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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 (2018a); 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); Si
et al. (2024); Liu et al. (2024a) 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. 1), 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); Liu 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 Ct, where all class sets are
disjoint (

⋂T
t=0 C

t = ∅) and their union forms the complete class set C =
⋃T

t=0 C
t. In step t,

the training data comprises image-label pairs (xt,yt), where xt is the input image and yt provides
dense annotations exclusively for the current classes Ct. Annotations for old (C0:t−1) and future
(Ct+1:T ) classes are unavailable. Based on this, WILSS imposes stricter constraints: only the initial
step (t = 0) has access to dense labels, while all subsequent steps provide only image-level labels Y t

for the newly introduced classes, with no access to prior data. The objective is to ensure that, after
each step t, the model can accurately segment all classes seen so far (C0:t), 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 ∈ RDcls×H×W . Following the common practice Ahn & Kwak (2018a); Wang et al. (2020); Cer-
melli et al. (2022); Si et al. (2024), Class Activation Maps (CAMs) are computed by taking the inner
product between X and the classifier weights W ∈ R|C0:t|×Dcls , i.e., CAM(c) = W (c) · X ,∀c ∈
C0:t. The image-level labels Y are then used to suppress absent classes and apply background
thresholding, yielding pixel-wise pseudo labels ycam for new classes. Meanwhile, predictions from
the previous model are utilized as auxiliary pseudo labels ypre for old classes. The final pseudo
labels ŷ are thus composed by combining the two sources to supervise the segmentation decoder as:

ŷ(u, v) =

{
ycam(u, v), if ycam(u, v) ∈ Ct

ypre(u, v), otherwise.
(1)

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.

3
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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 ŷ(u, v) across all pixels (u, v).
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For two distinct class i and j, the conditional confusion from i to j is defined as

B(i → j) =
|{(u, v) | y(u, v) = j ∧ ŷ(u, v) = i}|

|{(u, v) | ŷ(u, v) = i}|
. (2)

The symmetric confusion score is then obtained as
Mi,j = B(i → j) +B(j → i). (3)

The resulting matrix M ∈ R|C0:t|×|C0:t| 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 ∈ R|C0:t|×Dseg , where Dseg
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 i and a class j, the weight is computed as:

wi,j =

{
2 · σ (k · (Mi,j − γ))− 1, if j = COi

0, otherwise.
(4)

where σ(·) is the sigmoid function, and k and γ are scaling and centering hyperparameters, respec-
tively. The index COi denotes the counterpart class that is most confused with class i. Since our
main concern is class overwriting introduced when new classes are incrementally added, i and COi

are always constrained to belong to different phases, i.e., one from the old classes and the other from
the new classes. Specifically, if i belongs to an old class, its counterpart COi is chosen from the
new classes; conversely, if i belongs to a new class, COi is selected from the old classes:

COi =


arg max

j∈Ct
Mi,j , if i ∈ C0:t−1,

arg max
j∈C0:t−1

Mi,j , if i ∈ Ct.
(5)

This definition ensures that i and COi are always selected across the old–new boundary, which is
precisely where the class overwriting phenomenon most prominently occurs.

Then, each prototype P
(i)
t serves as a query, aiming to decrease its similarity with other class pro-

totypes. Finally, the reweighted contrastive prototype loss is defined as:

Lcl =
1

|C0:t|

|C0:t|∑
i=1

|C0:t|∑
j=1
j ̸=i

(1 + τ · wi,j) · sim(P
(i)
t ,P

(j)
t ), (6)

where sim(·, ·) denotes cosine similarity and τ is a temperature coefficient.

5
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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 P

(i)
t and P

(i)
t−1 as the prototypes of class

i from the current and previous models, respectively, we align both prototypes as:

Lkd =
1

|C0:t−1|

|C0:t−1|∑
i=1

(1− τ · wi,COi) ·
∥∥∥P (i)

t − P
(i)
t−1

∥∥∥2
2
. (7)

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 Lcl, which promotes inter-class separation.
While Lkd stabilizes retained representations, Lcl 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 Ai across the CAM channels of old classes, then CAM is defined with:

Y CAM
i =

{
1, if max(Ai) > thre

0, otherwise
, thre =

1

|P|+ 1

∑
i∈P

max(Ai), (8)

where P is the set of classes predicted as present by the old model, and Ai 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:

Yold = Y pred
old ∩ Y CAM, Ytrain = [Yold,Y

gt
new], (9)

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

Lcls = − 1

|C0:t|

|C0:t|∑
i=1

[
Y

(i)
train · log σ(z

(i)) + (1− Y
(i)

train) · log(1− σ(z(i)))
]
, (10)

where σ(·) is the sigmoid function, z ∈ R|C0:t| 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 = λclsLcls + λsegLseg + λclLcl + λkdLkd, (11)

where Lseg denotes the Binary Cross-Entropy loss with pseudo labels. Note that Lcls and Lseg 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. (2023b).

Method Sup 10-10 VOC 15-5 VOC COCO-to-VOC 10-2 VOC 10-5 VOC
1-10 11-20 All 1-15 16-20 All 1-60 61-80 All 1-10 11-20 All 1-10 11-20 All

FT P 7.8 58.9 32.1 12.5 36.9 18.3 1.9 41.7 12.7 - - - - - -
LWF Li & Hoiem (2017) P 70.7 63.4 67.2 67.0 41.8 61.0 36.7 49.0 40.3 - - - - - -
LWF-MC Rebuffi et al. (2017) P 53.9 43.0 48.7 59.8 22.6 51.0 - - - - - - - - -
ILT Michieli & Zanuttigh (2019) P 70.3 61.9 66.3 69.0 46.4 63.6 37.0 43.9 39.3 - - - - - -
CIL Klingner et al. (2020) P 38.4 60.0 48.7 14.9 37.3 20.2 - - - - - - - - -
MiB Cermelli et al. (2020) P 70.4 63.7 67.2 75.5 49.4 69.0 34.9 47.8 38.7 - - - - - -
PLOP Douillard et al. (2021) P 69.6 62.2 67.1 75.7 51.7 70.1 35.1 39.4 36.8 - - - - - -
SDR Michieli & Zanuttigh (2021b) P 70.5 63.9 67.4 75.4 52.6 69.9 - - - - - - - - -
RECALL Maracani et al. (2021) P 66.0 58.8 63.7 67.7 54.3 65.6 - - - - - - - - -
ALIFE Oh et al. (2022) P 74.1 69.8 71.9 77.2 52.5 71.3 - - - 54.8 40.7 48.1 68.3 58.8 63.8
DKD Baek et al. (2022) P 75.2 69.6 72.5 78.8 58.2 73.9 - - - 58.7 45.8 52.6 68.8 57.6 63.4
STAR Chen et al. (2024b) P 74.1 68.8 71.6 79.5 58.9 74.6 - - - 72.3 58.2 65.6 73.5 64.7 69.3
BARM Zhang & Gao (2024) P 76.2 67.8 72.2 78.5 56.3 73.2 - - - 75.1 59.7 67.8 75.7 64.8 70.5

CAM Zhou et al. (2016) I 70.8 44.2 58.5 69.9 25.6 59.7 30.7 20.3 28.1 - - - - - -
SEAM Wang et al. (2020) I 67.5 55.4 62.7 68.3 31.8 60.4 31.2 28.2 30.5 - - - - - -
SS Araslanov & Roth (2020) I 69.6 32.8 52.5 72.2 27.5 62.1 35.1 36.9 35.5 - - - - - -
EPS Lee et al. (2021) I 69.0 57.0 64.3 69.4 34.5 62.1 34.9 38.4 35.8 - - - - - -
WILSON Cermelli et al. (2022) I 70.4 57.1 65.0 74.2 41.7 67.2 39.8 41.0 40.6 38.7 22.4 32.5 66.8 46.5 58.1
Teddy Si et al. (2024) † I 71.2 59.4 66.5 77.6 51.4 72.0 40.6 41.8 41.5 50.3 32.0 43.1 68.9 51.7 61.7
EvoProto (Resnet) [Ours] I 70.8 63.6 68.2 75.4 53.6 70.9 41.3 43.2 42.4 51.7 37.6 46.4 69.8 56.1 64.0
Joint (Resnet) P 78.4 76.4 77.4 79.8 70.2 77.4 47.8 46.9 47.7 78.4 76.4 77.4 78.4 76.4 77.4

WILSON (ViT) Cermelli et al. (2022) I 74.3 61.2 68.8 75.2 46.4 69.1 41.0 42.3 41.8 52.6 36.1 46.2 73.6 57.5 66.9
ToCo (ViT) Ru et al. (2023) I 73.5 58.8 67.4 74.6 44.3 67.9 40.3 41.4 41.1 49.2 33.9 43.4 72.9 56.0 65.7
EvoProto (ViT) [Ours] I 75.9 66.7 72.3 78.2 52.6 72.8 42.9 44.5 43.9 58.7 43.0 52.5 74.7 64.5 70.7
Joint(ViT) P 79.1 77.3 78.2 80.4 71.6 78.2 50.4 49.5 50.3 79.1 77.3 78.2 79.1 77.3 78.2

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 mIoU on the
initial classes C0, on the newly introduced classes C1:T , and on all classes C0:T .

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 Nini-Ninc (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); Si 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× 10−6 to
6×10−5 in the first 2k iterations, then polynomial decay (power 0.9). The initial step uses 6×10−5

(20k iterations on VOC, 80k on COCO-to-VOC), while incremental steps use 2×10−5 (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 λcls = 1.0, λcl = 0.1, λkd = 0.1, λseg = 0.2, with k = 50,
γ = 0.1, τ = 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
✓ 80.9 73.8 60.9 68.5

✓ ✓ 80.1 73.3 57.6 66.8
✓ ✓ 80.9 73.1 61.9 68.7
✓ ✓ 80.9 74.3 61.0 69.0
✓ ✓ ✓ 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. 1, 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 mIoU 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 mIoU 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% mIoU, confirming the combined effectiveness of its modules in alleviating semantic confusion.
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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.
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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 (C0) and final step (C0:2). 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. 4, 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.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Jiwoon Ahn and Suha Kwak. Learning pixel-level semantic affinity with image-level supervision
for weakly supervised semantic segmentation. In Proc. IEEE Conference on Computer Vision
and Pattern Recognition, pp. 4981–4990, 2018a.

Jiwoon Ahn and Suha Kwak. Learning pixel-level semantic affinity with image-level supervision
for weakly supervised semantic segmentation. In Proc. IEEE Conference on Computer Vision
and Pattern Recognition, pp. 4981–4990, 2018b.

Nikita Araslanov and Stefan Roth. Single-stage semantic segmentation from image labels. In Proc.
IEEE Conference on Computer Vision and Pattern Recognition, pp. 4253–4262, 2020.

Donghyeon Baek, Youngmin Oh, Sanghoon Lee, Junghyup Lee, and Bumsub Ham. Decomposed
knowledge distillation for class-incremental semantic segmentation. Advances in neural informa-
tion processing systems, 35:10380–10392, 2022.

Fabio Cermelli, Massimiliano Mancini, Samuel Rota Bulo, Elisa Ricci, and Barbara Caputo. Model-
ing the background for incremental learning in semantic segmentation. In Proc. IEEE Conference
on Computer Vision and Pattern Recognition, pp. 9233–9242, 2020.

Fabio Cermelli, Dario Fontanel, Antonio Tavera, Marco Ciccone, and Barbara Caputo. Incremental
learning in semantic segmentation from image labels. In Proc. IEEE Conference on Computer
Vision and Pattern Recognition, pp. 4371–4381, 2022.

Fabio Cermelli, Matthieu Cord, and Arthur Douillard. Comformer: Continual learning in semantic
and panoptic segmentation. In Proc. IEEE Conference on Computer Vision and Pattern Recogni-
tion, pp. 3010–3020, 2023.

Sungmin Cha, YoungJoon Yoo, Taesup Moon, et al. Ssul: Semantic segmentation with unknown
label for exemplar-based class-incremental learning. Advances in neural information processing
systems, 34:10919–10930, 2021.

Jinpeng Chen, Runmin Cong, Yuxuan Luo, Horace Ip, and Sam Kwong. Saving 100x storage: pro-
totype replay for reconstructing training sample distribution in class-incremental semantic seg-
mentation. Advances in neural information processing systems, 36, 2024a.

Jinpeng Chen, Runmin Cong, Yuxuan Luo, Horace Ip, and Sam Kwong. Saving 100x storage: Pro-
totype replay for reconstructing training sample distribution in class-incremental semantic seg-
mentation. Advances in neural information processing systems, 36, 2024b.

L. C. Chen. Rethinking atrous convolution for semantic image segmentation. arXiv
preprint:1706.05587, 2017.

Liang-Chieh Chen. Semantic image segmentation with deep convolutional nets and fully connected
crfs. arXiv preprint arXiv:1412.7062, 2014.

Liang-Chieh Chen, George Papandreou, and et al. Deeplab: Semantic image segmentation with deep
convolutional nets, atrous convolution, and fully connected crfs. IEEE Transactions on Pattern
Recognition and Machine Intelligence, 40(4):834–848, 2017.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An
image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

Arthur Douillard, Yifu Chen, Arnaud Dapogny, and Matthieu Cord. Plop: Learning without for-
getting for continual semantic segmentation. In Proc. IEEE Conference on Computer Vision and
Pattern Recognition, pp. 4040–4050, 2021.

Mark Everingham, Luc Van Gool, Christopher KI Williams, John Winn, and Andrew Zisserman.
The pascal visual object classes (voc) challenge. International Journal on Computer Vision, 88:
303–338, 2010.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Robert M French. Catastrophic forgetting in connectionist networks. Trends in cognitive sciences,
3(4):128–135, 1999.

Xuze Hao, Xuhao Jiang, Wenqian Ni, Weimin Tan, and Bo Yan. Prompt-guided semantic-aware
distillation for weakly supervised incremental semantic segmentation. IEEE Transactions on
Circuits and Systems for Video Technology, 34(11 Part 1):10632–10645, 2024.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recog-
nition. In Proc. IEEE Conference on Computer Vision and Pattern Recognition, pp. 770–778,
2016.

Ronghang Hu, Piotr Dollár, Ross Girshick, and Kaiming He. Learning to segment every thing. In
CVPR, 2020.

Alexander Kirillov, Ross Girshick, Kaiming He, and Piotr Dollár. Panoptic feature pyramid net-
works. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp. 6399–6408, 2019.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete
Xiao, Spencer Whitehead, Alexander C Berg, Wan-Yen Lo, et al. Segment anything. In Proc.
IEEE International Conference on Computer Vision, pp. 4015–4026, 2023a.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete
Xiao, Spencer Whitehead, Alexander C Berg, Wan-Yen Lo, et al. Segment anything. In Proceed-
ings of the IEEE/CVF international conference on computer vision, pp. 4015–4026, 2023b.

Marvin Klingner, Andreas Bär, Philipp Donn, and Tim Fingscheidt. Class-incremental learning for
semantic segmentation re-using neither old data nor old labels. In 2020 IEEE 23rd international
conference on intelligent transportation systems (ITSC), pp. 1–8, 2020.

Seungho Lee, Minhyun Lee, Jongwuk Lee, and Hyunjung Shim. Railroad is not a train: Saliency as
pseudo-pixel supervision for weakly supervised semantic segmentation. In Proc. IEEE Confer-
ence on Computer Vision and Pattern Recognition, pp. 5495–5505, 2021.

Zhizhong Li and Derek Hoiem. Learning without forgetting. IEEE Transactions on Pattern Recog-
nition and Machine Intelligence, 40(12):2935–2947, 2017.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr
Dollár, and C Lawrence Zitnick. Microsoft coco: Common objects in context. In Proc. European
Conference on Computer Vision, pp. 740–755, 2014.

Chang Liu, Giulia Rizzoli, Pietro Zanuttigh, Fu Li, and Yi Niu. Learning from the web: Language
drives weakly-supervised incremental learning for semantic segmentation. In European Confer-
ence on Computer Vision, pp. 352–369. Springer, 2024a.

Hao Liu, Yong Zhou, Bing Liu, Ming Yan, and Joey Tianyi Zhou. L2a: Learning affinity from
attention for weakly supervised continual semantic segmentation. IEEE Transactions on Circuits
and Systems for Video Technology, 2024b.

Jonathan Long, Evan Shelhamer, and Trevor Darrell. Fully convolutional networks for semantic
segmentation. In Proc. IEEE Conference on Computer Vision and Pattern Recognition, pp. 3431–
3440, 2015.

Andrea Maracani, Umberto Michieli, Marco Toldo, and Pietro Zanuttigh. Recall: Replay-based con-
tinual learning in semantic segmentation. In Proc. IEEE International Conference on Computer
Vision, pp. 7026–7035, 2021.

Umberto Michieli and Pietro Zanuttigh. Incremental learning techniques for semantic segmentation.
In Proceedings of the IEEE/CVF international conference on computer vision workshops, pp. 0–0,
2019.

Umberto Michieli and Pietro Zanuttigh. Repri: Improving weakly-supervised incremental segmen-
tation with recurrent prototype refinement. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pp. 12584–12593, 2021a.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Umberto Michieli and Pietro Zanuttigh. Continual semantic segmentation via repulsion-attraction
of sparse and disentangled latent representations. In Proc. IEEE Conference on Computer Vision
and Pattern Recognition, pp. 1114–1124, 2021b.

Youngmin Oh, Donghyeon Baek, and Bumsub Ham. Alife: Adaptive logit regularizer and fea-
ture replay for incremental semantic segmentation. Advances in neural information processing
systems, 35:14516–14528, 2022.

Sylvestre-Alvise Rebuffi, Alexander Kolesnikov, Georg Sperl, and Christoph H Lampert. icarl:
Incremental classifier and representation learning. In Proc. IEEE Conference on Computer Vision
and Pattern Recognition, pp. 2001–2010, 2017.

Lixiang Ru, Yibing Zhan, Baosheng Yu, and Bo Du. Learning affinity from attention: End-to-
end weakly-supervised semantic segmentation with transformers. In Proc. IEEE Conference on
Computer Vision and Pattern Recognition, pp. 16846–16855, 2022.

Lixiang Ru, Heliang Zheng, Yibing Zhan, and Bo Du. Token contrast for weakly-supervised seman-
tic segmentation. In Proc. IEEE Conference on Computer Vision and Pattern Recognition, pp.
3093–3102, 2023.

Chongjie Si, Xuehui Wang, Xiaokang Yang, and Wei Shen. Tendency-driven mutual exclusivity
for weakly supervised incremental semantic segmentation. In Proc. European Conference on
Computer Vision, pp. 37–54, 2024.

Sebastian Thrun. Lifelong learning algorithms. In Learning to learn, pp. 181–209. Springer, 1998.

Yude Wang, Jie Zhang, Meina Kan, Shiguang Shan, and Xilin Chen. Self-supervised equivariant
attention mechanism for weakly supervised semantic segmentation. In Proc. IEEE Conference on
Computer Vision and Pattern Recognition, pp. 12275–12284, 2020.

Yuanchen Wu, Xichen Ye, Kequan Yang, Jide Li, and Xiaoqiang Li. Dupl: Dual student with
trustworthy progressive learning for robust weakly supervised semantic segmentation. In Proc.
IEEE Conference on Computer Vision and Pattern Recognition, pp. 3534–3543, 2024.

Zifeng Wu, Chunhua Shen, and Anton Van Den Hengel. Wider or deeper: Revisiting the resnet
model for visual recognition. Pattern recognition, 90:119–133, 2019.

Zhiwei Yang, Kexue Fu, Minghong Duan, Linhao Qu, Shuo Wang, and Zhijian Song. Separate and
conquer: Decoupling co-occurrence via decomposition and representation for weakly supervised
semantic segmentation. In Proc. IEEE Conference on Computer Vision and Pattern Recognition,
pp. 3606–3615, 2024.

Chaohui Yu, Qiang Zhou, Jingliang Li, Jianlong Yuan, Zhibin Wang, and Fan Wang. Founda-
tion model drives weakly incremental learning for semantic segmentation. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 23685–23694, 2023a.

Chaohui Yu, Qiang Zhou, Jingliang Li, Jianlong Yuan, Zhibin Wang, and Fan Wang. Foundation
model drives weakly incremental learning for semantic segmentation. In Proc. IEEE Conference
on Computer Vision and Pattern Recognition, pp. 23685–23694, 2023b.

Anqi Zhang and Guangyu Gao. Background adaptation with residual modeling for exemplar-free
class-incremental semantic segmentation. In Proc. European Conference on Computer Vision,
2024.

Chang-Bin Zhang, Jia-Wen Xiao, Xialei Liu, Ying-Cong Chen, and Ming-Ming Cheng. Represen-
tation compensation networks for continual semantic segmentation. In Proc. IEEE Conference on
Computer Vision and Pattern Recognition, pp. 7053–7064, 2022.

Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva, and Antonio Torralba. Learning deep fea-
tures for discriminative localization. In Proc. IEEE Conference on Computer Vision and Pattern
Recognition, pp. 2921–2929, 2016.

12


	Introduction
	Related Works
	Preliminary
	Proposed Method
	Confusion-Aware Prototype Evolving
	Class-Level Confusion Scoring
	Reweighted Contrastive Prototype Learning
	Prototype-level Alignment

	Activation-Based Label Denoising
	Overall Objectives

	Experimental Results
	Experimental Setup
	Quantitative Results

	Ablation Study
	Conclusion

