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Abstract

Most continual segmentation methods tackle the prob-
lem as a per-pixel classification task. However, such a
paradigm is very challenging, and we find query-based seg-
menters with built-in objectness have inherent advantages
compared with per-pixel ones, as objectness has strong
transfer ability and forgetting resistance. Based on these
findings, we propose CoMasTRe by disentangling continual
segmentation into two stages: forgetting-resistant continual
objectness learning and well-researched continual classi-
fication. CoMasTRe uses a two-stage segmenter learning
class-agnostic mask proposals at the first stage and leaving
recognition to the second stage. During continual learning,
a simple but effective distillation is adopted to strengthen
objectness. To further mitigate the forgetting of old classes,
we design a multi-label class distillation strategy suited
for segmentation. We assess the effectiveness of CoMas-
TRe on PASCAL VOC and ADE20K. Extensive experiments
show that our method outperforms per-pixel and query-
based methods on both datasets. Code will be available at
https://github.com/jordangong/CoMasTRe.

1. Introduction
Neural nets have dominated computer vision, from object
recognition [18] to fine-grained classification [28, 29], seg-
mentation [8, 48], and detection [59]. However, the success
is only sound for single-shot learning, i.e., training once to
perform well with fully annotated datasets without consid-
ering the later learning process. Continual learning aims to
mimic human learning by gradually obtaining knowledge in
a sequential fashion [15, 17]. Particularly, continual learn-
ing shines in dense prediction tasks, such as semantic seg-
mentation [3, 5, 12], since the annotations are laborious to
obtain, and sometimes the learned samples are inaccessi-
ble, such as the nature of stream data in autonomous driv-
ing [34] or patient privacy in medical imaging [35].

*Corresponding author.

A
n

im
al

s

b
ir

d
, 
h
o
rs

e,
 d

o
g
, 
co

w

Mask2FormerDeepLabv3

V
eh

ic
le

s

p
la

n
e,

 b
o
at

, 
b
u
s,

 c
ar

tr
ai

n
sh

ee
p

Learned classes Unseen classes

(a) Mask proposal transferred to unseen classes.
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(b) Mask proposals after finetuning on new classes.

Figure 1. Hidden properties inside query-based segmenters.
Objectness in query-based methods helps generalize mask propos-
als on unseen classes similar to learned classes (top). Additionally,
because of the transfer ability of objectness, query-based methods
are resistant to catastrophic forgetting of mask proposals (bottom).

However, machines tend to forget the early tasks if we
train them to learn the new ones, also termed as catas-
trophic forgetting [16], which is the critical obstacle toward
continual learning. Moreover, dense prediction tasks tack-
led as per-pixel classification or regression by analyzing
patterns around each pixel are inherently difficult, which
makes the continual learning of these tasks even more chal-
lenging. Could we mitigate forgetting in continual segmen-
tation in a more feasible way? The answer lies in a new
paradigm: mask classification, streamlining continual seg-
mentation as learning without forgetting of class-agnostic
binary masks and class recognition, via query-based seg-
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menters [9, 10, 47, 55]. Different from conventional per-
pixel-based segmenters [8, 42, 53], from our observation,
query-based segmenters have strong objectness (the abil-
ity to find objects in images) built-in, which is beneficial
to continual segmentation for two reasons. Firstly, as the
background is not silenced when learning to propose masks,
the objectness can be transferred to unseen classes. As il-
lustrated in Fig. 1a, compared to DeepLabv3 [8], a per-pixel
segmentation baseline, query-based Mask2Former [10] pro-
poses substantially better masks on unseen classes if the
model has learned similar classes before, e.g., learning ve-
hicles, such as planes, boats, buses, and cars, facilitates the
later learning of trains. Secondly, we observe that the ob-
jectness alleviates the forgetting of old class mask propos-
als (see Fig. 1b), as the model can still propose comparable
masks on old classes, even finetuning on new classes.

Based on these findings, we propose Continual Learning
with Mask-Then-Recognize TRansformer decoder, termed
as CoMasTRe, for continual segmentation. CoMasTRe
disentangles the segmentation task to objectness learning
and class recognition by learning to propose class-agnostic
masks at the first stage and leaving recognition to the sec-
ond stage. In continual settings, since CoMasTRe inherits
the objectness of query-based methods, the learning of new
mask proposals is considerably eased. This design also sim-
plifies continual segmentation to forgetting-resistant contin-
ual objectness learning and a continual classification task.
Specifically, CoMasTRe mitigates forgetting in two folds:
(i) a simple but effective objectness distillation to reinforce
old class objectness during long learning processes, and
(ii) a multi-label class distillation strategy with task-specific
classifiers to alleviate old class forgetting. For evaluation,
we conduct extensive experiments on PASCAL VOC 2012
and ADE20K, showcasing that CoMasTRe reaches a new
state-of-the-art on both datasets. In particular, we boost in-
cremented class performance compared with previous best
methods on VOC. Additionally, CoMasTRe significantly
outperforms prior arts in all classes on ADE20K.

To sum up, the contributions of this paper are as follows:

• To leverage the properties of objectness, we pro-
pose Continual learning with Mask-Then-Recognize
TRansformer decoder, termed as CoMasTRe, to sim-
ply continual segmentation by decoupling the task into
objectness learning and class recognition.

• To tackle the forgetting issue, we strengthen the ob-
jectness using a simple but effective distillation strat-
egy in the first stage and preserve class knowledge
in the second stage with task-specific classifiers and
multi-label class distillation tailored to segmentation.

• Through extensive benchmarking on two datasets, our
method outperforms prior query-based methods by up
to 2.1% on ADE20K and surpasses per-pixel methods
on new classes by up to 32.16% on PASCAL VOC.

2. Related Work
Query-based Image Segmentation. Query-based seg-
menters [9, 10, 21, 55] have unified image segmentation
via mask classification and solve semantic, instance, and
panoptic segmentation using the same framework. How-
ever, the mask classification paradigm was originated from
query-based detectors, such as DETR [2] and its vari-
ants [24, 59, 66], where we train the model to predict
proposals and class labels with learnable queries. Mask-
Former [9] was the first to introduce mask classification
in semantic segmentation, which was dominated by per-
pixel classification paradigm via convolutional nets [8, 46,
52] or Transformers [42, 53]. Following MaskFormer,
Mask2Former [10] introduced multiple improvements, such
as masked attention for mask refinement and using multi-
scale features for better small object performance. To speed
up the convergence, kMaX-DeepLab [55] generated queries
from clustered image features. Recently, OneFormer [21]
provided a generalist solution by joint training of all seg-
mentation tasks. However, all of these segmenters learn to
predict to mask and class simultaneously and are not suit-
able for decoupled continual segmentation.
Continual Segmentation. Learning new knowledge by fin-
tuning the model is a native way, but resulting catastrophic
forgetting of old knowledge [16, 31, 39]. Continual learning
aims to alleviate the forgetting issue by balancing the learn-
ing of new knowledge (plasticity) and the preserving of the
old one (stability). While the research focus of continual
learning is on classification [1, 6, 11, 22, 25, 38, 41, 50, 58],
continual segmentation started to thrive recently [3, 5, 7,
12, 32, 36, 40, 51, 57, 60, 61, 65]. As pointed out in
MiB [3], the background shift in continual segmentation ag-
gravates the forgetting issue. Cermelli et al. [3] proposed
unbiased distillation and classification to mitigate the back-
ground shift. PLOP [12] circumvented the background shift
issue by feature distillation and pseudo-labeling. Based on
PLOP, REMINDER [36] introduced class-weighted knowl-
edge distillation to discriminate the new and old classes.
With the same motivation, Incrementer [40] designed a
class deconfusion strategy and achieved competitive per-
formance via a Transformer-based segmenter. Recently,
RL-Replay [65] set a strong replay-based baseline via re-
inforcement learning. Some works [4, 20] started to fo-
cus on more realistic scenarios by integrating weak super-
vision [56, 62] with continual learning. The methods above
follow the per-pixel paradigm. Alhough CoMFormer [5]
was the first to present mask classification in continual seg-
mentation, it applied a standard framework with distillation
and pseudo-labeling and failed to leverage the benefit of ob-
jectness. In contrast, CoMasTRe exploits objectness and
decouples continual segmentation into forgetting-resistant
objectness learning and class recognition.
Continual Dynamic Networks. In addition to distilla-
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tion methods appearing in continual segmentation, dynamic
networks with parameter expansion [13, 37, 41, 41, 45,
49, 50, 54, 64] also play a key role in continual learn-
ing. DER [54] is an early work on the dynamic struc-
ture by duplicating the backbone for each task to mitigate
the forgetting issue. However, DER suffers from the ex-
plosion of parameters after a long learning process. FOS-
TER [45] relieved the problem through a model compres-
sion stage. MEMO [64] went further by decoupling the
network and only expanding specialized layers. Recently,
more works [13, 37, 41, 41, 49, 50] started to leverage
the dynamic nature of Transformers. DyTox [13] pro-
posed a dynamic token expansion mechanism by learning
a task-specialized prompt at each step. The concurrent
work, L2P [50], started a new fashion of continual learn-
ing: learning to prompt pretrained models and extracting
task-specialized features. Thanks to our Transformer-based
decoder, we adopt task queries and task-specific classifiers
in our class decoder to further alleviate forgetting.

3. Method
3.1. Problem Definition

Image segmentation has been unified as a mask classifi-
cation problem, i.e., to propose class-agnostic masks and
predict the corresponding class labels simultaneously. For-
mally, we define the dataset D containing pairs of im-
age and target, and each sample pair contains an image
x ∈ RC×H×W and its target y, where C, H and W de-
note channel number, height and width of the image, respec-
tively. Each target y is composed by M ground truth (GT)
binary masks and class labels, denoted y = {(mgt

i , cgti ) |
mgt

i ∈ {0, 1}H×W , cgti ∈ C}Mi=1, where C is the class label
space. Unlike per-pixel classification methods, background
class is excluded from annotation.

In terms of continual segmentation, the model sequen-
tially learns to predict the masks of new classes but not to
forget old ones. Formally, we divide the learning process to
T tasks, and at each step t = 1, 2, . . . , T we train the model
to predict a unique set of classes Ct, where

⋂T
t=i Ct = ∅

and
⋃T

t=i Ct = C. Only the part of the annotations contain-
ing new classes Ct are provided at step t, while the model
should be able to predict all learned classes C1:t.

3.2. CoMasTRe Architecture

Thanks to the properties of objectness (see Fig. 1) and
widely studied continual classification, we argue that solv-
ing the continual segmentation problem with mask clas-
sification is inherently advantageous. Therefore, we pro-
pose CoMasTRe, which adopts Mask2Former [10] meta-
architecture, keeping the backbone and the pixel decoder
while adding two newly designed Transformer decoders
to help disentangle objectness learning (stage 1) and class

obj.
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Figure 2. CoMasTRe Architecture.
⊗

denotes the dot prod-
uct between positional embeddings Epos and pixel embeddings
E4
pixel. CoMasTRe uses a two-stage image segmenter including

three components: (a) a backbone and a pixel decoder producing
pixel embedding, (b) a mask decoder f with learnable positional
queries Qpos for objectness learning, and (c) a class decoder g
with a set of task queries Qtask for class recognition.

recognition (stage 2), as shown in Fig. 2. The overall train-
ing process of our CoMasTRe can be summarized as:
1. When an image comes to CoMasTRe, the backbone, and

the pixel decoder first encode and then decode the image
to pixel embeddings. We take out the pixel embeddings
from all the layers of the pixel decoder for the following
process as {E l

pixel}4l=1, where l denotes different layers
and there are 4 layers in total (Fig. 2 (a)).

2. Next, we randomly initialize learnable positional queries
Qpos and input them to the objectness learning stage
(stage 1), to extract positional embeddings Epos through
the mask decoder f for predicting class-agnostic mask
proposals M and objectness scores S . The training in-
volves bipartite matching with ground truth (Fig. 2 (b)).

3. After that, matched positional embeddings Em
pos from

stage 1 with pixel embeddings are input to class decoder
g for recognition (stage 2). To reduce task interference
during continual learning, task queries Qtask and task-
specific classifiers ϕ1, . . . , ϕt are learned to specialize
the class knowledge of each task. (Fig. 2 (c)).

4. Finally, we obtain segmentation results by combining the
mask proposals and objectness scores from stage 1 with
the class prediction from stage 2.
The details of the two stages will be illustrated in

Sec. 3.2.1 and Sec. 3.2.2.
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3.2.1 Stage 1: Objectness Learning

As illustrated in Fig. 2 (b), our objectness learning mainly
relies on a mask decoder. The mask decoder f is com-
posed of L blocks of Transformer layers [44], taking
N learnable positional queries Qpos = {q1, . . . , qN} ∈
RN×d and intermediate pixel embeddings {E l

pixel}3l=1 as
input. Then, it outputs the positional embeddings Epos =
{e1, . . . , eN} ∈ RN×d for mask proposals, objectness
scores, and stage 2 recognition. The mask proposals
M = {m1, . . . ,mN} ∈ [0, 1]N×H×W is computed as
M = sigmoid(Upsample(MLP(Epos) · E4

pixel)), where the
MLP(·) acts as a non-linear transformation function and
Upsample(·) interpolates the logits to image size. Note
here each positional embedding produces a mask proposal.
At the same time, Epos is input to our objectness head, in
which a binary classifier is designed to output the object-
ness score S = {s1, . . . , sN} ∈ [0, 1]N to indicate whether
the mask proposals containing objects or not. During train-
ing, we first perform bipartite matching considering the cost
between N mask proposals {mi}Ni=1 and M ground truth
masks {mgt

j }Mj=1. Here, we assume N ≫ M and pad
the ground truth with “no object” ∅ to ensure a one-to-one
matching between predictions and ground truth. After solv-
ing the matching via the Hungarian algorithm [23], we get
the optimal permutation of N elements, denoted as σ. Then,
we optimize this stage using ground truth masks:

Lobj =

N∑
j=1

[
− 1mgt

j ̸=∅log sσj
− 1mgt

j =∅log (1− sσj
)

+ 1mgt
j ̸=∅Lmask(mσj

,mgt
j )

]
,

(1)
where Lmask is the sum of binary cross-entropy loss and
Dice loss [43]. Based on the matching results, M matched
positional embeddings Em

pos = {ej | ej ∈ Epos,mgt
j ̸= ∅}

are traced back and fed forward to stage 2 class decoder.
Here, we supervise the objectness scores by encouraging
the matched ones and suppressing the unmatched ones, oth-
erwise, the model tends to produce high objectness scores
for all the proposals. The remaining unmatched embed-
dings Eu

pos = Epos \ Em
pos are reserved for distillation to

alleviate forgetting (see Sec. 3.3).

3.2.2 Stage 2: Class Recognition

Our stage 2 aims to recognize the object inside the mask
proposals. Thus, we use matched positional embeddings
along with pixel embeddings as input for class recogni-
tion. Besides, inspired by DyTox [13], we integrate task
queries with matched positional embeddings as input to
task-specific classifiers in the class decoding process, which
facilitates continual learning by reducing task interference,
resulting in more specialized classifiers.

Since continual segmentation contains T tasks, to il-
lustrate our class recognition stage, we assume the cur-
rent learning step is t. We denote task queries Qtask =
{θ1, . . . , θt}. As shown in Fig. 2 (c), for each positional
embedding e ∈ Em

pos and each task query θ ∈ Qtask,
we take (e, θ) as a pair and feed it with pixel embed-
ding to the class decoder g (a Transformer block shared
across tasks), obtaining the localized task embedding k.
For each positional embedding, we obtain its task embed-
dings Etask = {k1, . . . , kt}. Then, t task-specific classi-
fiers Φt = {ϕ1, . . . , ϕt} are applied to Etask, where each
classifier ϕj ∈ Φt is specialized to predict the classes
in this task Cj , i.e., ϕj : Rd 7→ Cj . In this way,
we obtain the class probability of each proposal as p =
sigmoid([ϕ1(k1), . . . , ϕt(kt)]), as each positional embed-
ding corresponds to a mask proposal. By feeding all the
positional embeddings, we get the class probability of all
proposals P = {pi}Mi=1. We supervise this stage with clas-
sification loss using ground truth class labels:

Lcls = − 1

M

M∑
i=1

∑
c∈Ct

[
1c=cgti

(1− pi,c)
γ log pi,c

+1c̸=cgti
pγi,c log (1− pi,c)

]
,

(2)

where pi,c is the predicted probability of class c for the
i-th proposal, γ is a hyperparameter. Here, we use fo-
cal loss [27] instead of cross-entropy loss for better cal-
ibration [33], which smooths the distillation process dur-
ing continual learning. The overall segmentation loss is the
sum of objectness loss and classification loss, i.e., Lseg =
Lobj+Lcls. We jointly train two stages by minimizing Lseg.
During inference, we set an objectness threshold α at stage
1 to filter low confident prediction and feed high objectness
embedding to stage 2 for mask recognition.

3.3. Learning without Forgetting with CoMasTRe

Learning new classes by naively finetuning the model will
cause catastrophic forgetting. To alleviate this issue, our
CoMasTRe separately considers the distillation of both
stages. In this way, predictions on base classes can also
be preserved when learning new classes.

3.3.1 Objectness Distillation

As shown in Fig. 3 (a), we first train the model with bipar-
tite matching and get matched positional embeddings and
unmatched ones. However, the objectness scores of un-
matched ones quickly diminish as the ground truth does not
contain masks from old classes, resulting in incorrect ob-
jectness scores on old classes. Thus, we introduce object-
ness score distillation with Los−kd to preserve objectness
scores learned in previous steps. Moreover, in spite of the
robust nature of objectness, could we further improve the
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objectness during continual learning? To answer this ques-
tion, we propose another two distillation losses Lmask−kd

and Lpe−kd for mask proposals and position embeddings,
respectively (see Fig. 3 (b)). Following previous meth-
ods [3, 25], we distill the outputs from the last step model
to mitigate the objectness forgetting on old classes.

Formally, we denote unmatched mask proposals as
Mu = {mu

1 , . . . ,m
u
N−M} and objectness scores as

Su = {su1 , . . . , suN−M}, which are the corresponding
outputs from unmatched positional embeddings Eu

pos =
{eui , . . . , euN−M}. Additionally, the distillation process re-
quires the corresponding outputs from the last step model,
including mask proposals M̃u = {m̃u

1 , . . . , m̃
u
N−M}, ob-

jectness scores S̃u = {s̃u1 , . . . , s̃uN−M}, and positional em-
beddings Ẽu

pos = {ẽu1 , . . . , ẽuN−M}. We freeze the parame-
ters of the last step model during distillation.
Distill objectness scores. We use vanilla knowledge distil-
lation loss [19] to mitigate the diminishing of objectness
scores by minimizing Kullback-Leibler (KL) divergence
between the current unmatched objectness score Su and the
last step ones S̃u,

Los−kd = − 1

|Su|

|Su|∑
i=1

[
s̃ui log

sui
s̃ui

+ (1− s̃ui ) log
1− sui
1− s̃ui

]
.

(3)
As objectness scores play a key role during inference,

this distillation is designed to maintain the objectness scores
of previously learned mask proposals.
Distill mask proposals. To preserve the knowledge of the
mask proposals but also focus on proposals with high ob-
jectness scores, we reweight mask distillation with object-
ness scores. By distilling masks with low objectness scores,
we relax the case when objectness scores fail to indicate the
objectness, as we observe some mask proposals generalize
to unseen classes, but their objectness scores are low. The
mask distillation loss is defined as

Lmask−kd =

|Mu|∑
i=1

ωi∑|Mu|
i=1 ωi

Lmask(m
u
i , m̃

u
i ), (4)

where ωi = (s̃ui )
β , and β is a reweight strength hyperpa-

rameter.
Distill positional embeddings. Similar to mask distilla-
tion, we reweight position distillation when enforcing the
unmatched positional embeddings Eu

pos to be similar to the
last step ones Ẽu

pos. Here, we encourage high cosine simi-
larity between the current step ones and the last step ones,
which assists in preserving positional information for later
multi-label class distillation,

Lpe−kd =

|Eu
pos|∑
i=1

ωi∑|Eu
pos|

i=1 ωi

(1− cos(eui , ẽ
u
i )) , (5)

Last step task quries 

High-obj. pairs , 

Matched positional embeddings 

Positional embeddings 

Last step positional embeddings 

(b) Objectness distillation

GT instances
matching

(a) Match with GT

Select matched embededdings.
Then, select high objectness unmatched pairs.

(c) Class distillation

✓

✓

✗

✓✓

✗

✗ ✓

✓

Distill from unmatched queries

Distill from matched queries

, , 

Step 

Step 

Step 

Step 

0.95 0.21 0.040.920.97

✗

Step 

Step 

Figure 3. Learning without forgetting with CoMasTRe. To
tackle catastrophic forgetting, CoMasTRe separated the distilla-
tion process into two stages, including objectness distillation and
class distillation. We perform bipartite matching first, as in (a).
Then, we distill the knowledge of objectness for remaining em-
beddings, as in (b). Finally, we select positional embeddings for
the class distillation if they match with ground truth or have high
objectness scores at the last step. The class knowledge is distilled
from both matched and unmatched positional embeddings with a
class decoder and task-specific classifiers, as in (c).

where cos(·) means cosine similarity.
Finally, we distill the objectness by minimizing

Lobj−kd = Los−kd + Lmask−kd + Lpe−kd.

3.3.2 Class Distillation

As the segmentation is decoupled to a recognition task at
the second stage, the continual learning of the second stage
is essentially continual multi-label classification. We dis-
cuss class distillation in two scenarios: (i) distilling the class
prediction from the last step high-objectness embeddings
unmatched with GT, and (ii) distilling the class knowledge
from matched embeddings (see in Fig. 3 (c)). During class
distillation, we freeze the parameters of the last step model.
Distill from unmatched queries. This scenario is simi-
lar to the pseudo-labeling of the old classes but in a soft
way, minimizing the KL divergence between the class prob-
ability of the current step and the last step. Given the last
step unmatched embeddings Ẽu

pos, we select n embeddings
with high objectness score Ẽh

pos = {ẽui | s̃ui > α} ∈
Rn×d, where α is high objectness threshold. The corre-
sponding current step embeddings Eh

pos are also selected.
After class decoding, we obtain the last step class logits
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{z̃hi }ni=1 and the current ones {zhi }ni=1. The knowledge dis-
tillation loss is enforced on the probability of old classes
C1:t−1, i.e., Lu

cls−kd = 1
n

∑n
i=1 DKL(p

h
i ∥p̃hi ), where phi =

softmax(zhi ) and p̃hi = softmax(z̃hi ) are the current step
old class probability and the last step one decoded from i-th
positional embedding. DKL(·) denotes KL divergence.
Distill from matched queries. For new samples, we con-
sider its last step model prediction as the prior knowledge
to mitigate forgetting. To extract the knowledge, we reuse
the currently matched embeddings Em

pos and get the old class
probability activated by softmax {pmi }Mi=1. Additionally, we
decode Em

pos using the last step model, obtaining the last
step probability {p̃mi }Mi=1 as the target distribution. Dur-
ing training, we minimize matched class distillation loss
Lm
cls−kd = 1

M

∑M
i=1 DKL(p

m
i ∥p̃mi ).

In total, we preserve class knowledge by minimizing
Lcls−kd = Lu

cls−kd + Lm
cls−kd. Besides, we follow prior

classification works [13, 54] and use an auxiliary loss
Lcls−aux with a similar purpose to previous continual seg-
mentation methods [36, 40]. It encourages more discrim-
inative classification of similar classes by learning to pre-
dict a merged old class and new classes (1 + |Ct| classes
in total) at each step. Together with segmentation loss, the
loss of CoMasTRe is L = Lseg + Lkd + Lcls−aux, where
Lkd = Lobj−kd + Lcls−kd.

4. Experiments
4.1. Setup

Datasets. Following standard continual segmentation base-
lines [3, 12, 36], we evaluate semantic segmentation per-
formance of CoMasTRe on PASCAL VOC 2012 [14] and
ADE20K [63]. PASCAL VOC 2012 is a relatively small
dataset with 20 object classes and background class, con-
taining 10,582 samples for training and 1,449 for validation.
ADE20K is a large-scale semantic segmentation dataset
with 150 annotated classes, containing 20,210 and 2,000
samples for training and validation.
Continual Segmentation Protocols. Continual segmenta-
tion protocols include sequential, disjoint, and overlapped,
where all of them split the segmentation into T steps, and
each step aims to learn a unique set of classes. The sequen-
tial is the easiest, as the training set contains the ground
truth of each pixel. In contrast, the disjoint annotates past
classes as background and excludes any training pixel be-
longing to future classes. The overlapped is the most chal-
lenging and realistic one, where the dataset only contains
the ground truth of current classes, but both past and future
classes are annotated as background. Following previous
works [5, 12, 36], we adopt the overlapped in benchmarks.

We evaluate CoMasTRe in 6 settings, 3 on PASCAL
VOC and 3 on ADE20K. Here, we use the B-I notation in
the paper, where B and I denote the number of base classes

and incremented classes per step. Then, the number of total
steps T = 1 + (|C| − B)/I . For example, 15-1 on VOC
means we start the learning process at 15 base classes, then
continually train the model for 5 steps, one new class per
step. In this way, the 3 settings on PASCAL VOC are (i)
19-1, 2-step learning starting with 19 classes and following
1 class, (ii) 15-5, 2-step learning starting with 15 classes
and following 5 classes, and (iii) 15-1, consisting 6 learn-
ing steps with 15 classes at first and following 5 steps with
one class each step. Similarly, the settings on ADE20K are
100-50, 100-10, and 100-5. Note that the longer the learn-
ing process, the harder it is to tackle forgetting.
Metric. We evaluate semantic segmentation performance
using mean intersection over union (mIoU). In continual
learning settings, the mIoU of base classes C1 and incre-
mented classes C2:T are also measured. The base class per-
formance measures the stability of the model, while the in-
cremented one reflects the plasticity. Additionally, follow-
ing [5, 12, 36], we report the average mIoU of all learning
steps as avg to evaluate the entire continual learning pro-
cess. We denote joint as the joint training of all classes.
Implementation details. Following the previous contin-
ual segmentation benchmarks [3, 5, 12], we use ImageNet-
pretrained ResNet101 [18] as the backbone. The pixel de-
coder in CoMasTRe is identical to the Mask2Former [10]
one, the mask decoder consists of L = 9 Transformer de-
coder blocks, and the class decoder consists of one block.
We set the number of positional queries N to 20 and 100 for
PASCAL VOC and ADE20K, respectively. During train-
ing, we follow the Mask2Former [10] hyperparameters. We
use AdamW [30] optimizer with an initial learning rate of
1× 10−4 and weight decay of 0.05 and apply a polynomial
learning rate schedule. We train the model with a batch size
of 16 for 20K iterations on PASCAL VOC and 160K iter-
ations on ADE20K at the first learning step. In later steps,
we half the learning rate to 5 × 10−5 and train for 1,000
iterations per class on VOC and 500 iterations per class on
ADE20K. The images are augmented with random rescal-
ing, flipping, and color jittering then cropped to 512 × 512
resolution. We set reweight parameters γ and β to 2.0.
To evaluate the IoU of background during continual learn-
ing, we use the panoptic inference from Mask2Former [10].
During inference, we set the high objectness threshold α as
0.8. Following CoMFormer [5], we use single-scale infer-
ence, and no replay is involved throughout training.

4.2. Quantitative Evaluation

We compare CoMasTRe with state-of-the-art continual seg-
mentation methods on PASCAL VOC 2012 and ADE20K.
Qualitative results are available in supplementary materials.
PASCAL VOC 2012. We compare our method with previ-
ous state-of-the-art methods on the 3 settings on PASCAL
VOC: 19-1, 15-5, and 15-1 in Tab. 1. In general, CoMasTRe

3853



Table 1. Comparison with previous best methods on PASCAL VOC 2012 in mIoU (%). The highest and the second highest results are
marked in bold and underline. ∗ means results from our re-implementation.

Paradigm Method 19-1 (2 tasks) 15-5 (2 tasks) 15-1 (6 tasks)
1-19 20 all avg 1-15 16-20 all avg 1-15 16-20 all avg

Per-Pixel

MiB [3] 71.43 23.59 69.15 73.28 76.37 49.97 70.08 75.12 34.22 13.50 29.29 54.19
SDR [32] 68.52 23.29 66.37 71.48 75.21 46.72 68.64 74.32 43.08 19.31 37.42 54.52
PLOP [12] 75.35 37.35 73.54 75.47 75.73 51.71 70.09 75.19 65.12 21.11 54.64 67.21
REMINDER [36] 76.48 32.34 74.38 76.22 76.11 50.74 70.07 75.36 68.30 27.23 58.52 68.27
RCIL [57] — — — — 78.80 52.00 72.40 — 70.60 23.70 59.40 —
Joint 77.45 77.94 77.39 — 78.88 72.63 77.39 — 78.88 72.63 77.39 —

Query

CoMFormer∗ [5] 75.35 24.06 72.91 75.46 74.68 48.47 68.44 72.97 48.97 23.28 48.18 64.16
Joint 77.09 71.39 76.82 — 78.60 71.12 76.82 — 78.60 71.12 76.82 —

CoMasTRe (ours) 75.13 69.51 74.86 76.66 79.73 51.93 73.11 75.97 69.77 43.62 63.54 70.63
Joint 78.57 68.32 78.08 — 80.83 69.28 78.08 — 80.83 69.28 78.08 —

Table 2. Comparison with previous methods on ADE20K in mIoU (%). The 1st and 2nd highest results are marked in bold and underline.

Paradigm Method 100-50 (2 tasks) 100-10 (6 tasks) 100-5 (11 tasks)
1-100 101-150 all avg 1-100 101-150 all avg 1-100 101-150 all avg

Per-Pixel

MiB [3] 40.50 17.20 32.80 37.30 38.30 11.30 29.20 35.10 36.00 5.70 26.00 32.70
SDR [32] 40.52 17.17 32.79 37.31 37.26 12.13 28.94 34.48 33.02 10.63 25.61 33.07
PLOP [12] 41.87 14.89 32.94 37.39 40.48 13.61 31.59 36.64 35.72 12.18 27.93 35.10
REMINDER [36] 41.55 19.16 34.14 38.43 38.96 21.28 33.11 37.47 36.06 16.38 29.54 36.49
RCIL [57] 42.30 18.80 34.50 — 39.30 17.60 32.10 — 38.50 11.50 29.60 —
Joint 44.34 28.21 39.00 — 44.34 28.21 39.00 — 44.34 28.21 39.00 —

Query

CoMFormer [5] 44.70 26.20 38.40 41.20 40.60 15.60 32.30 37.40 39.50 13.60 30.90 36.50
Joint 46.90 35.60 43.10 — 46.90 35.60 43.10 — 46.90 35.60 43.10 —

CoMasTRe (ours) 45.73 26.02 39.20 41.62 42.32 18.42 34.41 38.41 40.82 15.83 32.55 38.64
Joint 48.48 36.11 44.36 — 48.48 36.11 44.36 — 48.48 36.11 44.36 —

significantly outperforms query-based CoMFormer [5] and
surpasses per-pixel baselines on incremented classes by a
large margin. On 19-1, CoMasTRe shows off its strong
plasticity in learning new classes, with 32.16 percent points
(p.p) improvement while maintaining the knowledge of old
classes. On 15-5, our model is on par with RCIL [57] on
new classes while exceptionally great at maintaining old
class performance, even surpassing the joint upper bound
of per-pixel baselines by 0.85 p.p. 15-1 is much more dif-
ficult and involves 6 learning steps. However, CoMasTRe
still beats RCIL with 4.14 p.p uplift on all classes. Overall,
we strikes a balance between stability and plasticity.
ADE20K. As shown in Tab. 2, we report the results
on ADE20K in 100-50, 100-10, and 100-5. In general,
CoMasTRe outperforms previous state-of-the-art CoM-
Former [5] in each setting by 0.8 p.p, 2.11 p.p, and 1.65
p.p on all classes, respectively. In 100-50, our method
shows competitive performance with CoMFormer on incre-
mented classes but with 0.8 p.p gain on all classes thanks
to its higher upper bound. For longer learning processes,
CoMasTRe reaches a comparable performance with RE-
MINDER [36] on new classes but significantly boosts base
class mIoU (3.36 p.p in 100-10 and 4.76 p.p in 100-5).
Compared with CoMFormer, our CoMasTRe also learns
better new classes with 2.82 p.p improvement in 100-10 and

2.23 p.p in 100-5 while preserving better old class knowl-
edge, with 1.72 p.p and 1.32 p.p gains, respectively.

4.3. Ablation Studies

Joint training results. To resolve scalability concerns
on mask-only matching, we demonstrate the joint per-
formance of CoMasTRe, i.e., single-shot training on all
classes. We compare the segmentation performance in
mIoU on PASCAL VOC and ADE20k using ResNet50
(R50) and ResNet101 (R101) backbones in Tab. 3. The
results show that CoMasTRe achieves comparable perfor-
mance with Mask2Former and outperforms the previous
continual model CoMFormer by ∼1.2 p.p on ADE20K.
Objectness transfer ability analysis. To study the trans-
fer ability of objectness, we first pretrain a stage 1 mask
decoder on modified COCO 2017 [26], where instances of
the classes appearing in PASCAL VOC are removed to pre-
vent information leaks. Then, we transfer the stage 1 and
continually train it on 15 base classes of VOC with object-
ness distillation. Finally, we follow standard procedures by
training 1 class per step. As shown in Tab. 4, compared
with the model trained on VOC only, we get 1.34 p.p per-
formance uplift on all metric in PASCAL VOC 15-1 setting,
indicating the strong transfer ability of objectness.
Effectiveness of objectness distillation. We ablate object-
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Table 3. Semantic segmentation results mIoU in joint setting. Fol-
lowing continual settings, we use panoptic-style inference. The 1st

and 2nd highest results are marked in bold and underline.

Method Backbone Datasets
VOC ADE20k

Mask2Former [10] R50 79.73 43.28
R101 80.04 43.51

CoMFormer [5] R50 76.01 42.58
R101 76.82 43.10

CoMasTRe (ours) R50 77.84 43.97
R101 78.08 44.36

Table 4. Objectness transfer ability results in PASCAL VOC 15-1
setting. For transfer learning, we continually train on VOC using a
stage 1 mask decoder pretrained on COCO (w/o PASCAL classes).
Otherwise, the model is trained on VOC only without pretraining.

Transfer 1-15 16-20 all avg

✓ 70.72 46.18 64.88 71.34
✗ 69.77 43.62 63.54 70.63

Table 5. Objectness distillation results in PASCAL VOC 15-1 set-
ting, where Lmask−kd for mask distillation, Los−kd for objectness
score distillation, Lpe−kd for position distillation.

Lmask−kd Los−kd Lpe−kd 1-15 16-20 all avg

✓ 13.14 35.42 18.44 47.43
✓ 63.75 37.97 57.61 62.72

✓ ✓ 66.23 38.57 59.64 64.61
✓ ✓ ✓ 69.77 43.62 63.54 70.63

ness distillation components with optimal configuration on
other parts. The ablation is conducted in four cases: (1)
Lmask−kd for mask only, (2) Los−kd for objectness score
only, (3) Lmask−kd+Los−kd for mask and objectness score,
and (4) Lmask−kd + Los−kd + Lpe−kd for mask, object-
ness score, and position. As shown in Tab. 5, we report the
performance in PASCAL VOC 15-1 setting. By comparing
case 1 and 3, without Los−kd, base class mIoU degrades sig-
nificantly as the base objectness score diminishes. By com-
paring case 2 and 3, we observe slight forgetting of mask
proposals without Lmask−kd (∼2 p.p drop on all metric),
showing the forgetting robustness of mask proposals. The
position distillation aims for better alignment of localized
information and leads to better classification results, with
∼4 p.p all performance gain when comparing case 3 and 4.
Effectiveness of class distillation. We perform ablation in
VOC 15-1 setting by analyzing the effectiveness of Lu

cls−kd

and Lm
cls−kd in Sec. 3.3.2. The results in Tab. 6 indicate

Lu
cls−kd playing a pivotal role in alleviating forgetting, co-

inciding with pseudo-labeling in previous methods [5, 12].
With Lm

cls−kd, the forgetting issue is mitigated even further.
Effectiveness of stage 2 other components. As shown
in Tab. 7, under optimal distillation configurations, we in-
vestigate the contribution of stage 2 other components,

Table 6. Ablation results on class distillation in VOC 15-1 setting.

Lm
cls−kd Lu

cls−kd 1-15 16-20 all avg

✓ 34.63 42.36 36.47 53.92
✓ 65.24 39.53 59.12 64.23

✓ ✓ 69.77 43.62 63.54 70.63

Table 7. More ablation results on stage 2 components in PASCAL
VOC 15-1 setting, where “TQ” denotes task queries, “Aux” de-
notes auxiliary loss Lcls−aux, and “Focal” denotes focal loss Lcls.

TQ Aux Focal 1-15 16-20 all avg

59.30 25.96 51.36 59.44
✓ 63.66 29.32 55.48 62.45

✓ 65.21 35.53 58.14 63.93
✓ 66.43 40.20 60.18 64.72

✓ ✓ 67.91 38.41 60.89 65.06
✓ ✓ ✓ 69.77 43.62 63.54 70.63

including task queries (TQ), focal loss Lcls (Focal) in
Sec. 3.2.2, and auxiliary loss Lcls−aux (Aux) in Sec. 3.3.2.
Note that when not using task queries, one query is used
across all tasks; when not using focal loss, cross-entropy
is applied. We first ablate the improvements with each im-
provement only. First, with task queries, we get ∼4 p.p
improvement on all metric as they reduce the learning in-
terference between tasks. Second, the auxiliary loss as-
sists in learning without forgetting new classes similar to
old classes by increasing ∼7 p.p of all metric. Third, when
using the focal loss to smooth the class probability distribu-
tion, it facilitates the distillation process and results in ∼9
p.p mIoU gain. With all the improvements, we boost the
final performance by ∼12 p.p.

5. Conclusion
In this paper, we present CoMasTRe, a continual segmen-
tation framework by disentangling the challenging segmen-
tation problem to objectness learning and class recognition.
To leverage the properties of objectness, we propose a two-
stage query-based segmenter and distill objectness and clas-
sification knowledge separately to alleviate forgetting. Ex-
tensive experiments show that our method achieves con-
siderably better performance compared with state-of-the-art
methods on PASCAL VOC 2012 and ADE20K. For future
works, CoMasTRe provides a decoupled way to tackle con-
tinual semantic segmentation and could be extended to con-
tinual panoptic and instance segmentation.
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