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Abstract

Class incremental medical image segmentation (CIMIS) aims
to preserve knowledge of previously learned classes while
learning new ones without relying on old-class labels. How-
ever, existing methods 1) either adopt one-size-fits-all strate-
gies that treat all spatial regions and feature channels equally,
which may hinder the preservation of accurate old knowl-
edge, 2) or focus solely on aligning local prototypes with
global ones for old classes while overlooking their local rep-
resentations in new data, leading to knowledge degradation.
To mitigate the above issues, we propose Prototype-Guided
Calibration Distillation (PGCD) and Dual-Aligned Prototype
Distillation (DAPD) for CIMIS in this paper. Specifically,
PGCD exploits prototype-to-feature similarity to calibrate
class-specific distillation intensity in different spatial regions,
effectively reinforcing reliable old knowledge and suppress-
ing misleading information from old classes. Complementar-
ily, DAPD aligns the local prototypes of old classes extracted
from the current model with both global prototypes and lo-
cal prototypes, further enhancing segmentation performance
on old categories. Comprehensive evaluations on two widely
used multi-organ segmentation benchmarks demonstrate that
our method outperforms state-of-the-art methods, highlight-
ing its robustness and generalization capabilities.

Code — https://github.com/shengqianzhu/PCDD
Extended version — https://arxiv.org/abs/xxxx.xxxxx

Introduction
Accurate medical image segmentation plays a vital role
in a wide range of clinical applications, including diagno-
sis (Zhang et al. 2017), treatment planning (Bauer et al.
2013; Burgos et al. 2017), and particularly radiation ther-
apy (Qi, Wu, and Chan 2024; Zhu et al. 2025d). In radio-
therapy, precise delineation of organs at risk and tumors is
essential across multiple stages, such as dose calculation,
beam optimization, and adaptive planning, to ensure both
treatment efficacy and patient safety (Wieser et al. 2017).

Traditionally, supervised deep learning models have
achieved remarkable success in medical image segmentation
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Figure 1: The conceptual comparison of (a) previous one-
size-fits-all knowledge distillation and our (b) prototype-
guided calibrated distillation. Unlike previous approaches
that treated all regions and channels equally, our method cal-
ibrates the distillation process under the guidance of class
prototypes, thereby better preserving useful old knowledge
while suppressing misleading signals. The proposed DAPD
further improves the segmentation performance of previ-
ously learned classes.

by leveraging large-scale, fully annotated datasets (Landman
et al. 2015; Qi, Wu, and Chan 2023; Zhu et al. 2025b). How-
ever, in real-world clinical practice, new anatomical struc-
tures are typically introduced incrementally, while legacy
data are inaccessible due to proprietary constraints, stor-
age limitations, or practical limitations in reuse (Michieli
and Zanuttigh 2019). In the absence of labels from previous
classes, class incremental semantic segmentation (CISS) is
required to learn new categories while retaining knowledge
of previously learned ones to mitigate catastrophic forget-
ting (McCloskey and Cohen 1989; Wu, Xu, and Tong 2024).

In order to mitigate forgetting of old classes, exist-
ing approaches typically resort to 1) knowledge distilla-
tion (Michieli and Zanuttigh 2019; Cermelli et al. 2020;
Phan et al. 2022), while others leverage 2) replay-based
techniques by retaining intermediate features (Michieli and
Zanuttigh 2021; Wu et al. 2023) (e.g., prototype, which
is the representative feature vector of a class in the em-
bedding space) from prior steps. Although these methods



have achieved promising results, they still suffer from cer-
tain limitations in specific aspects. Specifically, existing
distillation-based approaches often adopt a one-size-fits-all
strategy (Cermelli et al. 2020), applying identical distillation
across the entire feature map without considering region-
specific or channel-wise relevance. In old-class regions, each
voxel may carry ambiguous or uncertain semantic informa-
tion, particularly when different categories exhibit seman-
tic proximity, making one-size-fits-all distillation prone to
gradual forgetting of old knowledge. In new-class regions,
one-size-fits-all distillation may introduce misleading su-
pervision from incorrect old-class predictions, thereby im-
pairing the model’s ability to distinguish between old and
new classes. On the other hand, the replay-based meth-
ods (Michieli and Zanuttigh 2021; Wu et al. 2023) solely
focus on aligning local prototypes with global ones for old
classes, overlooking their local representations in new data
(Left part of Fig. 2). Moreover, these methods assume a
fixed background prototype, which contradicts the princi-
ple that background semantics evolve across incremental
learning steps due to changing class labels (i.e., background
shift (Cermelli et al. 2020)).

In this paper, we propose Prototype-Guided Calibration
Distillation (PGCD) and Dual-Aligned Prototype Distilla-
tion (DAPD) to address the aforementioned issues. The for-
mer calibrates distillation across different regions and chan-
nels under the guidance of prototypes, reinforcing reliable
old knowledge while suppressing misleading signals to fa-
cilitate new class learning. The latter aligns the local proto-
types of old classes extracted from the current model with
both the global prototypes and the local prototypes, further
enhancing the retention of old class knowledge.

Specifically, PGCD computes the affinity between each
pixel feature and the class-specific prototypes to quantify
the similarity between the feature and each semantic class.
Since the prototype represents the class center in the feature
space (Xu et al. 2022a; Snell, Swersky, and Zemel 2017),
the computed affinity can be used to recalibrate the distil-
lation signals across different spatial locations and feature
channels (Fig. 1). This design adaptively reinforces reliable
knowledge in old-class regions while suppressing poten-
tially misleading old knowledge in new-class areas, thereby
ensuring the learning of new categories.

Additionally, our method recalculates the background
prototype at each stage to address background shift issues
within the prototype. Subsequently, DAPD performs unbi-
ased dual alignment by aligning the current model’s local
prototypes of old classes with both the previous step’s global
prototypes and the old model’s local prototypes. The global
prototype of an old class encodes static semantic knowledge,
while local prototypes derived from the old model capture
dynamic, batch-specific contextual cues in new data. Com-
pared with previous methods that only align global proto-
types of old classes, our proposed DAPD further aligns lo-
cal prototypes that capture distributional shifts in new data,
thereby better preserving old class knowledge.

The primary contributions of this work are threefold:

• We propose a prototype-guided calibrated distillation

strategy that adaptively recalibrates distillation across
different regions and channels based on semantic simi-
larity with class prototypes, thereby enhancing the reten-
tion of reliable knowledge while suppressing misleading
legacy information.

• We design a dual-aligned prototype distillation mecha-
nism to better preserve the knowledge of old classes.

• Extensive experiments on two public multi-organ seg-
mentation benchmarks (BTCV and WORD) demonstrate
that our method consistently outperforms existing state-
of-the-art (SOTA) approaches under multiple class incre-
mental settings (e.g., with +1.26 % DSC improvement on
the BTCV dataset using the 4-4 setting).

Related Work
Class Incremental Learning
Class Incremental Learning (CIL) (Masana et al. 2022; Zhou
et al. 2024) aims to enable deep models to continually
learn new categories without forgetting previously acquired
knowledge. Catastrophic forgetting (McCloskey and Cohen
1989; Robins 1995; French 1999; Tang et al. 2024) is a crit-
ical challenge in CIL, where newly acquired knowledge dis-
rupts or overwrites previously learned information due to
the unavailability of the old class label. Existing CIL meth-
ods can be broadly categorized into three main strategies:
regularization-based, replay-based, and architectural-based
approaches. Regularization-based approaches mitigate for-
getting by constraining parameter updates, typically via
knowledge distillation losses (Li and Hoiem 2017; Douil-
lard et al. 2020) or importance-based penalties such as Elas-
tic Weight Consolidation (EWC) (Kirkpatrick et al. 2017).
Replay-based methods alleviate forgetting by storing and re-
hearsing a subset of past samples (Bang et al. 2021; Aljundi
et al. 2019), synthetic data (Shin et al. 2017), or inter-
mediate representations (Iscen et al. 2020) during training.
Architecture-based approaches design class-specific sub-
networks that are progressively extended as new categories
emerge (Yan, Xie, and He 2021; Wang et al. 2022; Xiao-
gang Xu and Jia 2021; Xu et al. 2022b; Zhou et al. 2022).
Class incremental Semantic Segmentation (CISS) extends
the aforementioned CIL methods to the pixel-level predic-
tion task, where models are required to adapt to new cate-
gories while preserving segmentation performance on previ-
ously seen classes. In this work, we primarily focus on two
representative approaches in CISS: knowledge distillation-
based and prototype replay-based methods.

Knowledge Distillation-Based CISS. ILT (Michieli and
Zanuttigh 2019), one of the earliest works in CISS, aims
to retain the old model’s knowledge by transferring its out-
put layer predictions and intermediate representations to the
new model via distillation. ILT performs distillation only
on old-class outputs, neglecting that the background class
can implicitly contain future-class semantics, which causes
a background shift problem. MiB (Cermelli et al. 2020) in-
troduces an unbiased output-level distillation strategy to ad-
dress the background shift problem. Recent approaches (Lin,
Wang, and Zhang 2022; Zhang and Gao 2024; Zhu et al.
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Figure 2: Overview of our proposed method. At step t, the model f t
θ learns a new class (left kidney) while retaining knowledge

of three old classes (liver, right kidney, and spleen). As shown in the top-left subfigure, global prototypes
{
pc | c ∈ C1:t−1 ∪ 0

}
for the old classes are extracted and stored after step t − 1. The bottom-left subfigure illustrates that, at the current step t,
both the frozen model f t−1

θ and the current model f t
θ extract local prototypes

{
p̂t−1
c | c ∈ C1:t−1 ∪ 0

}
and

{
p̂t
c | c ∈ C1:t ∪ 0

}
,

respectively. DAPD simultaneously aligns p̂t
c with both p̂t−1

c and pc to enhance knowledge distillation for old classes. PGCD
calibrates the distillation process across spatial regions and feature channels under the guidance of class prototypes.

2025c) have introduced various improvements to intermedi-
ate feature distillation to better preserve knowledge of previ-
ously learned classes. However, these approaches typically
adopt a one-size-fits-all distillation strategy, treating all fea-
ture channels and spatial locations equally, which leads to
gradual forgetting of old class knowledge and hinders the
learning of new classes. In contrast, our proposed PGCD
adaptively calibrates distillation across different spatial re-
gions and feature channels, thereby enhancing the retention
of old knowledge while mitigating interference with new
class learning.

Prototype Replay-Based CISS. Prototype replay meth-
ods aim to regularize and enhance the feature representation
learning in the latent space by replaying stored class pro-
totypes. The class prototype (or centroid) serves as a com-
pact and representative feature vector of a class in the la-
tent feature space (Snell, Swersky, and Zemel 2017). For in-
stance, SDR (Michieli and Zanuttigh 2021) leverages proto-
type matching to preserve the spatial structure of old classes.
CoNuSeg (Wu et al. 2023) leverages contrastive learning be-
tween class prototypes to enhance intra-class compactness
and inter-class separability of features. InSeg (Wang, Wu,
and Qin 2024) exploits prototypes to infer possible future

categories and reinforce previously acquired feature repre-
sentations. Adapter (Zhu et al. 2025a) introduces adaptive
prototypes to robustly augment prototype replay in response
to evolving class-level feature distributions during incre-
mental learning. Nonetheless, these methods overlook the
alignment of old classes in new data with both global and lo-
cal prototypes simultaneously, and suffer from background
shift issues in prototype representations. Unlike prior meth-
ods, we recompute the background prototype at each step,
and DAPD performs an unbiased dual alignment to preserve
the segmentation performance of old classes.

Method
Problem Definition
We focus on the task of CISS in the context of 3D med-
ical image segmentation. Given a sequence of incremen-
tal learning steps t = 1, · · · , T , the model is required to
learn to segment a new set of semantic classes Ct at each
step t, while retaining the ability to accurately segment all
previously learned classes C1:t−1. At step t, the model re-
ceives a training dataset Dt = {(Xn,Yn)}Nt

n=1, where
Xn ∈ RH×W×D is a 3D medical image volume (e.g., CT or
MRI), and Yn ∈ LH×W×D is the corresponding voxel-wise



segmentation label. The label space L includes only the cur-
rent step’s new classes Ct, while both previously learned old
classes C1:t−1 and future classes Ct+1:T are treated as back-
ground. Crucially, the datasets from previous steps D1:t−1

are assumed to be unavailable due to privacy, storage, or le-
gal constraints, which is a common scenario in clinical med-
ical imaging applications. The objective is to train a segmen-
tation model f t

θ such that it can correctly segment all accu-
mulated classes:

f t
θ (X) → Ŷ ∈ R(C

1:t+1)×H×W×D, (1)

while avoiding catastrophic forgetting of old classes C1:t−1

and ensuring the model adapts effectively to new classes Ct.

Overview
An overview of our proposed method is illustrated in Fig. 2.
At step t of the incremental setting, the entire framework is
composed of a frozen old model f t−1

θ and a current model
f t
θ awaiting training. Our framework consists of two key

components: PGCD and DAPD. PGCD comprises two com-
ponents: Old Region Calibrated Distillation (ORCD) and
Current Region Calibrated Distillation (CRCD), each fo-
cusing on calibrating the distillation of distinct spatial re-
gions. DAPD adopts an unbiased dual-path prototype align-
ment strategy to enhance performance retention for previ-
ously learned classes. We elaborate on these individual com-
ponents in the subsequent sections.

Prototype Calculation
To effectively guide the knowledge distillation process, we
first compute class-wise prototypes that represent the se-
mantic centers of each category in the feature space (Snell,
Swersky, and Zemel 2017). Specifically, we maintain two
types of prototypes during training: local prototypes (com-
puted from the current batch) and global prototypes (updated
across batches via a cumulative moving average). Given a
mini-batch of features F ∈ RB×K×H×W×D extracted from
an intermediate layer of the backbone network fθ, where B
and K denote the batch size and channel dimension. Sub-
sequently, we derive the present class set C from the corre-
sponding label map Y ∈ RB×1×H×W×D.

For each class c ∈ C, we extract the corresponding class-
specific feature vectors: Fc = {fi ∈ F | Y(i) = c}. The lo-
cal prototype p̂c ∈ RK is then computed as the mean of
those feature vectors:

p̂c =
1

|Fc|
∑
fi∈Fc

fi. (2)

To ensure robustness across the training set, the global pro-
totype pc ∈ RK for each class c is progressively updated by
a moving average strategy. Let N pre

c be the number of previ-
ously observed pixels for class c, and ppre

c be the cumulative
global prototypes so far. After observing a new mini-batch
B with feature vectors FB

c , the global prototype pc and the
number of currently observed pixels Nc are updated as:

pc =
N pre

c +
∣∣FB

c

∣∣ ·∑fi∈FB
c
fi

N pre
c + |FB

c |
, Nc = N pre

c +
∣∣FB

c

∣∣ .
(3)

This update rule ensures that the global prototype reflects a
running average of all observed features per class, captur-
ing the accurate semantics of each category during the long
training process.

It should be noted that the prototype of the background
class may incorporate latent features of future classes
Ct+1:T , as these are annotated as background in the ground
truth. Unlike prior approaches that rely on a static back-
ground prototype, we recompute a new background proto-
type at each step to avoid impairing the segmentation per-
formance of future classes. More details are elaborated in
the subsequent DAPD section.

Prototype-Guided Calibration Distillation
Based on the prototypes, we propose PGCD to enhance re-
liable old knowledge while suppressing misleading signals,
thereby ensuring the learning of new categories. Unlike con-
ventional one-size-fits-all distillation strategies that treat all
spatial regions and feature channels equally, PGCD adap-
tively calibrates knowledge transfer across different regions
and channels using class-specific prototype guidance.

First, we derive the pseudo labels based on the original
design in PLOP (Douillard et al. 2021), as detailed below:

Ỹi =


Yi if Yi ̸= 0

argmax
c∈C1:t−1

Ŝt−1
i,c if argmax

c
Ŝt−1
i,c ̸= 0, and ui < τ

0 otherwise

,

(4)
where Ŝt−1

i,c denote the softmax output of the old model
f t−1
θ at voxel i for class c ∈ C1:t−1. Here, ui =

−
∑

c Ŝ
t−1
i,c log Ŝt−1

i,c represents the entropy of the softmax
output at voxel i, serving as an uncertainty measure. The
threshold τ is a pre-defined scalar that controls the accep-
tance of confident predictions.

After generating the pseudo labels Ỹi (Eq. 4), we con-
struct two spatial binary masks: the old region mask Mt−1

i
and the new region mask Mt

i, to facilitate region-specific
knowledge distillation. These masks are computed as:

Mt−1
i = I

[
Ỹi ∈ C1:t−1

]
, Mt

i = I
[
Ỹi ∈ Ct ∪ 0

]
, (5)

where I[·] is the indicator function. The old region mask
identifies voxels confidently predicted as old classes C1:t−1,
while the new region mask covers voxels that belong to ei-
ther the new classes Ct or the background.

Old Region Calibrated Distillation. To adaptively en-
hance the reliable knowledge of old regions, we leverage
the global prototypes

{
pc | pc ∈ RK , c ∈ C1:t−1

}
of old

classes preserved from previous steps (1 to t − 1) as guid-
ance. We choose to use prototypes as guidance primarily for



two reasons: 1) each prototype represents the center of a cat-
egory and is thus representative and robust to outliers (Cong
et al. 2024); 2) it is computed by averaging all feature vec-
tors of a given class, thereby treating each category equally
regardless of voxel frequency, which effectively mitigates
the class imbalance issue in medical image segmentation.

Let Ft−1 ∈ RV×K be the feature map extracted from
the old model f t−1

θ , where V denotes the number of spatial
locations. For each voxel i, we calculate its prototype-guided
affinity vector at−1

i ∈ R|C1:t−1| by computing the cosine
similarity between the feature at location i and all old class
global prototypes:

at−1
i,c =

Ft−1
i · pc∥∥Ft−1

i

∥∥
2
∥pc∥2

, ∀c ∈ C1:t−1, (6)

where ∥·∥2 denote L2 norm (also known as the Euclidean
norm). These affinities are then normalized (i.e., via soft-
max) to serve as voxel-wise class calibration weights in the
distillation process.

Following the affinity calibration, we use these weights
to calibrate the knowledge distillation from the old model’s
prediction Ŝt−1 ∈ RV×|C1:t−1| to the current model’s pre-
diction Ŝt ∈ RV×|C1:t|. Since Ŝ(t) contains logits for new
classes Ct as well, we adopt the unbiased knowledge distil-
lation strategy proposed in (Cermelli et al. 2020) to ensure
the distillation is not biased towards the newly added back-
ground or classes. The ORCD loss is defined as:

Lorcd =
1

V t−1

∑
i:Mt−1

i =1

∑
c∈C1:t−1

at−1
i,c · KL

(
Ŝt
i,c ∥ Ŝt−1

i,c

)
,

(7)
where KL (· ∥ ·) is the Kullback-Leibler divergence, and
V t−1 is the total number of voxels in the old region mask.

Rationale of ORCD. In old class regions, each voxel
may carry ambiguous or uncertain semantics due to inter-
class similarity, rendering one-size-fits-all distillation prone
to gradually forgetting previously learned knowledge. Vox-
els exhibiting higher similarity (i.e., higher affinity) to a
class prototype are expected to receive stronger supervision
signals in the corresponding class channel during distilla-
tion. The proposed ORCD reinforces reliable old knowledge
and mitigates its potential degradation throughout the incre-
mental learning steps.

Current Region Calibrated Distillation. To mitigate the
adverse impact of misleading knowledge from old classes
on learning new categories, we propose CRCD, a mech-
anism that adaptively suppresses old knowledge within
the current region M t

i . We leverage global prototypes{
pc | pc ∈ RK , c ∈ C1:t

}
of all seen classes to guide dis-

tillation. For each voxel i, we compute its prototype-guided
affinity vector ati as:

ati,c =
Ft

i · pc

∥Ft
i∥2 ∥pc∥2

, ∀c ∈ C1:t, (8)

where Ft ∈ RV×K denotes the feature map of the current
model f t

θ . The CRCD loss is:

Lcrcd =
1

V t

∑
i:Mt

i=1

∑
c∈C1:t

ati,c · KL
(
Ŝt
i,c ∥ Ŝt−1

i,c

)
, (9)

where V t is the number of voxels in the current region.
Rationale of CRCD. In the current region, some predic-

tions may be mistakenly classified as old classes, and tra-
ditional distillation may lead the current model to imitate
such incorrect predictions from the old model. The proposed
CRCD reduces the distillation weight of incorrectly pre-
dicted old classes under the guidance of prototypes, thereby
suppressing unreliable old predictions and preserving the
model’s ability to learn new categories.

Dual-Aligned Prototype Distillation
Complementary to the logit-based distillation discussed
above, we design a DAPD approach to enhance knowledge
transfer for old classes. Unlike conventional pixel-wise dis-
tillation, DAPD operates at the prototype level and enforces
consistency between class-wise representations across the
old and current models. Specifically, we align the local
prototypes

{
p̂t
c | c ∈ C1:t−1 ∪ 0

}
of old classes (including

background) extracted from the current model with both the
local

{
p̂t−1
c

}
and global {pc} prototypes of the correspond-

ing classes from the old model.
As previously discussed, to avoid the potential negative

impact of a static background prototype on the segmentation
performance of future classes, we recompute a new back-
ground prototype at each incremental step. This implies that,
at the current step t, the background prototype (

{
p̂t−1
0 ,p0

}
)

of the old model encodes latent features of the current class
Ct. Before defining DAPD loss, we apply an unbiased trans-
formation to the local prototypes derived from the current
model as follows:

q̂c =

{∑
n∈{0}∪Ct p̂

t
c if c = 0

p̂t
c if c ∈ C1:t−1

. (10)

Thereafter, the complete DAPD loss is defined as:
Ldapd = λllLpd

(
q̂c, p̂

t−1
c

)
+ λlgLpd (q̂c,pc) , (11)

where λll and λlg are the weights used to balance the contri-
butions of each loss item. The loss term Lpd (qc,pc) repre-
sents the prototype distillation loss, which is defined as:

Lpd (q̂c,pc) =
1

|C1:t−1|+ 1

∑
c∈C1:t−1∪0

∥q̂c − pc∥22 . (12)

By employing unbiased dual alignment, DAPD effectively
retains old class knowledge.

Overall Loss Function
Based on the aforementioned loss components, the overall
objective function of our method is defined as follows:

Ltotal = Lce + λorcdLorcd + λcrcdLcrcd + Ldapd, (13)
where λorcd and λcrcd are the weights used to adjust the im-
pact of the corresponding loss on the total objective. The loss
function Lce, implemented as the unbiased cross-entropy
proposed in MiB (Cermelli et al. 2020), supervises the learn-
ing of the current class.



4-4 (2 steps) 4-2 (3 steps) 4-1 (5 steps) 7-1 (2 steps)
Method Old New All Old New All Old New All Old New All
Offline 92.58 88.93 90.75 92.58 88.93 90.75 92.58 88.93 90.75 90.44 92.93 90.75
LwF 85.77 88.44 87.11 1.50 73.30 37.40 0.00 47.06 23.53 65.67 92.93 69.08
ILT 25.92 36.61 31.26 10.15 44.65 27.40 0.00 38.48 19.24 30.18 74.25 35.69
MiB 91.27 86.96 89.12 92.51 87.36 89.94 92.34 88.24 90.29 90.10 92.95 90.45

PLOP 57.37 37.12 47.24 86.72 57.40 72.06 67.26 25.69 46.47 78.77 77.30 78.58
SDR 92.07 86.60 89.34 91.76 87.47 89.61 91.81 88.31 90.06 76.21 91.78 78.15

REMINDER 24.73 32.02 28.37 83.10 41.19 62.14 77.25 28.67 52.96 75.05 70.07 74.43
CoNuSeg 85.92 45.63 65.77 83.95 65.29 74.62 3.45 43.60 23.53 72.93 91.30 75.23

InSeg 55.83 37.15 46.49 88.75 61.66 75.21 71.49 43.71 57.60 73.66 74.30 73.74
Ours 92.51 88.69 90.60 92.45 88.48 90.46 92.27 88.83 90.55 90.15 93.37 90.55

Table 1: Comparison with SOTA methods for different CISS tasks on the BTCV dataset using average DSC (%). The best and
the second results are marked in bold and underlined, respectively.

4-4 (2 steps) 4-2 (3 steps) 2-2 (4 steps) 7-1 (2 steps)
Method Old New All Old New All Old New All Old New All
Offline 86.18 84.77 85.47 86.18 84.77 85.47 94.43 82.49 85.47 84.92 89.34 85.47
LwF 76.38 82.89 79.63 0.39 68.63 34.51 0.00 43.01 32.25 49.11 82.99 53.35
ILT 61.80 36.93 49.36 9.40 43.03 26.22 0.04 15.54 11.66 25.57 13.30 24.03
MiB 83.88 81.42 82.65 58.62 45.18 51.90 91.79 64.26 71.14 71.05 81.22 72.32

PLOP 79.05 48.36 63.71 82.75 33.77 58.26 73.23 29.88 40.72 47.69 12.36 43.27
SDR 81.28 81.58 81.43 80.22 78.02 79.12 92.29 57.73 66.37 70.59 81.26 71.92

REMINDER 68.22 45.04 56.63 78.23 41.67 59.95 27.91 23.75 24.79 35.15 11.29 32.16
CoNuSeg 78.18 63.43 70.80 0.08 20.94 10.51 43.16 47.12 46.13 57.57 75.77 59.85

InSeg 78.28 50.41 64.34 65.45 42.98 54.22 80.98 40.59 50.69 17.12 12.59 16.56
Ours 84.09 82.75 83.42 83.95 83.04 83.50 90.17 65.97 72.02 71.51 82.59 72.89

Table 2: Comparison with SOTA methods for different class incremental tasks on the WORD dataset using average DSC (%).
The best and the second results are marked in bold and underlined, respectively.

Experiments
Experimental Setup
Dataset. We evaluate our method on two public multi-
organ segmentation datasets: BTCV (Landman et al. 2015)
and WORD (Luo et al. 2022). The BTCV dataset contains
30 abdominal CT scans with expert annotations for 13 ab-
dominal organs. The WORD dataset is a large-scale CT
dataset that includes 120 cases with annotations for 16 ab-
dominal organs. To simplify the incremental learning setup
across datasets, we focus on the 8 overlapping organs be-
tween these two datasets: spleen, right kidney, left kidney,
gallbladder, esophagus, pancreas, liver, and stomach (which
are also taken as the class order).

Protocols. We design several CISS protocols based on a
unified notation, N1-N2 (T, steps), where N1 and N2 repre-
sent the number of classes introduced in the initial and each
incremental step, respectively. The total number of steps T
is given by 1 + (|C| − N1)/N2, where |C| denotes the to-
tal number of classes. In our experiments, we consider the
eight abdominal organs mentioned earlier, with their class
order fixed consistently throughout all steps. In this way, we
construct the following CISS protocols (Wang, Wu, and Qin
2024): 4-4 (2 steps), 4-2 (3 steps), 2-2 (4 steps), 4-1 (5 steps),
and 7-1 (2 steps), to assess the performance under different

incremental tasks comprehensively.

Evaluation Metrics. To evaluate our method in CISS, we
use the Dice Similarity Coefficient (DSC) to measure the
overlap between predictions and ground truth. At the final
incremental step, we report: 1) Old: average DSC over ini-
tial classes (C1), assessing knowledge retention; 2) New: av-
erage DSC over newly added classes (C2:T ), reflecting new
knowledge acquisition; and 3) All: average DSC over all
seen classes (C1:T ), indicating overall segmentation perfor-
mance and balance between retention and learning.

Baselines. We compare our method against eight SOTA
CISS approaches. These include 1) the regularization-based
method LwF (Li and Hoiem 2017), 2) distillation-based
strategies: ILT (Michieli and Zanuttigh 2019), MiB (Cer-
melli et al. 2020), PLOP (Douillard et al. 2021), 3) proto-
type replay-based approaches: SDR (Michieli and Zanuttigh
2021), REMINDER (Phan et al. 2022), CoNuSeg (Wu et al.
2023) and InSeg (Wang, Wu, and Qin 2024). The offline set-
ting, where the model is trained on all classes simultane-
ously, serves as an upper bound for performance.

Experimental Results
Results on BTCV dataset. Table 1 summarizes the per-
formance comparison with SOTA CISS methods under dif-
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Figure 3: Qualitative comparison of segmentation results between the proposed method and SOTA approaches on BTCV 4-4.

λll λlg λorcd λcrcd Old New All

91.27 86.96 89.12
✓ 92.11 87.43 89.77

✓ 92.11 88.04 90.08
✓ ✓ 92.44 87.90 90.17
✓ ✓ ✓ 92.56 88.17 90.36
✓ ✓ ✓ 92.49 88.38 90.44

✓ ✓ ✓ ✓ 92.51 88.69 90.60

Table 3: Ablation study of components in the proposed
method on BTCV 4-4 setting using average DSC (%).

ferent settings on the BTCV dataset. Our method consis-
tently achieves the best overall DSC across all evaluated
tasks. In particular, under the challenging 4-1 (5 steps) and
4-2 (3 steps) settings, our approach yields superior bal-
ance between old and new class performance, outperform-
ing prior methods such as MiB and SDR. Notably, even in
long incremental sequences, our method maintains strong
segmentation accuracy without significant forgetting. Fig. 3
presents a qualitative comparison between our approach
and competing methods on the BTCV 4-4 task. The seg-
mentation results further demonstrate the superiority of our
method in both retaining old classes (e.g., left kidney) and
learning new ones (e.g., liver).

Results on WORD dataset. Table 2 reports the perfor-
mance of our method on various settings of the WORD
dataset. Across all scenarios (4-4, 4-2, 2-2, 7-1), our ap-

proach consistently outperforms SOTA methods in average
DSC. These results further demonstrate the effectiveness
and generalization of our method on different datasets.

Ablation Studies
Effectiveness of Each Component. To evaluate the con-
tribution of each component in our framework, we conduct
an ablation study on the BTCV 4-4 setting by incremen-
tally adding individual loss terms: λll, λlg, λorcd, λcrcd. As
shown in Table 3, adding each loss term individually im-
proves performance over the baseline. Notably, combining
λll and λlg brings further gains, highlighting their comple-
mentarity. Both region-based distillation losses (λorcd and
λcrcd) also contribute positively. The best overall DSC of
90.60 % is achieved when all components are combined,
confirming their effectiveness and synergy.

Conclusion
In this paper, we mitigate the performance degradation of
old knowledge caused by one-size-fits-all distillation and
the neglect of old-class local representations in new data.
Specifically, PGCD adaptively calibrates knowledge trans-
fer across different regions and channels using class-specific
prototype guidance, enhancing reliable old knowledge while
suppressing misleading signals, thereby ensuring the learn-
ing of new categories. DAPD adopts an unbiased dual-path
prototype alignment strategy to effectively preserve the per-
formance of old classes. Extensive experiments on two pub-
lic datasets and multiple incremental settings demonstrate
the superiority of our approach over existing CISS methods.
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Notation
Table 6 presents a comprehensive list of all symbols used in
this paper along with their corresponding descriptions.

Disscussion
Limitations and Future Work.
Our method relies on pre-computed global prototypes,
which can be sensitive to noisy annotations and domain
shifts. In heterogeneous datasets or under cross-domain set-
tings, such factors may lead to inaccurate prototype rep-
resentations, potentially resulting in suboptimal calibration
during distillation. In future work, we plan to develop noise-
robust and domain-adaptive prototype estimation strate-
gies, such as incorporating uncertainty weighting, proto-
type refinement via learned similarity metrics, or leveraging
domain-invariant feature alignment. These improvements
could further enhance the stability and generalization of our
framework in challenging and diverse clinical scenarios.

More Details about Experimental Setup
Preprocessing.
For preprocessing, we follow the standard pipeline estab-
lished in prior work (Zhang et al. 2023). Specifically, for
both BTCV and WORD, the Hounsfield Unit (HU) values
are truncated to the range of [-175, 250] and normalized to
the interval [0, 1]. All CT scans are resampled to a uniform
voxel spacing of 1 × 1 × 3 mm3. Subsequently, each dataset
is randomly split into train and test sets using an 8:2 ratio,
resulting in 24 train and 6 test scans for BTCV, and 96 train
and 24 test scans for WORD.

Implementation Details.
For all experiments, we adopt Swin UNETR (Hatamizadeh
et al. 2021) as the backbone network, owing to its strong rep-
resentation capability and effectiveness across various med-
ical image segmentation tasks. The network is optimized us-
ing Stochastic Gradient Descent (SGD) with a momentum of
0.9. We use a fixed learning rate of 0.01 for both the initial
and all subsequent incremental steps. For the BTCV dataset,
we train the model with a batch size of 2 for 50 epochs,
while for the WORD dataset, we use the same batch size of
2 and train for 100 epochs. During training, input volumes
are randomly cropped to patches of size 96 × 96 × 96 from
each CT scan. Following the prior work (Cha et al. 2021), τ
is set to 0.7.

More Experimental Results
Ablation of Hyperparameters.
To investigate the impact of different loss components, we
conduct an ablation study on the BTCV 4-4 setting by vary-
ing the weights of four loss terms: λll, λlg, λorcd, λcrcd. Each
weight is varied from 0.1 to 10, and we report the average
DSC (%) on “Old”, “New”, and “All” classes. As shown in
Table 4, the model achieves the highest DSC score when
the weights λll and λlg are set to 0.5 and 0.1, respectively.
When the values of λll exceed 5 and λlg exceed 0.5, the per-
formance on new classes significantly degrades and overall

λll
DSC (%) 0.1 0.5 1 5 10

Old 92.10 92.11 92.39 92.09 91.53
New 87.37 87.43 86.89 68.99 67.13
All 89.73 89.77 89.64 80.54 79.33

λlg
DSC (%) 0.1 0.5 1 5 10

Old 92.11 91.10 91.11 85.81 80.66
New 88.04 75.58 65.05 45.80 30.73
All 90.08 83.34 78.08 65.80 55.70

λorcd
DSC (%) 0.1 0.5 1 5 10

Old 92.16 91.87 92.29 92.19 91.51
New 88.29 87.46 88.38 87.65 86.79
All 90.22 89.66 90.33 89.92 89.15

λcrcd
DSC (%) 0.1 0.5 1 5 10

Old 92.20 92.33 92.31 91.62 92.03
New 88.50 88.47 88.22 86.31 87.84
All 90.35 90.40 90.27 88.96 89.93

Table 4: Performance comparison across different weights
(λll, λlg, λorcd, λcrcd) on BTCV 4-4 using average DSC (%).

accuracy drops, indicating that overly strong alignment with
old prototypes may hinder the learning of new knowledge.

In contrast, λorcd and λcrcd exhibit more stable behaviors
across a wide range of values, showing robustness and con-
sistency in maintaining a favorable trade-off between old
and new class performance. These results demonstrate the
necessity of balancing loss weights to effectively stabilize
the model in continual learning scenarios.

More Results on BTCV Dataset.
Fig. 4 presents the DSC (%) evolution over incremental
steps for different continual segmentation methods. While
all approaches maintain stable scores at the initial step, most
competing methods experience a substantial performance
drop as more incremental steps are introduced. For exam-
ple, PLOP, SDR, and REMINDER exhibit over 20 % DSC
degradation from the first to the last step, highlighting their
limited ability to retain previously learned knowledge under
long incremental sequences. In contrast, our method sus-
tains consistently higher DSC across all steps, with only a
marginal decrease, indicating superior stability and robust-
ness against catastrophic forgetting. These results confirm
that our method achieves a better balance between stability
and plasticity throughout the incremental learning process.

Comparison of Model Efficiency.
To comprehensively evaluate the efficiency and performance
of different CISS methods, we conduct a fair comparison
under the same experimental setup. Table 5 summarizes the
results in terms of model parameters, inference and train-
ing time, memory consumption, and segmentation accu-
racy (DSC). As shown, our method achieves the highest



Method #Params (M) Inference
Time (s) GFLOPs Training

Time (s)
Training CPU
Memory (GB)

Training GPU
Memory (GiB) DSC (%)

LwF 62.19 2.45 329.84 34 1.75 14.72 87.11
ILT 62.19 2.45 329.84 35 1.78 14.72 31.26
MiB 62.19 2.45 329.84 35 1.79 14.72 89.12
PLOP 62.19 2.45 329.84 71 1.77 14.72 47.24
SDR 62.19 2.45 329.84 35 1.86 18.03 89.34
REMINDER 62.19 2.45 329.84 71 1.8 14.72 28.37
CoNuSeg 62.19 2.45 329.84 37 1.84 19.68 65.77
InSeg 62.19 2.45 329.84 73 1.79 14.72 46.49
Ours 62.19 2.45 329.84 39 1.93 15.46 90.60

Table 5: Comparison of model complexity, computational cost, and segmentation performance across different CISS methods
on BTCV 4-4 setting.
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Figure 4: The average DSC (%) of different methods at each
incremental step on the BTCV 2-2 setting.

DSC (90.60 %) while maintaining comparable computa-
tional cost, demonstrating an effective trade-off between ac-
curacy and efficiency.



Symbol Description
Space RH×W×D 3D volume space with height H , width W , depth D

RV×K Feature space with V spatial locations and K channels
L Label space

Network f t
θ Segmentation model at step t with parameters θ

f t−1
θ Segmentation model from previous step

Sets Dt Training dataset at step t
D1:t−1 Datasets from previous steps
Ct Class set introduced at step t
C1:t All classes seen from step 1 to t

C1:t−1 Old classes from previous steps
Ct+1:T Future classes not yet introduced

Samples Xn n-th 3D medical image volume
Yn Ground truth label map of Xn

Ŷ Model prediction (logits or probabilities)
Ỹ Pseudo label

Ft,Ft−1 Feature maps from current and old models
Ŝt, Ŝt−1 Softmax outputs of current and old models
Mt

i,M
t−1
i Current and old region mask

at−1,at Current and old region affinity
Nt Number of samples at step t
V Number of spatial locations (voxels)
K Feature channel dimension
B Batch size

H,W,D Height, width, depth
Prototypes p̂c Local prototype of class c

pc Global prototype of class c (moving average)
q̂c Unbiased transformed prototype of class c
Fc Feature vectors belonging to class c
N pre

c Number of observed voxels of class c before current batch
ppre
c Cumulative global prototypes of class c before current batch

Miscellaneous Lce Unbiased cross-entropy loss for current classes
Lorcd Old Region Calibrated Distillation loss
Lcrcd Current Region Calibrated Distillation loss
Ldapd Dual-Aligned Prototype Distillation loss
Lpd Prototype distillation loss
λ∗ Weight of the corresponding loss term
I[·] Indicator function
∥ · ∥2 L2 norm (Euclidean norm)

KL(· ∥ ·) Kullback-Leibler divergence
ui Entropy-based uncertainty of voxel i
τ Uncertainty threshold

Table 6: Summary of notations used in this paper.


