SUBMITTED TO IEEE TRANSACTIONS ON MULTIMEDIA

Continual Attentive Fusion for Incremental
Learning in Semantic Segmentation

Guanglei Yang, Enrico Fini, Dan Xu, Paolo Rota, Mingli Ding*, Hao Tang,
Xavier Alameda-Pineda, Senior Member, IEEE, Elisa Ricci*, Member, IEEE

Abstract—Over the past years, semantic segmentation, similar
to many other tasks in computer vision, has benefited from
the progress in deep neural networks, resulting in significantly
improved performance. However, deep architectures trained with
gradient-based techniques suffer from catastrophic forgetting,
which is the tendency to forget previously learned knowledge
while learning new tasks. Aiming at devising strategies to coun-
teract this effect, incremental learning approaches have gained
popularity over the past years. However, the first incremental
learning methods for semantic segmentation appeared only re-
cently. While effective, these approaches do not account for a
crucial aspect in pixel-level dense prediction problems, i.e., the
role of attention mechanisms. To fill this gap, in this paper, we in-
troduce a novel attentive feature distillation approach to mitigate
catastrophic forgetting while accounting for semantic spatial- and
channel-level dependencies. Furthermore, we propose a continual
attentive fusion structure, which takes advantage of the attention
learned from the new and the old tasks while learning features
for the new task. Finally, we also introduce a novel strategy to
account for the background class in the distillation loss, thus
preventing biased predictions. We demonstrate the effectiveness
of our approach with an extensive evaluation on Pascal-VOC
2012 and ADE20K, setting a new state of the art.

Index Terms—Knowledge Distillation, Incremental Learning,
Semantic Segmentation.

I. INTRODUCTION

During the last decade, the emergence of deep learning
has led to several breakthroughs in many computer vision
and multimedia tasks. Semantic segmentation, the problem of
assigning a semantic label to each pixel in an image, is no
exception to this trend [1]. Sophisticated deep neural networks
such as fully convolutional networks (FCNs) [2] or dilated
convolution models [3], together with the availability of large
human-annotated datasets and powerful hardware, have led
to exceptional results on challenging semantic segmentation
benchmarks [2]-[7].

Guanglei Yang and Mingli Ding are with the School of Instrument Science
and Engineering, Harbin Institute of Technology (HIT), Harbin, China. E-mail:
{yangguanglei,dingml } @hit.edu.cn.

Enrico Fini, Paolo Rota, and Elisa Ricci are with the Department of
Information Engineering and Computer Science, University of Trento, Italy.
E-mail: {enrico.fini, paolo.rota, elisa.ricci}@unitn.it.

Dan Xu is with the Department of Computer Science and Engineering,
Hong Kong University of Science and Technology. E-mail: danxu@cse.ust.hk.

Hao Tang is with the Department of Information Technology and Electrical
Engineering, ETH Zurich. E-mail: hao.tang@vision.ee.ethz.ch

Xavier Alameda-Pineda is with the RobotLearn Group, INRIA. E-mail:
xavier.alameda-pineda@inria.fr.

Elisa Ricci is with the Deep Visual Learning group at Fondazione Bruno
Kessler, Trento, Italy.

*Corresponding authors.

(a) Input Image

(b) Attention (c) Ours (d) MiB [9] (e) GT

Fig. 1. Given an input image, by leveraging from attention maps (b) computed
with the proposed continual attentive fusion (CAF) module, our method
produces segmentation maps (c) more similar to ground truths (e) than those
computed with previous methods such as MiB [9] in (d).

Although deep learning models are approaching and even
exceeding human-level performance on numerous tasks, includ-
ing semantic segmentation, artificial neural networks encounter
serious difficulties in regard to incremental learning (IL).
In other words, they struggle to preserve past knowledge
when attempting to learn multiple tasks sequentially. This
is due to the well-known catastrophic forgetting issue [8],
which is the tendency of a deep network to forget previously
learned tasks. Unfortunately, this problem is intrinsic to the
optimization techniques (e.g., gradient descent) used to train
neural networks. Nonetheless, the ability to learn a sequence
of tasks is unarguably a highly desirable property of artificial
intelligent systems.

For this reason, IL has recently received considerable
attention, particularly incremental class learning (ICL), where
the ability of a model to discriminate current and past classes
simultaneously without knowing the task at test time is
evaluated. Over the past years, several works have proposed
ICL approaches, mostly focusing on image classification [10]-
[17], object detection [18], [19], image retrieval [20], [21] and
emotion recognition [22]-[24]. To date, much less attention
has been devoted to ICL for semantic segmentation. Recently,
Cermelli et al. [9] showed promising results by introducing
a distillation-based framework that accounts for background
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distribution shifts between tasks to prevent biased predictions.
Concurrently, recent studies have demonstrated the effectiveness
of attention mechanisms on semantic segmentation [25]-[28].
Although attempts were made to exploit attention for learning
tasks sequentially in the context of object classification [29]
and detection [19], they cannot be effectively adopted for
incremental semantic segmentation. In this paper, we bridge
this gap and propose the first attention-based ICL method for
semantic segmentation.
Our contributions can be summarized as follows:

We propose a novel deep architecture for ICL that embeds
a new continual attentive fusion (CAF) module. Given
the features of the current and previous models, CAF
produces structured self-attention weights to update the
current features. We demonstrate that this module by itself
significantly reduces catastrophic forgetting and leads to
improved segmentation maps with respect to previous
methods such as MiB [9] (see Figure 1).

We introduce a novel attentive distillation loss that
leverages both channelwise and spatial attention to transfer
more relevant knowledge into the current model. By
correctly weighting the importance of each channel, the
attentive distillation loss enables the model to maintain
its performance on old tasks without using any explicit
information from the past.

We devise a simple and effective method for improving the
balance between old classes and background probabilities
that only depends on the inferred ratio of old and new
classes in a given image, thus avoiding introducing
additional hyperparameters.

The proposed approach sets the new state-of-the-art on
two common datasets for ICL for semantic segmentation,
namely, Pascal-VOC 2012 [30] and ADE20K [31].

II. RELATED WORKS

Incremental Learning. Modern artificial neural networks are
haunted by the well-known catastrophic forgetting problem:
the tendency of neural models to severely degrade performance
on previous tasks when trained on new tasks. This issue has
been largely studied in the literature in the last few decades [8],
leading to a wide variety of IL approaches. According to [32],
prior art in this field can be organized into three categories:
replay-based methods [13], [14], [33]-[36], regularization-
based techniques [10]-[12], [29], [37] and parameter isolation-
based approaches [38], [39]. Replay-based methods consist of
storing [13], [14], [33], [40] or generating [34]-[36] examples
of the first task, which are then reused in subsequent learning
stages. Regularization-based methods either penalize changes
in a subset of parameters while learning on new tasks [11],
[12], [37], [41] or employ distillation to force the network not
to forget past knowledge [10], [17], [29]. Parameter isolation-
based approaches are built on the idea of having a task-specific
set of parameters. Despite the interest in the problem, the large
majority of the literature focuses on classification. A pioneering
work by Shmelkov et al. [18] exploited distillation [10] for
class discovery in detection. In this paper, we address ICL in
semantic segmentation.

Incremental Learning in Semantic Segmentation. Deep
learning has brought great progress in semantic segmenta-
tion [2]-[5], [42]. Despite the abundant literature on this task,
very few works are addressing ICL for this task [9], [43]-[46].
Moreover, these studies address the problem from different
perspectives and utilize contrasting experimental settings. For
instance, in [43], the authors were the first to study this task,
proposing an approach that operates both on the output and
on the intermediate representations of the segmentation model.
[45] presented a method to sample prototypical examples of
the old classes to be used as a rehearsal in the new task.
However, both [43], [45] assume that some information from
the previous task will be available during the training of
the second task. Other approaches [44], [46] described ICL
methods that are specialized for certain subfields (i.e., remote
sensing and computer assisted radiology and surgery), lacking
generality. More recently, [9] attempted to fix the semantic
distribution shift in the background class, showing a significant
performance boost. However, their approach operates at the
loss level, while network architectural changes to improve
segmentation maps are not considered. In contrast, in this paper,
we overcome several limitations of the previous literature and
propose a new architectural solution for rehearsal-free ICL in
semantic segmentation.

Attention Mechanisms. Several works considered attention
models within deep architectures to improve performance [47]-
[54]. Focusing only on pixelwise dense prediction, Chen et
al. [25] first described an attention model to combine multiscale
features learned by an FCN for semantic segmentation. Zhang
et al. [6] designed EncNet, a network equipped with a channel
attention mechanism to model global context. Similarly, Zhao
et al. [55] proposed accounting for pixelwise dependencies
by introducing relative position information across the spatial
dimension within the convolutional layers. Other works [27]
introduced attention to model contextual and semantic de-
pendencies. Zhong et al. [56] considered spatial and channel
interdependencies in their squeeze-and-attention network. Xu
et al. [26] described attention gates introduced to control the
message passing among variables, thus integrating attention into
a probabilistic model formulation. Our work differs significantly
from previous works since (i) we use spatial and channelwise
attention to help the network discover new classes and (ii)
attention also counteracts the semantic distribution shift of the
background class between the two tasks.

III. PROPOSED METHOD

The problem of image segmentation is that of inferring the
correct label s, for each pixel p in the input image X among
the available class labels S. For the sake of simplicity, all
images are assumed to be of the same size jxj = P. Tools
for semantic segmentation can vary significantly in nature,
but we will consider the general case of function y : X ¥
RISI P conceived to predict a probability distribution over the
class labels for each pixel of the input image, where X is the
input image space and ! are the parameters of this function.
More precisely, 1(X)[w;h;s] is supposed to represent the
probability of the pixel at position (w; h) in image X belonging



SUBMITTED TO IEEE TRANSACTIONS ON MULTIMEDIA 3

Fig. 2. The overall scheme of our approach at incremental learning sfEpe gray modules correspond to the network learned at the previous incremental
learning step, which is frozen at stepwhile the blue modules correspond to the network trained at 'st@ur three contributions, namely, continual attentive
fusion (CAF), attentive distillation losd(xp ) and balanced knowledge distillatioh § ), are highlighted in green.

to classs 2 S. Speci cally, the function approximator, can loss accounts for the overpresence of the background class.
be further divided into three subnetworks (see Figure 2): (ideed, when comparing old and new segmentation maps,
an encoder realized by a residual neural network that extratie new classes must be merged with the background, thus
a feature mapz, (i) a re nement model that projects theoverestimating the number of background pixels. We propose
features into a re ned versioh, and (iii) a classi er that a simple yet very effective method to rebalance the learning in
produces a probability distributiop over the class labels. TheSectionllI-C. In the following, we describe in detail our three
set of parameters can be learned with the help of training sentributions.

D X s P.

Traditionally, semantic segmentation considers a xed sgt Continual Attentive Fusion

of classesS. More recently, the community started looking at The continual attentive fusion (CAF) module is speci cally

learning these classes incantinuoussetup,i.e., cOnsidering concejved to compute self-attention from the features of the
a series ofincremental learning stepsndexed by . At each current IL step’ as well as from the previous stép 1. In

learning stgp, an extra set of categories is added to the Semaﬁrtéﬁ:tice, it is composed of two main blocks, with the purpose
segmentation task. In the following, we denote ®y 1 the ¢ (i) computing features independently for andz * and

set of classes learned —seen— before learning ‘stapd by iy fsing these features into a structured attention tensor. The
U the set of new —unseen- classes added at learning %%{bram of CAF is shown in Figure 3.

- The following holds:S = U [S- y andU\S- 1 = [. 14 compute the features to be fused, denoted bgndv™ 1,
This means that at every learning step, the size of the outt 45y inspiration from nonlocal neural networks [57]. Each
classi er increases W|t_h _respect to the_ previous learning St‘?rﬂ)ut feature mag is fed to three different 1 convolutional
Consequently, the training set at stegs denoted byD- layers. The output of the rst two convolutions is used to

X U ° apd the mfe.rence funct|o.n by, : X I RSTF. obtain a nonlocal self-attention tensor, which is then used to
The mde_:x also_applles to the various features_extracted Weight the output of the third convolution, thus obtaining
our architecture in Figure 2, namely, the convolutional featur§$,e nonlocal features correspondingzio ! andz " are denoted
z and the re ned features . byv !andv , respectively, and correspond to the upper and
There are three methodological contributions of the proposbdttom nonlocal blocks of Figure 3. The projected features
method. First, a continual attentive fusion module exploitorresponding t& ! andz are denoted by ! andv ,
the convolutional features of both tasks, * and z , to respectively, and correspond to the upper and bottom feature
compute a structured attention tensor used to transform re nement blocks in Figure 3.
consideringz ! (see Sectionll-A). At test time, where As stated above, the projected features are aggregated to
z 1 are unavailable, several strategies are evaluated in twmpute a structured attention tensor. To do so, we employ
experiments. Second, a self-attention feature distillation logsfusion module (see Figure 3) that rst concatenates the
that leverages both channelwise and spatial attention to trangfegjected features along the channel dimension and then feeds
more relevant knowledge into the current step. The loffsem to a convolutional layer to reduce the number of channels
acts on both the convolutional and the re nedh features by two, thus returning to the original amount. The output of the
(see Sectionll-B). Third, a balanced knowledge distillationfusion module is a tensar( %) containing the information
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Fig. 3. A detailed view of the CAF module. Nonlocal features 1 andv  are computed independently from the features of the two learning steps

andz via a series ofl 1 convolutions and matrix multiplications. After a fusion module, a channel attention vector and a spatial attention map are
computed and then aggregated via a tensor produitto a structured attention tensor. The elementwise product (cigjléziused to apply the attention to

the original features. A residual connection provides the updated feature mdjhe whole structure represents the architecture at training time, while red
background parts and the fusion module are discarded at test time.

coming from both models. Note that this module is used #tdatures tend to drift to a new con guration to discriminate
training time but can be skipped at test timezif 1 is not the classes of the task at hand, regardless of the type of
computed €.g., to reduce resource usage). precautions employed to avoid forgetting. Hopefully, some
The fusion tensoy 1) | is fed to two convolutional layers portion of the features will change substantially to adapt to
to extract a channelwise attention vector and a spatial attentitye new task, while most of them will remain reasonably
map via global average pooling (GAP) and channelwise averagese to their previous con guration. This undermines the

(ChA) operations, respectively: assumption that all the channels should be treated equally. We
e conjecture that this is a primary limitation to previous works
A Jw;h] = 1 (s vO )cw;h]; (1) in ICL for semantic segmentation. To overcome this issue,
C =1 we employ the squeeze-and-excitation (SE) module [58] to
generate channelwise attention as follows:
. 1 Coan
Agild = WH l(! e VO B Dowih; () ADci(m)= (1D (1™ AvgPool(m)); (5)

where! ¢» and! ¢, are the weights of the convolutions. Thevhere () and () represent the sigmoid and ReLU activation
attention vector and spatial map are used to construcfURICtioNs, respectively, anmh is a generic feature map we

structured attention tensor via a tensor product: use here as a placeholder. Note the superscript in the weight
matrices! ' and! I', meaning that those weights are specic
Ase=Acn Asp (3)  to the feature map input t&D ., ( ). For a generic feature map

g of dimensiondC; W; H], AD ¢4 () will be of size[C; 1;1].
Similarly, since the background is very complex and can
) o o excite features of other classes, context information is crucial
z =(1 + A vl W) =(1 + Ay As)vl 1)1 (4)  for semantic segmentation. We leverage the inferred probability
ddistributions of the classes in the background to improve
E&r\e distillation process. However, for the channels, it might

which is nally used, together with a residual connection, t
obtain the updated feature map:

In this way, the new features are computed via a structure
self-attention tensor, which is computed from an aggregati
of projected features from both the current and the previo
learning stepg andz !. Alternatives to this fusion step that
avoid usingz ! at test time are discussed in the experiment

g appropriate to let the network decide which parts of the
ackground are more important to distill. Hence, we utilize
gplf-spatial attention:

section. Pc 2
ji=1 M;
ADsp(m) = —p 12— ©6)
B. Attentive Feature Distillation = My

Many existing methods apply feature distillation to preservene size ofAD g, will be [1; W; H]. Spatial and channelwise
previous knowledge [10], [19], [29], [44]. Most of themayention are combined through a tensor product:
treat the channels in the feature map equall, channels

are weighted uniformly in the distillation loss. However, the AD(m)=(AD ¢cy(m) ADg(m)+1) m; @)
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where the second product is elementwise between two tensors
of the same size. OveralAD (m) weights the original tensor
with a structured and learned self-attention tensor. In our
framework, we use this formulation to distill knowledge from
the previous task into the new task, therefore de ning a
structured self-attention distillation loss:

Lap = kKAD(z) AD(z Y)kZ2+ kAD(h') AD(h 1)k2:

(8) (a) Disjoint
Very importantly,L op is applied to both features andh of
both the old and new incremental learning stéps1 and".

C. Balanced Knowledge Distillation

As mentioned, in the context of incremental learning in
semantic segmentation, distillation [59] plays a core role in
transferring knowledge from the old model into the new model,
mitigating catastrophic forgetting. A typical de nition for the
distillation loss is:

WeH iS¢ 1]

, l(X)[W; h; s] log . (X)[w; h; s]; Fig. 4. The statistical distribution of different classes under different steps in
’ ’ the VOC 2012 15-5 disjoint setting and overlapped setting.

(b) Overlapped

Lup =
w;h=0 s=0
where | (x)w;h;s]and , “(x)[w; h;s] are the probabilities anq gllows us to step further than what was proposed in [9]

of a pixel at position(h; w) belonging to class as inferred 5,4 weight the distillation as follows:

by the new and old models, respectively, whiles - is

a normalization factor. Lo = Lg + Ln; (12)

As;uming that the background class was part of the pr?"i%ﬁereLB andLy and the background and nonbackground
Iearmng stepB:- 1 2S- 4, we can decompose the previouggnyipytions to the unweighted distillation loss in (9).
loss into two contributions: from the backgroub@ and from
the other classek . During the learning of the previous stepD
: . N . Overall Loss

1, the pixels belonging to the classes unknown at sted ) . ] ]
but known at step, that is,U, are assigned to the background The two losses described in the previous sections are
class. This leads to an imbalancelig because ; ! is not Used, together with the standard supervised loss for semantic

aware of the new classes. To address this issue, [9] rewrigg&gmentation, to train the overall architecture. In more detail,
" as: the nal loss is expressed as:

p; (x)[h; w; s] s6 B 1 L=Lsegc+ aplLap+ bplp; (13)

o0 g ! W] s=B 1&10) where ap and p are the weights of the attention distillation

thus aggregating the new background clBsgogether with and knowledge distillation losses de ned in SectidiisB

the unseen classes to emulate the background class at th8"d!!-C., respectively, and seg is the supervised segmen-
previous learning steB 1. The opposite also holds, sincdation loss (pixelwise cross-entropy) previously de ned as

we assume that annotations for classes of previous time st lows:

" (x)[h; w;s] =

are not available and therefore belong to the background class H S
. ) . 2o 1 % R .

at step.. This has no |mpact on the distillation loss but on the Lsge= —— log ~ (X)[w; h; s]; (14)
supervised segmentation loss in (13). HW 120 s=0

According to Figure 4, even if the ne accounts for the here:
imbalance between the old and new probability distributiof% '€"€: .
for distillation, the background is usually the most represented- (yyh.w:sj= P CImwisl -~ S8 By
class by far. Thusl.g has a much stronger contribution to the s028- 4ff B'g ! COthiw;sT s = B\ils)

overall loss compared tby. As a consequence, the network te that th tout babilities d d h for th
basically ignores the information of old classes, preventﬂéo € that the oulput probabiliies de ned here for the
effective knowledge distillation. To overcome this issue, gmentapon loss are different from the output pr(_)b_abll_ltles
propose introducing a balancing parameteio reweight the de ned_ |n~the main paper for th_e background distillation
loss. While ™ aggregates the previous classes to the current

in uence betweerLg andL y in the distillation loss. Formally, .
; ; ; . background class (so that all previous classes become the
the expression of is written as: ) o
B _— background for the segmentation loss), the output probabilities
525, 1=1B g SOftmax AvgPool | “(x [s]) de ned in the paper” aggregate the new classes to the current
Softmax AvgPool ) L xX)[B- 1] ' background because the background at the previous incremental
(11) step includes the new classes.
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TABLE |
MEAN 10U ON THE PASCAL-VOC 2012DATASET FOR DIFFERENT INCREMENTAL CLASS LEARNING SCENARIOS INDICATES THAT RESULTS COME FROM
REIMPLEMENTATION.

19-1 \ 15-5 \ 15-1
Method Disjoint | Overlapped | Disjoint | Overlapped | Disjoint | Overlapped
1-19 20 | all | 119 20 | al | 115 16-20| all | 1-15 16-20| all | 1-15 16-20| all | 1-15 16-20| all
FT 5.8 12.3| 6.2 6.8 129| 7.1 11 33.6 9.2 2.1 33.1 9.8 0.2 1.8 0.6 0.2 1.8 0.6
PI [37] 5.4 14.1| 5.9 7.5 140| 7.8 1.3 34.1 9.5 1.6 333 9.5 0.0 1.8 0.4 0.0 1.8 0.4
EWC [11] 232 16.0| 229 | 269 140 26.3 | 26.7 37.7 | 29.4 | 24.3 355 | 271 | 03 4.3 1.3 0.3 4.3 1.3
RW [12] 194 15.7| 19.2 | 233 14.2| 229 | 17.9 36.9 | 22.7 | 16.6 349 | 21.2 0.2 5.4 1.5 0.0 5.2 1.3
LwF [10] 53.0 9.1 | 50.8 | 51.2 85 | 49.1 | 584 37.4 | 53.1 | 589 36.6 | 53.3 | 0.8 3.6 1.5 1.0 3.9 1.8
LwF-MC [13] | 63.0 13.2| 60.5| 64.4 13.3| 61.9 | 67.2 41.2 | 60.7 | 58.1 350 | 523 | 45 7.0 5.2 6.4 8.4 6.9
ILT [43] 69.1 164| 664 | 671 12.3| 644 | 63.2 39.5 | 57.3 | 66.3 40.6 | 59.9 | 3.7 5.7 4.2 4.9 7.8 5.7
MiB [9] 69.6 256| 674 | 70.2 221| 678 | 71.8 43.3 | 64.7 | 755 49.4 | 69.0 | 46.2 129 | 379 | 35.1 135 | 29.7
SDR [60] 708 31.4| 689 | 71.3 234|690 | 746 441 | 673 | 763 50.2 | 70.1 | 59.4 143 | 48.7 | 47.3 14.7 | 395
PLOP [61] 751 382 | 73.2| 75.0 39.1| 73.2 | 66.5 39.6 | 59.8 | 74.7 49.8 | 68.5| 49.0 13.8 | 40.2 | 65.2 224 | 545
Ours 755 308 | 73.3| 755 34.8| 734 | 729 42.1 65.2 | 77.2 499 70.4 | 57.2 15.5 46.7 | 55.7 14.1 | 45.3
Joint ‘ 77.4 78.0‘ 77.4 ‘ 77.4 78.0‘ 77.4 ‘ 79.1 72.6 ‘ 77.4 ‘ 79.1 72.6 ‘ 77.4 ‘ 79.1 72.6 ‘ 77.4 ‘ 79.1 72.6 ‘ 77.4
TABLE I

MEAN IoU ON THE ADE20K DATASET FOR DIFFERENT INCREMENTAL CLASS LEARNING SCENARIOS INDICATES THAT RESULTS COME FROM
REIMPLEMENTATION.

Vethod 100-50 \ 100-10 \ 50-50
etno
1-100  101-150| all | 1-100 100-110 110-120 120-130 130-140 140-150all | 1-50 51-100 101-150 all
FT 0.0 249 | 83 | 00 0.0 0.0 0.0 0.0 166 | 1.1 | 0.0 0.0 220 | 7.3
LwF [10] 211 256 | 226 0.1 0.0 0.4 2.6 46 169 | 1.7 | 57 129 22.8 | 13.9
LwF-MC [13] | 34.2 105 | 26.3| 187 25 8.7 41 6.5 51 | 143|278 7.0 104 | 15.1
ILT [43] 22.9 189 | 21.6| 03 0.0 1.0 21 4.6 107 | 14 | 84 9.7 143 | 108
Inc. Seg [62] | 36.6 0.4 | 246| 324 0.0 0.2 0.0 0.0 00 | 217 | 402 13 03 | 141
MiB [9] 379 279 | 346 318 10.4 14.8 128  13.6 187 | 259 | 355 222 236 | 27.0
SDR [60] 375 255 | 335| 289 - - - - - 232 | 42.9 - - 313
PLOP [61] 29.8 42 | 222 321 1.9 10.0 0.8 1.2 01 | 223|192 04 04 | 6.6
Ours 373 319 | 355| 39.0 14.6 22.0 254 121 131 | 31.8| 475 306 230 | 337
Joint | 44.3 282 | 389 443 26.1 42.8 26.7 28.1 17.3| 389 | 51.1 383 282 | 389
IV. EXPERIMENTS ADE20K [31] is a large-scale dataset with 150 classes. Dif-

. . . ferent from Pascal-VOC 2012, this dataset contains nonobject
In this section, we demonstrate the effectiveness of our

approach through extensive experiments on the two ublitg asses &.g, sky, building, wall). We create the incremental
PP 9 xP . P dtasetD: by splitting the whole dataset into disjoint image
available benchmarks for ICL in semantic segmentation.

sets without any constraint except ensuring a minimum number
of images (.e., 50) containing new classes. Obviously, each
A. Experimental Setups D- provides annotations only for current classes, while old and

Datasets.We consider two datasets in our experiments. Tﬁléture classes are annotated as the background. We report the

PASCAL-VOC 2012 dataset [30] contains 10,582 and 1,Mgean loU obtained by averaging the results as in [31], and we

in the trainina and validation sets. respectivelv. Pixels can gerform three different experiments: single-step addition of 50
. 9 . » €SP Y. Cfasses (100-50), multistep addition of 50 classes (100-10) and
associated with 21 different classes (20 plus the backgrouq &e steps of 50 classes (50-50)

Following [9], [18], [43], [44], we de ne two experimental ) ) )
settings: disjoint and overlapped. Following [43], the disjoirféaselines.We compare our method against previous ICL
setup assumes that the new set is disjointed from previougkpthods originally designed for image classi cation, fol-
used samples, €[ 0.k 1Dj \D k = ;). Following [18], Iowmg. [9]., namely, path mtegra_tl (PI) [37], elastic weight
in the overlapped setting each training step contains all tR@nsolidation (EWC) [11], and Riemannian walks (RW) [12].
images that have at least one pixel of a novel class, regardi¥é also compare our method with learning without forgetting
of what other classes are also included. It is important to kndgWF) [10] and its multiclass version (LwF-MC) [13]. Finally,
that in this case, training images may contain pixels of unse@§ consider previous ICL approaches for segmentaiien,
classes (thus labeled background). This setup is more reali$fi® [°]. ILT [43], SDR [60], and PLOP [61]. In addition to
since it does not make any restriction on the objects preséi state-of-the-art methods, we report results for ne tuning
in the images. Following previous work [9], [18], [43], we(FT) and joint training (joint). These results serve as a lower
perform three different experiments concerning the addition 8f'd upper bound. In FT, we train on the new task via simple
one class (19-1), ve classes all at once (15-5), and ve classd¥ tuning, while in joint a unique training of both tasks is
added one-by-one in alphabetical order (15-1), and report mdgformed.

loU. Implementation Details. We choose ResNet-101 [63] as our
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TABLE Il
ABLATION STUDY OF NETWORKS COMPONENTS ON THEPASCAL-VOC 2012DISJOINT 15-5SETUR PER-CLASS IOU OF THE EVALUATED METHODS WHEN
THE LAST FIVE CLASSES ARE ADDED ARE REPORTEDCAF DENOTES OUR CONTINUAL ATTENTIVE FUSION MODULE AD ATTENTIVE FEATURE
DISTILLATION, BKD THE BALANCED KNOWLEDGE DISTILLATION LOSS AND KD KNOWLEDGE DISTILLATION AS IN (9) AND (10).

Q£ o
e} o
= 8 © [ 5 - 53

$ ¢z 8 % g3 5 gz ¥z 5 g £ 2 2|28 £ ¢ g 2

Method © a a a a a S 3 S 3 o ° < € o € = G 2 = 2 1S
Baseline 706 335 735 592 66.6 491 726 747 286 348 433 726 707 699 | B3| 274 310 259 415 445 53.0
+ KD 779 369 811 653 734 542 801 824 316 384 477 801 780 77.1 (7834 | 30.3 342 286 458 49.1 585
+ BKD 791 375 823 663 745 550 814 837 321 390 485 814 792 783 |78&5| 30.7 347 291 465 49.8 59.4
+ AD 799 379 832 67.0 753 556 822 845 324 394 489 822 800 791 |[7841| 31.0 350 29.3 469 50.3 60.0
+ AD, BKD 833 395 867 698 785 580 857 882 338 411 511 857 834 825 [8ZBO| 324 365 30.6 49.0 525 62.6
+ CAF 854 405 889 716 805 594 878 903 346 421 523 87.8 855 845 |[8A197| 332 374 314 502 538 64.1
+ CAF, BKD 86.1 408 896 721 81.1 599 886 911 349 424 527 885 862 852 |88XB3| 335 378 316 506 54.2 64.6
+ CAF, AD 86.3 409 898 723 813 60.0 888 913 350 425 529 887 864 854 |88B5| 335 378 317 507 54.4 64.8
+CAF, AD, BKD 868 411 904 728 818 604 893 919 352 428 532 893 869 859 (8889 | 337 381 319 510 547 652

TABLE IV TABLE V

MIOU FOR DIFFERENT INCREMENTAL LEARNING SCENARIOS ABLATION STUDY OF OUR CONTINUAL ATTENTIVE FUSION ON THE
PASCAL-VOC 2012DISJOINT 15-5SETUP ANDADE DISJOINT 100-50

Method VOC 15-5 \ ADE 100-50 SETUR “BASELINE + KD” CORRESPONDS TO THE SECOND ROW IN

115 1620 all | 1-100 101150 all TABL"E 11, "P ROJECTION DENOTES THE FEATURE PROJECTI?N MODULE
onv Sen 1 796 eE AND “SAB” INDICATE THE STRUCTURED ATTENTION BLOCK “WITHOUT
nly Step . - - . - - ”
Fine Tuning 11 336 92| 00 219 63 CONTINUAL ATTENTIVE FUSION” INDICATES THAT THE ATTEN“TION
ours 729 421  652| 373 31.9 355 WEIGHTS ONLY DEPEND ON THE CURRENT MODULEWHILE IN “WITH

CONTINUAL ATTENTIVE FUSION” NEW AND OLD MODEL FEATURES ARE
FUSED WITH THE FUSION MODULE TO GENERATE THE ATTENTION WEIGHTS

backbone, DeeplLab-v3 architecture [64] as the re nement VOC 155 | ADE 100-50
model and nonlocal block [57] as the feature projection module. 115 1620 mioU| 1-100 101-150 mioU
We initialize our backbone with ImageNet pretraining [65] Without continual attentive fusion
and train the full network as in [64] for learning rate policy, Baseline + KD 654 376 585 379 279 346
. .. . + Projection 65.4 38.0 58.6| 36.5 31.3 34.8
momentum, and weight decay. We use an initial learning rate+ projection, sas 665 382 594 369 315 351
of 10 2 for the rst learning step and0 2 and 10 2 for the With continual attentive fusion
1 I _ + Fusion 70.7 38.7 62.7| 36.8 31.5 35.0
foIIowmg steps in the Pascal-vOC ?.012 and ADEZOK datasets,* oo projection o7 387 627 %68 35 350
respectively. We train the model with a batch size of 24 for 30 + Fusion, Projection, SAB (CAF) 71.7 412 641 37.3 319 355

epochs for Pascal-VOC 2012 and 60 epochs for ADE20K in

every learning step. For our lossp and ap are set to 10

and 1,000, respectively. We apply the same data augmentaigmi -42.7% on ADE20K) on the rst task after training the
of [64] and crop the images to 522512 during both training second task. In contrast, the performance of our method only
and testing. To set the hyperparameters of each method, qégreases by 6.7% on VOC and 5.4% on ADE20K, which
use the protocol of IL de ned in [9], [32], using 20% of thedemonstrates the effectiveness of our method for addressing
training set as validation. The nal results are reported on thRe issue of catastrophic forgetting.

standard validation sets. Ablation Study. We perform an ablation study on the VOC
) 2012 dataset to demonstrate the impact of each component of
B. Experimental Results our model. Table Il shows the variants of our method, obtained

We report some quantitative and qualitative results associatey gradually adding one component at a time. We decided
with our method, as well as the results of an ablation study, to use a very simple baseline, which takes no precautions
demonstrate the merit of our technical contributions. against catastrophic forgetting, apart from using the revisited
Comparison with State-of-the-Art Methods. Table | and cross-entropy lost seg as de ned in [9]. In the top part
Table Il compare our approach with state-of-the-art ICaf the table, we test different combinations of loss functions
methods. Looking at the results in Table |, it is clear thatithout considering the CAF module. Undoubtedly, according
in the case of the Pascal-VOC 2012 dataset, our methtodthe results, balancing knowledge distillation (BKD) (see
outperforms all the competitors in almost all the overlapped ais®ction|ll-C and (12)) increases the performance over the
disjoint settings, often by a large margin. Comparative results standard distillation loss formulation (KD). The results show
ADE20K are shown in Table Il. Our model exhibits competitivéhat attentive feature distillation (AD) mitigates catastrophic
performance in all tasks and often better performance theogetting signi cantly better than just distilling the output
the current art by several points. Only the last step of thobability distribution, improving the mloU by more than
100-10 task is associated with lower performance, but it 486. The model achieves the best performance when AD
compensated by far if we consider the overall task score. and BKD are combined. In the bottom part of Table Ill, we
Demonstration of Catastrophic Forgetting. The catastrophic report the same experiments but at this time activate our CAF
forgetting phenomenon is clearly shown in Table |V. Fingnodule. Interestingly, when no IL technigue is used to alleviate
tuning suffers from catastrophic forgetting (-78.5% on VOGEatastrophic forgetting, adding the CAF module dramatically
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Fig. 6. The mloU of the method for different values of the loss weights on
Fig. 5. Ablation study: comparison of different strategies for using the fusidh® VOC2012 dataset (19-1 disjoint setup). (@ is xed at 1,000. (b) o
module (setting 15-5, top: old categories, bottom: new categories). The cur{®sxed to 10. The black line denotes the overall mioU, the red dashed line
refer to the concatenation uf and zero padding (purple), to the concatenatioﬁ‘d'cates the old class mloU, and the blue dashed line indicates the new class
of v andv’ 1 (yellow) and to skipping the fusion module and using MIoU.
(red).

TABLE VII
TABLE VI ABLATION STUDY ABOUT APPLIED POSITION ONPASCAL- VOC 2012
ABLATION STUDY ON ATTENTION METHODS ONPASCAL-VOC 2012. FD DATASET.
DENOTES NORMAL FEATURE DISTILLATION (WITHOUT ATTENTION).
A 15-1 disjoint 19-1 disjoint
Combination
Method 15-5 disjoint 19-1 disjoint 1-15 16-20 all 1-19 20 all
1-15 1620 al 119 20  al z + h 572 155 467 755 308 733
Baseline 593 341 53.0 697 247 674 h- 56.2 152 459 743 296 721
+ FD 632 395 573 603 163 58.1 z 56.4 15.3 46.1 748 301 725
+AD sp 715 427 643 742 292 719
+ AD cH 105 112 106 1.7 162 24

+ADsp & AD cH 725 416 648 751 30.0 7é.8

Hence, in Figure 5, we show different solutions for using
the fusion module at test time. Possible strategies include
increases the accuracy (+11%). As before, both BKD and Al) skip: completely skipping the fusion module at test time,
further improve performance, and the whole model outperforme. passing only  to subsequent layers; (ipadding zera
all the other variants. concatenatingg  with a zero-padding vector of the same size
In addition, we also show the results of an ablation studyd evaluating the fusion module; (ifpncat concatenating
on the structure of the CAF module in Table V. First, iv andv ! at training time. To compare the performance of
the top block, we show that our architectural modi cationthese strategies, we evaluate the accuracy of the network on
(feature projection module, structured attention block) haw®th new and old classes every three epochs during the training
minimal impact if not used in composition with continualrajectory of the second task (15-5 setting). Interestingly, we
attentive fusion, showing less than 1% improvement. Insteadphtain comparable overall performance when skipping the
signi cant improvement (approximately 4%) is achieved usinfusion module (strategy (i)), while zero-padding seems slightly
a continual attentive fusion scheme (fusion module is actigeboptimal. Additionally, it is important to note that at the
at training time). Moreover, feature projection and SAT seebeginning of the training, concatenating old and new features
to be more helpful when used in combination with CAF. Thibrings great performance improvements on the old classes,
evidence suggests that the improvement does not come fromutele the difference is negligible at convergence. It validates
additional parameters introduced in the feature projection atitk idea that the old model is helping the new model through
structured attention block. If that were the case, the performarzentinual attentive fusion, transferring valuable information that
would be boosted even without using the old model. Rather,tite hew model then uses to counteract catastrophic forgetting.
is clear that the information transfer between the two models lowever, as expected, the accuracy is unchanged when using
the CAF module is the real catalyst that mitigates catastroplioncatenation on the new classes. This is reasonable since the
forgetting. old model does not possess any knowledge of the new classes
Finally, we also analyze strategies for minimizing thand therefore cannot help the hew model.
computational complexity and the memory usage at teSensitivity analysis of ap and p. We provide a more
time. In particular, we believe that a truly continual learnghorough analysis of the loss weighting parameteys and
should retain only one model, .e., the old model used fop; see Figure 6. We evaluate the average loU of our method
distillation and continual attentive fusion should be discardddr different values of the loss weights around the working
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(&) Input Image (b) ILT [43] (c) MiB [9] (d) Ours (e) Ground Truth

Fig. 7. Qualitative results on the VOC 2012 dataset 19-1 (the rst ve rows) and 15-5 (the last six rows). They show the superiority of our approach on both
new (e.g.train) and old é.g.car, cow, bus) classes.

point. We can see thatap is more of a critical choice than Attentive Feature Distillation Impact. In this section, we

b. Indeed, the operating region ofp is approximatelyl0®, deeply analyze the effect of our attentive feature distillation.
while the operating region ofp is much larger, and its choice The results are shown in Table VI. In the table, FAD sp
does not have much impact as long as it is kept belév ~ andAD ¢y denote normal feature distillation without attention,



SUBMITTED TO IEEE TRANSACTIONS ON MULTIMEDIA 10

(&) Input Image (b) ILT [43] (c) MiB [9] (d) Ours (e) Ground Truth

Fig. 8. Qualitative results on the ADE20K dataset using the 100-50 setup. The image demonstrates the superiority of our approach orelaptekyew (
grass, wall) and oldg(g. paint, pool, building) classes.

spatialwise attentive feature distillation, and channelwise attém-Figures 7 and 8. We found that CAF not only preserves

tive feature distillation, respectively. According to Table Vimore knowledge on the old classes with respect to MiB and

adding only channelwise attentive feature distillation leads tbT but also produces accurate segmentations for the objects
training failure, while spatialwise attentive feature distillatiof the new categories.

signi cantly improves the performance. The training failure Figure 9 shows the predictions for both MiB and our method
phenomenon with channelwise attention is caused by collapsigg vOC 15-1 across time. It seems clear that MiB quickly
features in the same attention layers. We believe that fggets the previous classes and becomes biased toward new
structured attention block prevents this collapse because #Msses. In contrast, our method's predictions are much more
interaction between the channelwise and spatial attentigiaple, owing to the CAF module for alleviating catastrophic
makes it easier for the model to leverage channel mformaﬂ@@Fgetting by spatially constraining representations and to
Additionally, a combination of both attentive feature distillationyttentive feature distillation for dealing with the background
further boosts the result. This proves that the performanggift. To analyze the relationship between continual attentive
improvement is not due to complex attention modules suglision and incremental learning, we show the qualitative results
as the squeeze-and-attention module but the choice of githur attention on the VOC 15-1 disjoint task in Figure 10. In
appropriate attention module and a suitable combinatigtail, the rst and third rows show the networks' attention on
Moreover, we also run a position sensitivity analysis of attentiveych step, while the second and fourth rows show the known
feature distillation in Table VII. According to the results, Wgseen) classes on each step. According to Figure 10, due to
choosez + h- as the input of attentive feature distillationthe continual attentive fusion, our model can keep focusing
for all eXperlmentS. The results also con rm that using thgn the old classes. When a new class is introdum p|ant’

old model ~ * during training can signi cantly improve the television), the model can focus on the new object without
performance compared to only using. Furthermore, using |osing attention for the old objects.

the CAF module without the old model does not improve
performance, suggesting that the improvement does not co
from the additional parameters introduced in the CAF modu &

Figure 11 shows examples of the attention maps that our
Sdel learns on ADE20K (50-50 setting). It is quite clear that
e network can focus on regions containing objects of the
Qualitative Results. The qualitative results associated withold classes (person, chair, building) as well as new classes
our method on the ADE20K and VOC 2012 datasets are sho{gideboard, animal, shower).
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Fig. 9. Visualization of MiB and our method predictions across time in VOC 15-1 for two test images.

Fig. 10. Visualization of our method's attention across time in VOC 15-1 for two test images. The IoU is calculated between the old class ground truth and
the attention map (Threshold=0.5).
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