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Abstract

Class incremental semantic segmentation (CISS) aims to seg-
ment new classes during continual steps while preventing
the forgetting of old knowledge. Existing methods allevi-
ate catastrophic forgetting by replaying distributions of pre-
viously learned classes using stored prototypes or features.
However, they overlook a critical issue: in CISS, the represen-
tation of class knowledge is updated continuously through in-
cremental learning, whereas prototype replay methods main-
tain fixed prototypes. This mismatch between updated rep-
resentation and fixed prototypes limits the effectiveness of
the prototype replay strategy. To address this issue, we pro-
pose the Adaptive prototype replay (Adapter) for CISS in
this paper. Adapter comprises an adaptive deviation compen-
sation (ADC) strategy and an uncertainty-aware constraint
(UAC) loss. Specifically, the ADC strategy dynamically up-
dates the stored prototypes based on the estimated representa-
tion shift distance to match the updated representation of old
class. The UAC loss reduces prediction uncertainty, aggre-
gating discriminative features to aid in generating compact
prototypes. Additionally, we introduce a compensation-based
prototype similarity discriminative (CPD) loss to ensure ade-
quate differentiation between similar prototypes, thereby en-
hancing the efficiency of the adaptive prototype replay strat-
egy. Extensive experiments on Pascal VOC and ADE20K
datasets demonstrate that Adapter achieves state-of-the-art re-
sults and proves effective across various CISS tasks, particu-
larly in challenging multi-step scenarios.

Code — https://github.com/zhu-gl-ux/Adapter

Introduction
The class incremental semantic segmentation (CISS) mod-
els learn all classes through multiple steps. During each step,
models focus on different classes with corresponding labels.
When completing the all steps, the trained models are ex-
pected to grasp not only with the original classes but also
with the newly introduced ones. A common challenge ob-
served in other incremental visual tasks (Rebuffi et al. 2017;
Shmelkov, Schmid, and Alahari 2017) is catastrophic for-
getting (McCloskey and Cohen 1989). This occurs when the
model learns a new task, the network weights are fine-tuned
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Intelligence (www.aaai.org). All rights reserved.

Figure 1: Performance comparison of prior works on the
Pascal VOC 2012 challenging multi-step overlapped scenar-
ios, where contains the small classes in the initial step and
long-term incremental steps.

to accommodate the new data while the old shared weights
are disrupted.

Intuitive methods (Cha et al. 2021; Maracani et al. 2021)
attempted to alleviate catastrophic forgetting by replaying
a few past images, but this suffer from storage burdens
and privacy concerns. Previous CISS methods (Michieli and
Zanuttigh 2019; Yang et al. 2022) utilized knowledge dis-
tillation (KD) to reduce catastrophic forgetting. However,
these methods overlook the fact that the proportion of pixels
belonging to new classes is higher than that of previously
learned classes during the incremental steps, which leads
to bias in the classifiers. Recent work (Chen et al. 2023)
properly addressed this problem by replaying the distribu-
tions of old-class in the new-class classifiers, based on the
efficient storage of representative prototypes and necessary
statistics. However, the distributions replayed by static pro-
totypes only represent the representation of previous mod-
els, neglecting the representation deviation between incre-
mental models due to the updated shared weights.
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In this paper, we propose a method called Adapter
(Adaptive prototype replay) to tackle the issue of represen-
tation deviation in prototype replay based CISS methods. In
the incremental scenario, as new classes are acquired, the
models may inevitably generate representation deviations
towards learned classes due to constantly updated shared
weights. Therefore, Adapter avoids replaying the old-class
feature distributions with fixed old-class prototypes in all
the steps. Instead, Adapter exploits an adaptive deviation
compensation (ADC) strategy to dynamically update repre-
sentative prototypes of old classes based on the estimated
representation shift distance between previous and current
models in a training-free manner. Moreover, we propose an
uncertainty-aware constraint (UAC) loss, which compresses
the representation of each class to a compact space, thereby
promoting the model to generate compact class prototypes.
Additionally, to facilitate the prototype replay strategy to be
carried out effectively in incremental steps, it is necessary
to ensure that the representation of each class is distinguish-
able. Therefore, we introduce a compensation-based proto-
type similarity discriminative (CPD) loss. During the train-
ing process, the CPD loss repels the distance between com-
pensatory old-class prototypes and batch-level new-class
feature centers, and maintains the difference among positive
new-class feature centers and negative ones.

Our main contributions are summarized as follows: 1) We
propose a method called Adapter for CISS, which adopts an
adaptive deviation compensation (ADC) strategy. The ADC
strategy dynamically updates the stored prototypes, thereby
eliminating the representation deviation between incremen-
tal models. 2) We design an uncertainty-aware constraint
(UAC) loss to decrease the uncertainty predictions and ag-
gregate class representations, facilitating the generation of
compact prototypes. 3) We introduce a compensation-based
prototype similarity discriminative (CPD) loss to enhance
the discrimination of each class prototype and improve the
efficiency of the adaptive prototype replay strategy. 4) We
demonstrate the effectiveness of our Adapter through ex-
tensive experiments on two public CISS benchmarks and
achieve state-of-the-art performance, particularly in more
challenging and realistic multi-step scenarios (Fig. 1).

Related Work
Continual Learning
Continuous learning (CL), also referred to as incremen-
tal learning (Masana et al. 2022), seeks to acquire new
knowledge from continuous data streams while minimiz-
ing the risk of forgetting previously learned concepts. In re-
cent years, research on continuous learning has concentrated
on image classification, which can be broadly categorized
into regularized, architectural, and replay methods. Regu-
larization methods utilize regularization or distillation tech-
niques (Gou et al. 2021) to address catastrophic forgetting
at both the parameter (Kirkpatrick et al. 2017; Zenke, Poole,
and Ganguli 2017) and function levels (Li and Hoiem 2017;
Douillard et al. 2020). Architectural methods (Jung et al.
2020; Yoon et al. 2018) involve selecting isolated parame-
ter subspace for different tasks. Replay methods (Lopez-Paz

and Ranzato 2017; Shin et al. 2017) has focused on enhanc-
ing replay effectiveness. For instance, (Zhao et al. 2021) uti-
lizes low-fidelity auxiliary samples of old-class knowledge
transfer to enhance memory efficiency. (Yu et al. 2020) es-
timates feature drift caused by learning new tasks and com-
pensates for the prototypes of previous tasks using an em-
bedding network to enhance performance in image classi-
fication. Our method differs from prior approaches in two
key aspects. First, we update the prototypes used for re-
play incrementally by estimating and compensating for rep-
resentation deviation between incremental models without
additional training. Second, while prior methods generally
address task-agnostic incremental image classification, our
approach specifically targets model representation deviation
in class-incremental semantic segmentation with uncertain
pseudo-predictions.

Class Incremental Semantic Segmentation
ILT (Michieli and Zanuttigh 2019) extends incremental
learning to semantic segmentation by implementing distilla-
tion techniques to the output layer and intermediate features.
MiB (Cermelli et al. 2020) addresses the unique issue in
CISS called background shift by modeling the background
semantic during learning steps. PLOP (Douillard et al. 2021)
proposes a multi-scale local distillation scheme to allevi-
ate catastrophic forgetting. SSUL (Cha et al. 2021) and Mi-
croSeg (Zhang et al. 2022) define unknown classes within
the background class to enhance plasticity, while replacing
cross-entropy (CE) loss with binary cross-entropy (BCE)
loss to mitigate catastrophic forgetting. DKD (Baek et al.
2022) proposes the decoupled knowledge distillation to im-
prove the performance. IDEC (Zhao, Yuan, and Shi 2023)
and CoinSeg (Zhang et al. 2023) utilize contrast learning
to obtain discriminative representation. In addition, several
methods (Oh, Baek, and Ham 2022; Chen et al. 2023) ex-
plored the efficiency of no-exemplar memory replay. For in-
stance, STAR (Chen et al. 2023) stored a compact prototype
of each class and the necessary statistics used to replay the
feature distributions in subsequent steps, addressing classi-
fier bias. However, failing to account for the representation
deviation generated by the incremental models on old-class
knowledge limits the effectiveness of prototype replay. In
contrast, our method replays old-class distributions based
on considering the representation deviation of incremental
models, thereby providing a distinct advantage.

Method
Problem Definition
In CISS, the model training process involves a series of in-
cremental steps, as t = 1, . . . , T . At each incremental step
t, a sub-dataset Dt is used to learn the classes Ct (full
classes as C) for the current step. The sub-dataset Dt con-
sists of N t pairs set {xt

i, y
t
i , }N

t

i=1, where xt
i ∈ RH×W×3

denotes the image with size of H × W and yti ∈ RH×W

denotes the corresponding ground-truth mask. It is worth
noting that the labels {yti}N

t

i=1 within sub-dataset Dt only
consider the current learning classes pixels as foreground
classes Ct, while other classes are treated as background.
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Figure 2: Overview of the proposed Adapter. After training of step t − 1, old-class prototypes are computed and saved. At
the current step t, representation deviations towards old-class are estimated and prototypes are updated with the ADC strategy.
Old-class feature distributions are replayed with updated prototypes for classifiers gt (·). The UAC loss enhances the consis-
tency of the same class by aggregating the representation of each class with uncertainty-aware loss. The CPD loss facilitates
discrimination between new-class features and updated old-class prototypes, improving the efficiency of prototype replay.

We define the model in step t as M t, which consists of fea-
ture extractors f t (·) and classifiers gt (·). For an input im-
age xt

i, the output of model is ŷt
i ∈ RH×W that computed

by ŷt
i = M t (xt

i) = gt ◦ f t (xt
i). We denotes extracted fea-

tures as f t
i ∈ Rh×w×d computed by f t

i = f t (xt
i), where

d represents the dimension of features. After completing all
incremental steps, the model is desired to have considerable
performance not only on old classes but also on new ones.

Overview
We show the overview of our proposed Adapter in Fig 2.
After the training process of step t− 1, the model inference
all training samples in sub-dataset Dt−1 to obtain and store
class prototypes in Ct−1 and essential statistics. At early
training epochs of steps t, the saved old-class prototypes are
used for replaying feature distributions of old-class as addi-
tional background samples in classifier gt (·). As parameters
of model M t are updated to adapt new-class, the representa-
tion of old-class appears deviation with high probability. We
introduce the ADC strategy to estimate the representation
deviation of each old-class and dynamically update saved
prototypes with deviation compensation. In addition, we use
UAC and CPD loss to constrain prediction uncertainty while
enhancing the distinguish ability between new-class features
and old-class prototypes. Consequently, the integrated ob-
jective of each incremental step is defined as:

L = Lmbce + αLkd + βLuac + γLcpd, (1)

where Lmbce and Lkd denote multiple binary cross-entropy
(mBCE) loss and knowledge distillation loss as in (Cha et al.
2021; Chen et al. 2023) respectively. α, β, γ are hyperpa-
rameters to balance the weights among above terms.

Adaptive Deviation Compensation

After the training process of step t − 1, we follow the pro-
totype replay strategy (Chen et al. 2023) to store the old-
class prototypes and necessary statistics for replaying the
gaussian-distributed old-class features. These replayed fea-
tures are treated as additional background samples to miti-
gate the bias in the new-class classifiers.However, the repre-
sentation of old-class features exhibits deviation due to the
gradient-updated parameters within different new training
data distributions. This renders the fixed prototype replay
strategy of limited effectiveness.

Intuitively, the deviation in representation should be com-
puted to correct the replayed feature distributions of old
classes. Unfortunately, due to ethical and privacy consid-
erations, the old data is unavailable. As a result, we indi-
rectly estimate the representation deviation in the current in-
cremental step using a limited number of old-class pixels
present in the current new-class training dataset (e.g., an im-
age containing a car (old class) and a person (new class)).

Specifically, after several training epochs in step t, we first
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obtain the prediction of each image with current model by:

ȳti =

{
ŷti if yti = ctb ∧ ϕt

i ≥ τ

0 otherwise
, (2)

where ctb represents the background class that contains old-
class and truth background in step t, and ∧ represents the
co-taking of conditions. ϕt

i denotes the certainty scores of
prediction, the details of which will be given in Eq. 9. Anal-
ogously, the prediction ȳt−1

c is obtained by replacing ϕt
i with

ϕt−1
i in Eq. 2. τ is a hyperparameter to screen out the high-

confidence old-class predictions.
Since the predictions of the current model differ from the

previous predictions, computing the sub-prototype of each
old class using the respective predictions results in mis-
aligned distributions. Therefore, we generate the unified pre-
diction masks by:

ŷC
t−1

i =

{
ȳti if ȳti = ȳt−1

i

0 otherwise
. (3)

Next, we calculate the feature centers of old-class on cur-
rent data space. We utilize previous feature extractors and
current ones to capture features {f t−1

i }Nt

i=1 and {f t
i }N

t

i=1,
where f t−1

i ∈ Rh×w×d is computed by f t−1
i = f t−1 (xt

i)
and f t

i is so on. We perform the average operation on nor-
malized features of previous extractors with unified predic-
tion masks to obtain sub-prototype P̂ t−1

c ∈ Rd of each old-
class by:

P̂ t−1
c =

∑Nt−1

i=1

∑h×w
j=1 (f̂ t−1

i,j ⊙ δ{ỹCt−1

i,j = c})∥∥∥∑Nt

i=1

∑h×w
j=1 (f̂ t−1

i,j ⊙ δ{ỹCt−1

i,j = c})
∥∥∥
2

, (4)

where j represents the spatial location, ⊙ and δ{·} indicate
element-wise multiplication and indicator function respec-
tively. ỹC

t−1

i and f̂ t−1
i denote downsampled unified masks

and features. ∥ · ∥2 represents L2-norm. Analogously, the
sub-prototype P̂ t

c is obtained by replacing f̂ t−1
i,j with f̂ t

i,j in
Eq. 4.

With P̂ t−1
c and P̂ t

c obtained from old and new model in-
ference on the same prediction region, we intuitively com-
pute the deviation towards old-class in current sub-dataset
by:

△t−1→t
ct−1 = Ω⃗(P̂ t−1

c , P̂ t
c ), (5)

where Ω⃗(·, ·) indicates the displacement vector difference
operation. Hence, the shifted prototype of each old-class is
estimated by:

P̀ t−1
c = P t−1

c +△t−1→t
ct−1 , (6)

where P t−1
c is stored prototype of old-class c. However,

there exists uncertainty in the prediction masks ŷC
t−1

i and
statistical limitation of sub-prototype compared to the cer-
tain prototype with ground truth mask and abundant statistic
information in the previous steps. To ensure the robustness
of replayed features, we combine the shifted prototypes and
stored prototypes with adaptive weighted average to obtain
the compensatory prototype of each old-class by:

P̄ t−1
c = ρt−1

c P̀ t−1
c + (1− ρt−1

c )P t−1
c . (7)

Here, ρc is an adaptive weight to consider the contribution
between two terms, which is formulated by:

ρt−1
c =

∑Nt

i=1

∑h×w
j=1 δ{ỹCt−1

i,j = c}

η1:t−1
c +

∑Nt

i=1

∑h×w
j=1 δ{ỹCt−1

i,j = c}
, (8)

where η1:t−1
c denotes the sum of pixels belonging to old-

class c (contain the labels and unified prediction masks in
previous 1 , ..., t− 1 steps).

The compensatory prototypes of the old classes, obtained
through a training-free approach, serve to generate suffi-
cient feature distributions that are then replayed in the cur-
rent new-class classifiers. These distributions not only en-
compass the original distributions of the old data but also
account for the representation deviation between the incre-
mental models. With these conditions in place, the adaptive
deviation compensation strategy enhances the efficiency and
robustness of the prototype replay.

Uncertainty-Aware Constraint
As a standard practice, pseudo-labels generated from the
previous model are employed to tackle the problem of back-
ground shift. Specifically, the background values in the cur-
rent labels at the current step are replaced by the predictions
from previous models using a threshold filtering strategy,
which may be either fixed (Douillard et al. 2021) or dy-
namic (Zhao, Yuan, and Shi 2023). However, these strategies
focus solely on the maximum value of the logistic outputs,
overlooking the interrelationships within the logistic distri-
butions. This introduces uncertainty in the pseudo-labels,
which hampers the effective updating of prototypes stored
from previous steps.

To address this issue, we propose an uncertainty-aware
constraint loss that takes into account the interrelationships
among class logistic outputs. This loss encourages the model
to produce compact representations for pixels belonging to
the same old class. At step t, we first compute the certainty
scores of predictions mentioned in Eq. 2.

Specifically, let Ŝt
i ∈ RH,W,C1+···+Ct

denote as the logis-
tic outputs of image i obtained by the current model (which
include all classes need to be learning in current step t). We
compute the certainty scores of predictions by:

ϕt
i = Λ(φ(Ŝt

i ), 1)− Λ(φ(Ŝt
i ), 2), (9)

where Λ(·) represents the maximum heap sorting and selec-
tion function, and φ(·) denotes the sigmoid function. Since
our primary focus is on enhancing low-probability predic-
tions, high-probability predictions need to be filtered out to
avoid overconfidence. We compute the masks by utilizing
the ground truth and predictions:

mt
i =

{
0 if (yti = ŷti) ∈ Ct or max(φ(Ŝt

i )) ≥ τ

1 otherwise
.

(10)
Finally, we achieve the UAC loss as:

Luac = d(ut
i ⊙mt

i,Ω
t
i), (11)

where d(·) denotes a distance measurement function, ut
i =

1 − ϕt
i is denoted as the uncertainty scores of predictions,
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Method 15-1 (6 steps) 5-3 (6 steps) 10-1 (11 steps) 2-2 (10 steps) 1-1 (20 steps)
old new all old new all old new all old new all old new all

MiB(CVPR20) 35.1 13.5 29.7 57.1 42.6 46.7 12.3 13.1 12.7 41.7 26.0 28.2 38.5 8.1 11.0
PLOP(CVPR21) 65.1 21.1 54.6 41.1 23.4 25.9 44.0 15.5 30.5 24.1 11.9 13.7 12.4 11.9 4.7

SSUL(NeurIPS21) 77.3 36.6 67.6 72.4 50.7 56.9 71.3 46.0 59.3 61.4 42.1 44.8 52.6 27.5 29.9
DKD(NeurIPS22) 78.1 42.7 69.7 69.6 53.5 58.1 73.1 46.5 60.4 60.5 45.8 47.9 56.1 24.6 27.6
RCIL(CVPR22) 70.6 23.7 59.4 65.3 41.5 50.3 55.4 15.1 34.3 28.3 19.0 19.4 - - -

MicroSeg(NeurIPS22) 80.1 36.8 69.8 77.6 59.0 64.3 72.6 48.7 61.2 61.4 40.6 43.5 55.9 34.2 36.3
IDEC(PAMI23) 77.0 36.5 67.3 67.1 49.0 54.1 70.7 46.3 59.1 - - - - - -

CoinSeg(CVPR23) 80.6 36.2 70.1 66.8 51.9 56.2 73.7 45.0 60.1 68.3 46.2 49.4 53.7 27.4 29.9
STAR(NeurIPS23) 79.4 50.3 72.5 71.9 61.5 64.4 73.1 55.4 64.7 59.2 55.0 55.6 43.6 35.7 36.5

Ours 79.9 51.9 73.2 73.8 61.9 65.3 74.9 54.3 65.1 62.8 57.9 58.6 63.4 40.5 42.7

Table 1: Quantitative results on the validation set of PASCAL VOC (Everingham et al. 2010) for overlapped settings. The best
and second best performances are in bold and underline, respectively.

and Ωt
i is the ideal targets of uncertainty. With Luac, the

uncertainty in predictions is mitigated, features of the same
class are aggregated to enhance model rigidity.

Compensation-based Prototype Discrimination
The previously proposed ADC strategy and UAC loss suc-
cessfully address representation deviation and prediction un-
certainty during incremental steps. However, feature extrac-
tors may generate indistinguishable features in two scenar-
ios: when background pixels resemble the foreground and
when foreground pixels resemble the background. These in-
distinguishable features lead to confusion in current classi-
fiers for new classes. To mitigate this issue, we propose a
compensation-based prototype similarity discriminative loss
to distinguish between similar representations of new and
old classes.

Specifically, we consider the similarity class issue from
two perspectives. First, for pixels of new classes at the cur-
rent step, we can leverage ground truth labels to obtain the
centers of new-class features within a batch:

ζtc =

∑
i∈B

∑h×w
j=1 (f̂ t

i,j ⊙ δ{ỹti,j = c})∥∥∥∑i∈B
∑h×w

j=1 (f̂ t
i,j ⊙ δ{ỹti,j = c})

∥∥∥
2

, (12)

where B denotes the size of batch. Intuitively, we expect to
discriminate them with the compensatory old-class proto-
types:

Ln↔o =
1

|Ct|
∑
c∈Ct

1

min
c∈C1:t−1

∥∥ζt − P̄ t−1
∥∥
2
+ ϵ

, (13)

where ϵ is a constant to avoid zero denominator. On the other
hand, for the pixels belonging to the background classes
(containing old or feature classes) that are misclassified as
foreground classes in the current step, we believe that these
pixels are similar to the new classes, thus confusing the new-
class classifiers. We compute the feature centers of these
misclassified pixels:

ζ̌tc =

∑
i∈B

∑h×w
j=1 (f̂ t

i,j ⊙ δ{ỹti,j ̸= c ∧ ŷti,j = c})∥∥∥∑i∈B
∑h×w

j=1 (f̂ t
i,j ⊙ δ{ỹti,j ̸= c ∧ ŷti,j = c})

∥∥∥
2

.

(14)

Accordingly, We also add a loss term to separate the features
of these background pixels from the features of foreground
pixels:

Lnpos↔nneg
=

1

|Ct|
∑
c∈Ct

1∥∥ζtc − ζ̌tc
∥∥
2
+ ϵ

. (15)

Combining the above two loss terms, we can obtain the final
CPD loss:

Lcpd = Ln↔o + Lnpos↔nneg
. (16)

Using Lcpd, the features of new classes are not only sep-
arated from the compensatory prototypes of old classes but
also from the features of old classes within the same batch.
Additionally, the CPD loss motivates the model to learn
discriminative representations for new classes, which plays
a crucial role in storing representative prototypes for new
classes at the current step.

Experiments
Experimental Setup
Datasets and Evaluation Metrics. We evaluate our pro-
posed Adapter on Pascal VOC 2012 (Everingham et al.
2010) and ADE20K (Zhou et al. 2017). Pascal VOC 2012
consists of 20 foreground classes and one background
class while ADE20K is a large-scale semantic segmentation
dataset containing 150 classes. For evaluation, we fellow the
work(Douillard et al. 2021) to use mean Intersection over
Union (mIoU) as the evaluation metric.

Protocol. Following (Baek et al. 2022; Chen et al. 2023),
we mainly consider the overlapped settings in CISS, which
means the background pixels in step t might contain old and
future classes. We denote by (N1−N2) the incremental sce-
nario, where N1 and N2 are class numbers of the initial step
and each incremental step, respectively. For each benchmark
dataset, we follow (Baek et al. 2022) to evaluate our method
under multiple incremental scenarios (i.e., 19-1, 15-5, 15-
1, 5-3, and 10-1 in Pascal VOC, and 100-50, 50-50, 100-10
in ADE20K). In addition, we also evaluate our method on
more challenging incremental scenarios (i.e., 2-2 and 1-1 in
Pascal VOC, and 100-5 in ADE20K).

Implementation Details. We follow the common prac-
tice (Cermelli et al. 2020) to use DeepLabv3 (Chen et al.
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Method 100-50 (2 steps) 50-50 (3 steps) 100-10 (6 steps) 100-5 (11 steps)
old new all old new all old new all old new all

MiB(CVPR20) 40.5 17.2 32.8 45.6 21.0 29.3 38.2 11.1 29.2 36.0 5.7 26.0
PLOP(CVPR21) 41.9 14.9 32.9 48.8 21.0 30.4 40.5 13.6 31.6 39.1 7.8 28.8

SSUL(NeurIPS21) 41.3 18.0 33.6 48.4 20.2 29.6 40.2 18.8 33.1 39.9 17.4 32.5
RCIL(CVPR22) 42.3 18.8 34.5 48.3 24.6 32.5 39.3 17.7 32.1 38.5 11.5 29.6
IDEC(PAMI23) 42.0 18.2 34.1 47.4 26.0 33.1 40.3 17.6 32.7 39.2 14.6 31.0

STAR(NeurIPS23) 42.4 24.2 36.4 48.7 27.2 34.4 42.0 20.6 34.9 41.7 17.5 33.7
Ours 43.1 23.6 36.7 49.3 27.3 34.7 42.9 19.9 35.3 42.6 18.0 34.5

Table 2: Quantitative results on the validation set of ADE20K (Zhou et al. 2017) for overlapped settings. The best and second
best performances are in bold and underline, respectively.
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Figure 3: Qualitative comparison on Pascal VOC 2012 between Adapter and previous methods.

2017) with ResNet-101 (He et al. 2016) pre-trained on Ima-
geNet as the segmentation network. In line with (Douillard
et al. 2021; Oh, Baek, and Ham 2022), we utilize different
training strategies for two datasets. For Pascal VOC 2012,
we set the initial learning rate to 10−3 and 10−4 for train-
ing with 60 epochs in the initial step and incremental steps,
respectively. For ADE20K, we train for 100 epochs with an
initial learning rate of 2.5 × 10−4 for the initial step and
2.5 × 10−5 for incremental steps. The model is optimized
by SGD with a momentum of 0.9, and the batch size is set to
24. Hyper-parameters α, β, γ, and τ are set to 5, 0.1, 0.05,
and 0.7, respectively. We run our experiments on NVIDIA
RTX 4090 GPUs using PyTorch.

Experimental Results
Comparison on Pascal VOC. We evaluate our Adapter on
the Pascal VOC 2012 dataset across various incremental sce-
narios, including standard settings in other methods (e.g.,
15-1, 5-3, and 10-1) and two challenging long-term scenar-
ios, namely 2-2 and 1-1, which involve continuously intro-
ducing new classes. The comparative results of our method
against classical and prior CISS methods are presented in
Tab. 1. We denote ”old” as the mIoU of the classes con-
taining the background class in the initial step, and ”new”
as the mIoU of the classes for all incremental steps. The

results demonstrate that our method consistently delivers
superior performance across various incremental scenarios.
Especially in the challenging multi-step incremental set-
tings, such as the overlapped 2-2 (10 steps) and 1-1 (steps)
tasks, our method surpasses the state-of-the-art by 3.0% and
6.2% in terms of mIoU, respectively. Fig. 3 shows qualitative
results of our approach compared with other competitors on
an overlapped 15-1 setting, highlighting the superiority of
our method. For example, our method accurately classifies
the tires of the motorbike in row 1, unlike several competi-
tors, who misidentify these pixels as part of bicycles. Addi-
tionally, our method distinctly differentiates the bus (in row
2) and the cow (in row 3) from the similar-looking train and
sheep classes. In contrast, the train and sheep classes, added
during incremental steps, lead to catastrophic forgetting of
similar classes in competing methods.

Comparison on ADE20K. Table 2 presents the compar-
ison results on the ADE 100-50, 50-50, 100-10, and 100-
5 tasks. Despite the larger class number in ADE20K, our
method once again outperforms the previous state-of-the-art.
Specifically, for the ADE20K overlapped 100-5 (11 steps)
setting, we obtain a 34.5 mIoU, which is a 0.8 gain over the
second-best method. This further demonstrates the capabil-
ity of our method to address more challenging scenarios.
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Baseline ADC UAC CPD 15-1 (6 steps)
old new all

✓ 78.7 47.4 71.3
✓ ✓ 79.2 48.5 71.9
✓ ✓ ✓ 79.5 49.8 72.4
✓ ✓ ✓ ✓ 79.9 51.9 73.2

Table 3: Ablation study of our method components on PAS-
CAL VOC overlapped 15-1 (6 steps).

Copro Ln↔o Lnpos↔nneg

15-1 (6 steps)
old new all
79.5 49.8 72.4

✓ 79.6 50.6 72.7
✓ 79.6 50.3 72.6

✓ ✓ 79.8 51.0 72.9
✓ ✓ 79.8 51.4 73.0
✓ ✓ ✓ 79.9 51.9 73.2

Table 4: Ablation study results for the component of CPD
loss on PASCAL VOC overlapped 15-1 (6 steps).

Ablation Study
Method Components. we present an evaluation of each
component of the proposed Adapter in Tab. 3. The ”base-
line” denotes the model using fixed prototype replay strategy
and knowledge distillation in (Chen et al. 2023) with mBCE
loss, which already achieves competitive performance. From
the comparison between the first and second row in Tab. 3,
we can see that the ADC strategy improves the both per-
formance of old and new classes (0.5 and 1.1 mIoU respec-
tively), which arises from ADC compensating the represen-
tation deviation toward old-class and providing the appropri-
ate features in new-class classifiers. Finally, our ADC strat-
egy boosts the mIoU of all classes by 0.6, further demon-
strating the feasibility of it. Comparing the second row with
the third row, the effectiveness of UAC loss can be recog-
nized. Specifically, UAC obtained gains of 1.3 in terms of
new-class mIoU and 0.5 for all classes. This benefit by the
constraint on uncertainty predictions, thereby compressing
each class representation to a compact prototype and reserve
latent space for learning new classes. Removing the CPD
leads to the performance declining by 2.1 and 0.8 in terms of
mIoU (row 3 vs. row 4) for new and all classes, respectively.
Without the CPD loss, it is challenging to differentiate be-
tween representations of similar classes. This suggests that
our CPD loss is more effective for generating distinguished
features of each class and facilitating the effectiveness of the
adaptive prototype replay strategy.

Components of the CPD. We present an ablation study of
the CPD loss components on the PASCAL VOC overlapped
15-1 scenario, as shown in Table 4. The term ”Copro” indi-
cates that the old-class prototypes used in Ln↔o are com-
pensated by our ADC strategy. The results in the table show
that, with fixed old-class prototypes, the use of the two con-
straint terms results in a 0.5% increase for all classes. When
the old-class prototypes are updated using the ADC strategy,
the mIoU improves by an additional 0.3%. Each of the two
loss terms also contributes to the enhanced performance.

Method 15-1 (6 steps)
old new all

MiB 35.1 13.5 29.7
MiB+UAC 40.5 17.4 35.0

PLOP 65.1 21.1 54.6
PLOP+UAC 66.1 30.0 59.2

DKD 78.1 42.7 69.7
DKD+UAC 78.5 46.4 70.9

CoinSeg 80.6 36.2 70.1
CoinSeg+UAC 80.8 40.9 71.3

Table 5: UAC in other representative CISS methods. UAC
consistently enhances segmentation performance.

β
15-1

γ
15-1

τ
15-1

(6 steps) (6 steps) (6 steps)
0.01 72.6 0.01 72.5 0.5 72.3
0.05 73.0 0.05 73.2 0.6 72.8
0.1 73.2 0.1 72.9 0.7 73.2
0.5 72.9 0.5 72.1 0.8 73.0
1 72.7 1 71.8 0.9 72.5

Table 6: Search of hyper-parameters: the weights of loss β
and γ, and threshold τ . mIoU for all classes are reported

Generality of the UAC. We applied our UAC loss to two
representative CISS methods, namely MIB (Cermelli et al.
2020) and PLOP (Douillard et al. 2021). Compared to MiB,
our UAC improves performance by 5.3%, with increases of
5.4% and 3.9% in mIoU for old and new classes on PAS-
CAL VOC overlapped 15-1 scenario, respectively. In ad-
ditional, implementation of PLOP with our UAC also have
4.6% performance improvement. These results provide con-
vincing evidence that our insight of reducing prediction un-
certainty is effective and generalizes well across different
CISS methods.

Ablation of Hyper-parameters. Tab. 6 illustrates the in-
fluence of hyper-parameters: the weight of proposed loss
terms β and γ, and threshold τ in method. The results show
that, in most cases, our approach is not highly sensitive to
the choice of hyperparameters.

Conclusion

In this paper, we propose a novel method, called Adapter,
designed to address representation deviation in prototype
replay based CISS methods. First, we introduce an adap-
tive deviation compensation strategy to estimate representa-
tion deviation between incremental models and update the
stored prototype used for replay. Second, we employ an
uncertainty-aware constraint loss and a compensation-based
prototype discriminative loss to aggregate the representa-
tion of each class and enhance the discrimination of pro-
totypes. Finally, experiments demonstrate the effectiveness
of our proposed Adapter, which achieves remarkable per-
formance, especially on challenging multi-step incremental
settings, outperforming the previous state-of-the-art.
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