly Supervised Semantic Segmentation (WSSS) methods /Ahn & Kwak| (2018al); [Ru et al.
(2022); Yang et al.|(2024));|Wu et al.[(2024) utilize image-level labels to generate pseudo-pixel labels
through Class Activation Maps (CAMs) [Zhou et al.| (2016). While WSSS greatly reduces labeling
effort, it typically assumes a fixed class set and is not directly applicable to dynamic environments
where new semantic categories emerge over time. To address this limitation, Weakly Incremental
Learning for Semantic Segmentation (WILSS) has recently been proposed (Cermelli et al.| (2022) to
incrementally learn new classes using only image-level supervision, while preserving segmentation
performance on previously learned ones. This setting combines the challenges of weak supervision
and continual learning, making it significantly more difficult than either task alone. Specifically,
CAMs—already rough in WSSS—become even more unreliable as classification performance de-
grades during incremental training.

Despite promising progress, existing WILSS methods [Cermelli et al.| (2022)); [Yu et al.| (2023a)); |S1
et al.|(2024); [Liu et al.| (20244a) overlook two critical and tightly coupled challenges. First, semantic
confusion between visually similar classes, such as cow vs. sheep, becomes more severe due to weak
supervision, leading to ambiguous representations. Second, the poor quality of CAM-based pseudo-
labels for new classes further amplifies this confusion. Together, these issues cause a phenomenon as
class overwriting, where new class predictions incorrectly cover regions that belong to semantically
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Figure 1: Visualization and quantitative comparison of class overwriting. The images show segmen-
tation results for cow vs. sheep and bus vs. train. The class overwriting issue occurs in the results
of the baseline, where the old classes are partly/totally covered by the similar new classes. EvoProto
mitigates the confusion between similar classes and generates the correct prediction result.

similar old classes. This not only harms performance on old categories but also hinders the learning
of new ones.

Class overwriting is caused by class confusion (as shown in Fig.[I)), i.e., visual and semantic similar-
ity between new and old classes leading to entangled feature representations under weak supervision.
To address this, we propose EvoProto (Evolving Prototypes with Class Similarity), a novel WILSS
framework that explicitly models and mitigates class overwriting by evolving class-discriminative
trainable prototypes via contrastive learning and distillation.

We first define a confusion score to quantify inter-class semantic similarity, computed from CAM-
derived predictions after a warm-up phase. This score drives the Confusion-Aware Prototype Opti-
mization by generating two sets of adaptive weights for reweighting: one for contrastive prototype
learning, and the other for prototype-level alignment. These reweightings reinforce representation
dissimilarity between confusing classes while preserving previously learned knowledge. The pro-
totypes are trainable and dynamically evolve throughout the incremental process. In addition, we
observe that weak supervision in WILSS further degrades class separability due to classification in-
consistency and pseudo-label noise. To alleviate this, we propose an Activation Based Label Denois-
ing (ALD) mechanism that filters out unreliable activations by identifying confident and consistent
CAM channels, resulting in higher-quality pseudo labels for both old and new classes.

In summary, our main contributions are as follows:

* We identify class confusion as the underlying cause of class overwriting in WILSS and propose
EvoProto, a framework that addresses this challenge by evolving class-specific prototype repre-
sentations under weak supervision.

* We address this problem via a prototype evolution strategy, which leverages a confusion score
to quantify inter-class semantic similarity. This score generates adaptive weights that guide both
contrastive prototype learning and prototype-level alignment, promoting better separation between
similar classes while preserving knowledge of old ones.

* We further incorporate an Activation-Based Label Denoising (ALD) mechanism to improve
pseudo-label quality under classification degradation. Together with the prototype-based strat-
egy, EvoProto achieves state-of-the-art performance across multiple WILSS benchmarks.
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2 RELATED WORKS

Class-Incremental Semantic Segmentation (CISS). CISS addresses the problem of sequentially
learning new classes in semantic segmentation without accessing data from old classes. A major
challenge in this setting is catastrophic forgetting French|(1999); Thrun|(1998)), where updated rep-
resentations interfere with previously learned knowledge. Early approaches, such as MiB |Cermelli
et al.| (2020) addressed background shift by dynamically redefining the background class. Subse-
quent methods adopted strategies like knowledge distillation|Li & Hoiem|(2017); Baek et al.|(2022));
Zhang et al.| (2022)), exemplar replay|Cha et al.|(2021));|Chen et al.|(2024a)), and pseudo-label refine-
ment Douillard et al.|(2021)); |Cermelli et al.|(2023)) to mitigate forgetting. However, these methods
typically rely on full pixel-level annotations for new classes, which limits their scalability.

Weakly Supervised Incremental Semantic Segmentation (WILSS). To reduce annotation cost,
WILSS |Cermelli et al.[(2022); Yu et al.| (2023b)); |[Liu et al.| (2024b); |Si et al.| (2024)) assumes only
image-level labels for new classes while maintaining dense supervision only in the initial stage. This
setting is more practical but introduces greater challenges due to the weak nature of the supervision
signals. A common issue is class overwriting, where noisy or ambiguous pseudo-labels lead to con-
fusion between similar new and old classes. Many WILSS methods adopt a two-stage approach:
first generating class-specific pseudo-labels via CAM-based techniques [Yu et al.| (2023b)); [Si et al.
(2024); IL1u et al.| (2024b), and then training the segmentation model incrementally. Others enhance
pseudo-label quality by incorporating auxiliary cues, such as prompt-based semantic priors Hao
et al.|(2024). However, these approaches often treat weak supervision and incremental learning sep-
arately, making it difficult to fully resolve class interference during continual updates. In contrast
to existing methods, our work introduces an integrated framework that jointly considers class sim-
ilarity and pseudo-label reliability. By estimating inter-class confusion and adaptively reweighting
the segmentation loss, our method mitigates class overwriting and improves learning stability under
weak supervision.

3 PRELIMINARY

Task Definition: Incremental semantic segmentation proceeds in sequential steps. At each step
t € {0,...,T}, the model learns to segment a new set of classes C?, where all class sets are

disjoint (ﬂfzo C! = 2) and their union forms the complete class set C = Uf:o C!. In step t,
the training data comprises image-label pairs (x?, y?), where x! is the input image and y’ provides
dense annotations exclusively for the current classes C*. Annotations for old (C°*~!) and future
(C'*1T) classes are unavailable. Based on this, WILSS imposes stricter constraints: only the initial
step (¢ = 0) has access to dense labels, while all subsequent steps provide only image-level labels Y'*
for the newly introduced classes, with no access to prior data. The objective is to ensure that, after
each step ¢, the model can accurately segment all classes seen so far (C?), effectively integrating
new knowledge while mitigating forgetting of previously learned categories.

CAM based Pseudo Labels: Given an input image, the feature extractor F outputs feature maps
X € RDPasxHXW Following the common practice| Ahn & Kwakl (2018a));|\Wang et al.| (2020); Cer-
melli et al.| (2022)); [S1 et al.| (2024), Class Activation Maps (CAMs) are computed by taking the inner
product between X and the classifier weights W € R'CO:tVDC‘S, i.e., CAM(c) = W . x Ve e
C%'. The image-level labels Y are then used to suppress absent classes and apply background
thresholding, yielding pixel-wise pseudo labels y..m for new classes. Meanwhile, predictions from
the previous model are utilized as auxiliary pseudo labels yp.. for old classes. The final pseudo
labels g are thus composed by combining the two sources to supervise the segmentation decoder as:

o cam\U, UV ), if Yeam u,v) € Ct
g(u,v) = {y (u,v), - ify ( ) (1)
Ypre(u, v),  otherwise.

The segmentation decoder is trained with these pseudo labels using a pixel-wise Binary Cross-
Entropy loss, encouraging the network to align its predictions with CAM-derived labels for new
classes while retaining knowledge of old classes through the previous model’s guidance.
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Figure 2: Overall architecture of EvoProto. Given the image and image-level labels, we first esti-
mate a class confusion score to quantify semantic similarity between classes. The Confusion-Aware
Prototype Evolving module leverages this score to guide both contrastive prototype learning and
prototype-level alignment, promoting class separation and mitigating class overwriting. Meanwhile,
the Activation-Based Label Denoising strategy filters low-confidence activations to improve image-
level pseudo-label quality under weak supervision.

4 PROPOSED METHOD

We propose EvoProto, a confusion-aware framework for WILSS. It mitigates class overwriting by
dynamically evolving prototype representations under guidance from class-level semantic similarity.
As illustrated in Fig. [2] we first estimate a confusion score to quantify inter-class similarity between
classes. This score is used to adaptively weight two prototype-driven objectives: contrastive learning
for enhancing class separation, and prototype-level distillation for preserving prior knowledge. To
further improve pseudo-label reliability under weak supervision, we introduce an Activation-Based
Label Denoising strategy that filters out noisy activations.

4.1 CONFUSION-AWARE PROTOTYPE EVOLVING

To address class confusion and overwriting in incremental segmentation, we propose a Confusion-
Aware Prototype Evolving (CAPE) scheme that learns and refines class prototypes over time.
Instead of relying on static pixel averages, we introduce learnable prototypes that evolve across
training steps, enabling more discriminative and robust class representations. To further guide this
evolution, we estimate class-level confusion scores and use them to reweight key training objectives.
This reweighting strategy helps mitigate interference between semantically similar categories by
adaptively adjusting the strength of prototype separation and knowledge preservation.

4.1.1 CLASS-LEVEL CONFUSION SCORING

To measure the semantic similarity between classes, we introduce class-level confusion scores dur-
ing training, which reflect the degree of misclassification induced by feature similarity. These scores
serve as unified signals to reweight both the prototype contrastive separation loss and the prototype-
level alignment. Given the lack of pixel-level annotations for new classes, we instead use CAM-
based pseudo labels obtained at the K -th iteration as reference supervision. At the beginning of each
subsequent epoch, we construct a confusion matrix by comparing the model predictions y(u, v) with
the pseudo labels ¢(u, v) across all pixels (u, v).
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For two distinct class ¢ and j, the conditional confusion from ¢ to j is defined as
{(u,v) | y(u,v) = j Ag(u,v) =i}

B(i—j) = 2
{(u,v) | §(u, v) = i}
The symmetric confusion score is then obtained as
M, ; =B(i— j)+ B(j —i). 3)

. . 0: 0: . . g . .
The resulting matrix M € RIC fIx1c%] provides a compact measure of bidirectional confusion

between classes. Guided by these scores, the model adaptively balances stability and plasticity: pre-
serving old knowledge when overlap is high, while enforcing stronger separation for easily confused
new categories. Furthermore, class-wise confidence refinement is applied to improve the reliability
of CAM-based pseudo labels.

4.1.2 REWEIGHTED CONTRASTIVE PROTOTYPE LEARNING

Class overwriting often arises between semantically similar classes, causing entire regions to be
misclassified or shared ambiguously, which severely degrades segmentation quality. To address this,
we propose Reweighted Contrastive Prototype Learning (RCPL) strategy, which encourages the
model to learn more discriminative prototypes through confusion-aware contrastive optimization.
Guided by the confusion score, the network adaptively controls the degree of separation and align-
ment among prototypes during training. Instead of using pixel-averaged class representations Kir-
illov et al|(2019), which are sensitive to noise Michieli & Zanuttigh!|(2021a) and overlook intra-class

variation |Hu et al.|(2020), we introduce a set of learnable prototypes P € RIC™ XD where Dy,
is the feature dimension of the segmentation decoder. To train these prototypes, we compute the
cosine similarity between the segmentation decoder features and the prototypes. The similarity map
is then supervised using the pseudo labels via a BCE loss. These learnable prototypes can adaptively
fit class-specific distributions, enabling more discriminative and robust representation learning under
noisy pseudo-labels and class imbalance.

Once the prototypes P are obtained, we introduce a confusion-weighted contrastive loss to explicitly
enforce inter-class separation. A weight matrix w is constructed from the normalized confusion ma-
trix M by applying a centered sigmoid transformation. Since the raw confusion scores are relatively
small, they are not directly suitable for use as control weights. Therefore, we employ a normaliza-
tion function that maps the confusion scores into the range [—1, 1]. The rationale for adopting the
centered sigmoid, together with a detailed analysis, is provided in the Appendix A.5. Specifically,
for a class ¢ and a class 7, the weight is computed as:

w. . = d2ok(M;—7) =1, ifj=C0; @
d 0, otherwise.

where o(+) is the sigmoid function, and k and ~y are scaling and centering hyperparameters, respec-
tively. The index C'O; denotes the counterpart class that is most confused with class . Since our
main concern is class overwriting introduced when new classes are incrementally added, < and C'O;
are always constrained to belong to different phases, i.e., one from the old classes and the other from
the new classes. Specifically, if ¢ belongs to an old class, its counterpart C'O; is chosen from the
new classes; conversely, if 7 belongs to a new class, C'O; is selected from the old classes:

arg max M, ;, ifi € C%t-1
/e
CO; = ’ S (5)
arg max M, ;, ificC".
ECOf 1

This definition ensures that ¢ and C'O; are always selected across the old—new boundary, which is
precisely where the class overwriting phenomenon most prominently occurs.

Then, each prototype Pt(i) serves as a query, aiming to decrease its similarity with other class pro-
totypes. Finally, the reweighted contrastive prototype loss is defined as:
‘CO t‘ |C(J tl
Ly = |COt| Z Z (I+7-w;)- sun(Pt() Pt(J)) (6)

J#l
where sim(+, -) denotes cosine similarity and 7 is a temperature coefficient.
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4.1.3 PROTOTYPE-LEVEL ALIGNMENT

To balance stability and plasticity during incremental learning, we introduce a Confusion-Aware
Prototype-level Alignment (CPA) that preserves old-class representations while mitigating seman-
tic confusion. The distillation strength is modulated by class-wise confusion scores to prevent over-

fitting to ambiguous knowledge. For each old class, given Pt(i) and Pt(i)l as the prototypes of class
1 from the current and previous models, respectively, we align both prototypes as:

|Co:t71‘
1 .
Lya = [Co ] Z (1=7-wico,)- HIJt(Z) - (7
i=1

A lower weight is assigned to highly confused classes to reduce the risk of transferring noisy knowl-
edge, e.g., misinterpreting features of a new class (like sofa) as an old one (like chair). This adap-
tive distillation is complemented by the contrastive loss L, which promotes inter-class separation.
While Lyq stabilizes retained representations, L. encourages discriminative feature learning. To-
gether, they enable robust prototype evolution under weak supervision and semantic ambiguity.

4.2 ACTIVATION-BASED LABEL DENOISING

In WILSS, CAM-based pseudo labels tend to degrade due to classification decay and the absence of
pixel-level annotations, especially for old classes. This leads to noisy supervision and impairs the
model’s ability to distinguish between semantically similar classes. To alleviate this, we introduce
an Activation-Based Label Denoising (ALD) strategy that improves image-level pseudo-label Y
reliability by filtering low-confidence activations.

To suppress noisy class activations, we compute a dynamic threshold thre derived from the maxi-
mum activation values A; across the CAM channels of old classes, then CAM is defined with:

CAM 1, if max(A;) > thre
i = {O, otherwise , th Z max(A ®
ZEP
where P is the set of classes predicted as present by the old model, and A, is the activation map
of the i-th class. The additional +1 in the denominator introduces a conservative bias that helps
suppress noisy or uncertain predictions—if the predicted labels are reliable, their activations will
naturally exceed this slightly lowered threshold; otherwise, low-activation false positives are effec-
tively filtered out. This filtering removes spurious low activations while retaining confident signals.

We then obtain the final image-level pseudo label used for supervision by combining the filtered
old-class predictions with ground-truth image-level labels for new classes:

You = Y2 NYMM Y = [You, YE, 9)

new

where ‘N’ means conjunction of the labels, and [-, -] denotes channel-wise concatenation. The refined
pseudo label Yi.i, is used to supervise the image-level classification head via the binary cross-
entropy loss:

COf
Las=— |Coq 2 (¥ log o (=) + (1= ¥, 0) - log(1 —o(=)] . (10)

where o(+) is the sigmoid function, z € RIC is the predicted classification logit vector. This de-
noising mechanism improves the quality of supervision under weak labels, effectively complement-
ing prototype evolution by reducing activation-level noise and enhancing inter-class separability.

4.3 OVERALL OBJECTIVES
We combine multiple loss terms to enhance segmentation accuracy, prototype discrimination, and
classification stability under noisy and evolving supervision. The overall objective is

L= Acls‘ccls + Asegﬁseg + )\clﬁcl + )\kdﬁkda (11)

where L., denotes the Binary Cross-Entropy loss with pseudo labels. Note that L. and Ly, are
standard task losses rather than architecture-specific designs.
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Table 1: Results on different overlap settings. “P” and “I”” denote pixel-level and image-level labels,
respectively. Best image-level methods are in bold, best pixel-level methods are underlined. FT is
a fine-tuning baseline (lower bound), Joint is trained with all classes (upper bound). Entries with
“(ViT)” use a Vision Transformer backbone; others use ResNet. {: Methods using the external
foundation model SAM [Kirillov et al.| (2023D).

Method Sup 10-10 VOC ‘ 15-5VOC COCO-to-VOC ‘ 10-2 VOC ‘ 10-5 VvOC

1-10 11-20  All | 1-15 1620 All | 1-60 61-80 All | 1-10 11-20 All | 1-10 11-20 All
FT P| 78 589 321|125 369 183 | 19 417 127 - - - - - -
LWF|Li & Hoiem|(2017] P | 707 634 672|670 418 61.0| 367 49.0 403
LWF-MC|Rebutfi et al.|[(2017) P | 539 430 487|598 226 510 - - -
ILTMichieli & Zanuttigh|(2019) P| 703 619 663 | 69.0 464 63.6 370 439 393
CIL|Klingner et al.|[(2020) P | 384 600 487|149 373 202 - -
MiB|Cermelli et al. (2020} P | 704 637 672|755 494 690|349 478 387
PLOP|Douillard et al.[(2021) P| 696 622 67.1|757 51.7 701|351 394 368
SDR Michieli & Zanuttigh[(2021b) P| 705 639 674|754 526 699 - - -
RECALL|Maracani et al. [(2021}] P | 660 588 637|677 543 656 - - - - - - - - -
ALIFE|Oh et al. (2022} P| 741 698 719|772 525 713 - - - 548 407 481 | 683 588 63.8
DKD|Baek et al. |(2022) P|752 696 725|788 582 739 - - - 587 458 526 | 68.8 57.6 634
STAR|Chen et al.|(2024b} P| 741 688 71.6| 795 589 746 - - - 723 582 656 | 735 647 693
BARM|Zhang & Gao (2024} P| 762 678 722|785 563 732 - - - 75.1 597 678 | 757 64.8 705
CAM |Zhou et al.|(2016) 1]708 442 585|699 256 59.7 307 203 281
SEAM|Wang et al. (2020} 1675 554 627|683 31.8 604|312 282 305
SS|Araslanov & Roth|[(2020) 1696 328 525|722 275 621|351 369 355
EPS|Lee et al.|(2021 ] 11690 570 643|694 345 621|349 384 358 - - - - - -
WILSON |Cermelli et al.|(2022] 1704 571 650|742 41.7 672|398 41.0 40.6| 387 224 325|668 465 58.1
Teddy|Si et al. [(2024} F 1712 594 665|776 514 720 | 406 418 415|503 320 43.1 | 689 517 617
EvoProto (Resnet) 0.« 1]708 63.6 682|754 536 709|413 432 424|517 376 464 | 698 56.1 64.0
Joint (Resnet) P| 784 764 774|798 702 774 478 469 477|784 764 714|784 164 714
WILSON (ViT)|Cermelli et al. [(2022} 11743 612 688|752 464 69.1 | 41.0 423 418|526 36.1 462|736 575 669
ToCo (ViT)[Ru et al.|[(2023} 1735 588 674|746 443 679 | 403 414 411|492 339 434|729 560 657
EvoProto (ViT) (0u- 1759 667 723|782 526 728|429 445 439|587 430 525|747 645 707
Joint(ViT) P| 791 773 782|804 716 782 504 495 503|791 773 782|791 713 782

5 EXPERIMENTAL RESULTS

5.1 EXPERIMENTAL SETUP

Datasets and Evaluation Metrics. We evaluate EvoProto on Pascal VOC 2012 Everingham et al.
(2010) and MS COCO [Lin et al.| (2014). Following the standard protocol |Ahn & Kwak! (2018b),
the Pascal VOC training set is augmented to 10,582 images, and its validation set includes 1,449
images, both with 20 annotated classes. MS COCO is a large-scale dataset comprising 164K images
with annotations spanning 80 object categories. For incremental evaluation, we report mloU on the
initial classes C?, on the newly introduced classes C*7, and on all classes C°7.

Protocols. Following |Cermelli et al.| (2022); |Si et al.| (2024), we consider two incremental pro-
tocols: disjoint, where each step excludes future classes, and overlap, where new classes are in-
troduced while retaining previously seen ones. Since the overlap scenario is more realistic and
challenging, we focus on it, while results under the disjoint protocol are deferred to the Appendix
A.1. Each scenario is denoted as Niyi-Nine (e.g., 10-5 first trains on 10 classes and then adds 5 at
each step). On VOC, we test four settings: 15-5 (2 steps), 10-10 (2 steps), 10-5 (3 steps), and 10-2
(6 steps). We also evaluate a challenging COCO-to-VOC setting, where 60 COCO classes are first
learned, followed by incremental training on VOC, and finally evaluated on all 80 classes.

Implementation Details. We use ViT-B/16 |Dosovitskiy et al.|(2020) as the main backbone in all
experiments to validate our method. The baseline is a plain ViT with an image-level classifier and a
lightweight segmentation decoder from ToCo Ru et al.| (2023). Both segmentation and classification
tasks are supervised using the BCE loss. Following prior works|Cermelli et al.|(2022};2020); |S1 et al.
(2024), we also adopt Deeplab-V3 |Chen| (2017) with ResNet-101 [He et al.| (2016) on Pascal VOC
and Wide-ResNet-38 Wu et al.[(2019) on COCO-to-VOC to verify generalizability and ensure fair
comparisons. The training setup follows ToCo Ru et al.|(2023): a linear warm-up from 1 x 107° to
6 x 1075 in the first 2k iterations, then polynomial decay (power 0.9). The initial step uses 6 x 10~°
(20k iterations on VOC, 80k on COCO-to-VOC), while incremental steps use 2 x 10~° (8k on VOC,
20k on COCO-to-VOC). The batch size is set to 8. We apply Confusion-Aware Prototype Evolving
after 4k iterations. Loss weights are A = 1.0, Agq = 0.1, Mg = 0.1, Ay = 0.2, with & = 50,
v=0.1,7=0.1.
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Table 2: Ablation study of RCPL, CPA, and ALD on VOC 10-5, where “Initial (1-10)” is perfor-
mance after training only on the first 10 classes (ViT-B/16).

RCPL | CPA | ALD | Initial (1-10) 1-10 11-20 All
80.1 72.9 56.0 65.7

v 80.9 73.8 60.9 68.5
v v 80.1 73.3 57.6 66.8

v v 80.9 73.1 61.9 68.7
v v 80.9 74.3 61.0 69.0
v v v 80.9 74.7 64.5 70.7

5.2 QUANTITATIVE RESULTS

Leveraging the Confusion-Aware Prototype Evolving strategy and enhanced pseudo-label generation
through Activation-Based Label Denoising, EvoProto significantly improves both model stability
and plasticity. As shown in Tab. [T} it consistently outperforms prior approaches across all standard
benchmarks, including recent methods [Si et al.| (2024) that benefit from SAM-based label refine-
ment Kirillov et al.| (2023a). Furthermore, the competitive results of our method with ViT-B/16 as
the backbone demonstrating its strong capacity to generalize across different network architectures.

10-10 VOC and 15-5 VOC. Under the same ResNet-101 backbone, in the 10-10 VOC setting, we
incrementally introduce 10 classes—dining table, dog, horse, motorbike, person, plant, sheep, sofa,
train, and TV monitor. EvoProto achieves state-of-the-art performance on both old and new cate-
gories, outperforming the strongest prior methods (e.g., Teddy Si et al.|(2024), Wilson Cermelli et al.
(2022)) by at least 1.7% in overall mIoU. In 15-5 VOC, 5 additional VOC classes are introduced in
the incremental step. Despite slightly lower performance on old classes and overall mloU compared
to Teddy |Si et al|(2024), EvoProto achieves a 2.2% improvement in new classes mIoU, highlight-
ing its superior capability in adapting to novel categories. The gains are primarily attributed to our
strategies, and mitigation of class overwriting.

10-2 VOC and 10-5 VOC. These settings involve multiple incremental steps, intensifying catas-
trophic forgetting and class overwriting. Nevertheless, EvoProto achieves impressive performance.
In the challenging 10-2 scenario, EvoProto surpasses Wilson |Cermelli et al.| (2022) and Teddy |Si
et al| (2024) by 13.9% and 3.3% in overall mIoU, respectively, and notably improves new-class
performance by 14.2% and 5.6%. These results highlight EvoProto’s superior capability in handling
long-term incremental learning, a critical yet challenging practical scenario. Additionally, in the
10-5 task, EvoProto outperforms Wilson and Teddy by 5.9% and 2.3%, respectively.

COCO-to-VOC. In this more challenging setup, the model is initially trained on 60 COCO classes
(none overlapping with VOC), followed by an incremental phase for 20 VOC classes with only
image-level labels. The final evaluation spans all 80 classes in the COCO dataset. Tab. |1|shows that
EvoProto maintains strong performance on both old and new classes, underscoring the effectiveness
of our modules in balancing knowledge retention and new class learning. Despite the increased
complexity and class diversity, EvoProto achieves state-of-the-art results in this setting as well.

6 ABLATION STUDY

Component Ablations. We analyze the main components of EvoProto—Reweighted Contrastive
Prototype Learning (RCPL), Confusion-Aware Prototype Alignment (CPA), and Activation-Based
Label Denoising (ALD)—on the VOC 10-5 task, which provides a balanced test of stability and
plasticity. The baseline uses CAM pseudo-label supervision without additional enhancements, and
results of different component combinations are shown in Tab. 2| Further ablations, including mod-
ule design variants and experiments with ResNet101, are provided in the Appendix A.2.

Under identical settings, RCPL improves mloU by 2.8%, showing that contrastive prototype learn-
ing reduces feature confusion and mitigates overwriting. Adding ALD yields gains of 1.6% on old
and 2.6% on new classes by refining pseudo-labels, while CPA brings a further 3.5% improvement
on new classes through confusion-aware distillation. Overall, EvoProto outperforms the baseline by
5.0% mloU, confirming the combined effectiveness of its modules in alleviating semantic confusion.
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Baseline Ours

Step0 (C°) Step2 (€0:2) Step0 (C) Step2 (€°2)

VOC 10-5

-1-airplane -Z—bicycle - 3-bird [l 4-boat - s-bottle [l 6-bus W 7 W scat - 9-chair - 10-cow
- 11-table - 12-dog - 13-horse -14—mot0rblke-15—person- 16-plant - 17-sheep - 18-sofa -ZOfmonitor

Figure 3: t-SNE visualization of internal feature distributions at initial and final incremental steps
on the VOC 10-5 task. Different colors indicate different classes (excluding the background class
for clarity). EvoProto maintains better inter-class separation compared to the baseline.

EvoProto Baseline
(ours) +CAPE Baseline

GT

Figure 4: Qualitative segmentation results on the VOC 10-5 task. EvoProto significantly mitigates
class overwriting and yields more accurate boundaries compared to Baseline and Baseline+CAPE.

Interpretability Analysis. We use t-SNE visualization (Fig. [3) to examine how EvoProto improves
feature distributions during incremental learning. Under the VOC 10-5 setting, we compare baseline
and EvoProto at the initial step (C°) and final step (C°?). The baseline shows severe inter-class
entanglement, while EvoProto preserves clear boundaries, highlighting its robustness in maintaining
semantic distinctions and mitigating class overwriting.

Qualitative Analysis. We qualitatively assess VOC 10-5 results in Fig.[d] comparing the baseline,
Baseline+CAPE, and EvoProto. In the first column, the baseline confuses similar categories (e.g.,
cow vs. horse), while our method resolves such errors. In the third and fourth columns, sofa is
misclassified as chair and motorbike as car by the baseline, yet EvoProto correctly distinguishes
them. Moreover, EvoProto produces sharper segmentation boundaries (second column). These
results further demonstrate its effectiveness in alleviating class overwriting and improving WILSS
performance. Additional qualitative examples are provided in the Appendix B.

7 CONCLUSION

In this paper, we identify class similarity as a key factor behind class overwriting in WILSS. To
tackle this, we propose EvoProto, a novel WILSS framework that explicitly addresses class over-
writing by evolving trainable and class-discriminative prototypes under weak supervision. Lever-
aging CAPE strategy and ALD mechanism, EvoProto alleviates inter-class confusion and improves
pseudo-label quality. Extensive experiments demonstrate that our method preserves old knowledge
while enabling effective adaptation to new classes, significantly mitigating class overwriting and
confusion among similar categories.
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