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VOC 2012 dataset.

Weakly supervised semantic segmentation (WSSS) has gained significant popularity as it relies only on
weak labels such as image level annotations rather than the pixel level annotations required by super-
vised semantic segmentation (SSS) methods. Despite drastically reduced annotation costs, typical feature
representations learned from WSSS are only representative of some salient parts of objects and less re-
liable compared to SSS due to the weak guidance during training. In this paper, we propose a novel
Multi-Strategy Contrastive Learning (MuSCLe) framework to obtain enhanced feature representations and
improve WSSS performance by exploiting similarity and dissimilarity of contrastive sample pairs at im-
age, region, pixel and object boundary levels. Extensive experiments demonstrate the effectiveness of our
method and show that MuSCLe outperforms current state-of-the-art methods on the widely used PASCAL
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1. Introduction

Deep learning (DL)-based semantic segmentation is a well-
established computer vision task that has been widely used in var-
ious pattern recognition applications, e.g., autonomous driving [1],
medical imaging [2] and satellite image analysis [3]. However, gen-
eralising DL models to wider applications is difficult since they re-
quire high-quality pixel-level annotations that are costly to obtain.
One way to address this issue focuses on how to distill and trans-
fer knowledge from either pre-trained networks [4-6] or intrinsic
data connections [7], while another is to develop weakly super-
vised methods that use inexpensive weak labels to achieve fine-
grained tasks. In particular, weakly supervised semantic segmen-
tation (WSSS) approaches use coarse labels, typically image-level
annotations, to achieve pixel-wise semantic segmentation [8-10].

Since the introduction of class activation maps (CAMs) [8], a lot
of effort has focused on improving DL-based WSSS. One type of
approach is to introduce extra cues, such as saliency maps [11,12],
scribbles [13], or bounding boxes of objects [14], to yield stronger
constraints to supervise the learning. Another group of methods

* Corresponding author.
E-mail address: H.Fang@lboro.ac.uk (H. Fang).

https://doi.org/10.1016/j.patcog.2022.109298

utilise either global context correlations [10] or local pixel correla-
tions [9,15] to enhance image level WSSS.

Despite continuously improved performance of image level
WSSS methods, most approaches focus on maximising inter-
class variations of feature representations belonging to differ-
ent classes [9,11,16]. Consequently, their segmentation results only
identify the most salient parts of objects since these are suffi-
cient to optimise their defined loss functions. Although some re-
cent work explores pixel correlations [10] or sub-category cluster-
ing in feature space [17] to enhance object representations, the dis-
tinctiveness between contrastive object sample pairs is still under-
explored.

Inspired by recent success of contrastive learning frame-
works [18-20], in this paper, we propose a multi-level contrastive
learning strategy to further enhance both the feature represen-
tation and mapping function of image-level WSSS by embedding
contrastive learning metrics at image, region, pixel and object
boundary levels. As illustrated in Fig. 1, we use image level con-
trast between different objects as well as region and pixel level
contrast extracted from overlapping regions of the same objects to
improve the object feature representation. We further propose a
boundary-based contrast extracted from the pseudo labels to en-
hance our decoder for better segmentation. Overall, the contribu-
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Fig. 1. Our proposed MuSCLe framework, composed of an MCL encoder and a BEACON decoder, exploits different levels of contrast information to enhance both the feature
representation extracted from the encoder and the mapping function of the decoder for better WSSS performance. CAM=class activation map; SAM=spatial attention module;

BiFPN=bi-directional feature pyramid network.

tions of our Multi-Strategy Contrastive Learning (MuSCLe) frame-
work for WSSS are:

o We propose a multi-contrast learning (MCL) encoder to im-
prove both the generalisation and distinctiveness of object fea-
ture extraction. In addition to the classification loss term used
in a typical WSSS method, we explore image level contrast
(IMC), pixel level contrast (PIXC), and pairwise regional contrast
(PRC) based on overlapping regions of paired randomly cropped
object patches to enhance the encoder representation.

e We design a novel boundary-based contrastive learning

method, Boundary Enhancement viA Contrastive Orientation

Navigation (BEACON), to enhance the decoder by learning fea-

tures across boundaries extracted from pseudo masks, which

are derived from our improved activation maps.

Extensive experiments show that MuSCLe outperforms current

state-of-the-art methods in WSSS on the PASCAL VOC 2012

dataset [21].

Our code is made available at https://github.com/SCoulY/
MuSClLe.

2. Related work
2.1. Weakly supervised semantic segmentation

WSSS refers to segmenting semantic objects in images at
the pixel level when only weak labels are available for train-
ing [10,11,15]. Our focus in this paper is to perform WSSS with only
the weakest supervision cue in the form of image labels rather
than additional cues such as saliency maps [11,12], scribbles [13],
or bounding boxes [14].

To achieve pixel level semantic segmentation from image level
annotations, [11] is one of the pioneering works to use saliency
maps generated by a classification network as seeds (i.e., pseudo
labels) to guide the training of a segmentation network. To en-
hance initial seeds, some recent approaches utilise class activa-
tion maps as pseudo labels [8]. However, early CAM methods
only highlight the most distinctive parts of objects, leading to
insufficient segmentation performance. To address this, follow-
up works introduce gradient-refined CAMs [22] and class-aware
cross-entropy loss [23] to improve CAM performance. More re-
cent approaches explore adversarial erasing [24], adjacent affinity
transformations [9,15], self-supervised attention [10], sub-category
mining [17], boundary exploration [16] and adversarial climb-
ing [25] to enhance the quality of pseudo labels. Most recently,
[12] and [26] perform online updates on the pseudo labels while
training through incremental checkpoints and decomposition of
classification and segmentation branches.

2.2. Contrastive learning

Contrastive learning [18] originates from self-supervised learn-
ing [27] and aims to learn generalised feature representations of
an image from positive and negative sample pairs. To further ex-
plore the pairwise contrast information of image level annotations,
[28] use image labels to improve the learned features by maximis-
ing the distances between paired samples belonging to different
classes (i.e., negative samples) while minimising the distances be-
tween same object pairs (i.e., positive samples).

Introduction of pixel level contrast allows to place constraints
on feature maps for better generalisation [29] and maintenance
of fine details [30]. Wang et al. [10] utilise pixel-level contrast
from positive samples after geo-transformations to extract so-
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called equivariant features, while [31] employ two feature maps
from different Siamese heads as two sets of marginal probability
distributions and the earth mover’s distance (EMD) to minimise
the distance between paired patches in the two sets.

Ke et al. [32] integrates four types of semantic relationships into
a uniform pixel-wise contrastive learning paradigm. However, their
low-level similarity relies on extra supervision from a pre-trained
edge detector and segmentation network to generate coarse seg-
ments, rendering the method inflexible and not image-label super-
vised only. In contrast, both our multi-strategy contrastive learning
framework and CAM refinement module are trained strictly with
image-level labels. Additionally, we impose contrastive constraints
not only at pixel-level, but also at image-, regional- and boundary-
levels.

2.3. Boundary enhancement

Exploitation of object boundaries is another promising option
to enhance WSSS performance. In [11], a constrain-to-boundary
loss is introduced to align a conditional random field (CRF) with
the output of the trained network to support more detailed object
segmentation[9]. propose an affinity network to generate consis-
tent outputs on pixels that share similar semantics by construct-
ing an affinity matrix to enhance object segmentation results, es-
pecially at boundaries. Ye et al. [33] leverages a set of guided mat-
ting filters to make edges sharper at body contours while fuzzier in
hair regions. The network designed in [15] predicts pixel displace-
ments and boundary probabilities to directly obtain an affinity ma-
trix for boundary enhancement, whereas in [16], boundary anno-
tations are extracted from an attention-pooling CAM and used to
train a boundary exploration net (BENet) to identify object bound-
aries. These boundary maps form constraints to propagate pixels
between salient semantic regions and their corresponding bound-
aries. Despite its effectiveness, various heuristic parameters need
to be set at the training stage to enable BENet to distinguish real
object boundaries from low-level edges.

3. Approach

In the following, after clarifying the motivation of our work,
we present our novel MuSCLe framework in detail, introducing its
multi-contrast learning (MCL) encoder and its Boundary Enhance-
ment viA Contrastive Orientation Navigation (BEACON) decoder.

3.1. Motivation

State-of-the-art WSSS methods use enhanced CAMs to gener-
ate pseudo labels in order to provide supervision on an encoder-
decoder-based network for semantic image segmentation. Inspired
by the recent success [19,34] of employing contrastive learning
to improve feature representations as well as to promote dense
downstream tasks’ performance (i.e., detection and segmentation),
we design a multi-level contrastive learning approach to enforce
constraints to learn more reliable feature representations and dis-
tinctive semantics at both encoder and decoder for better segmen-
tation. In particular, paired samples for contrastive learning are
extracted at image level, pixel level, regional level and boundary
level in order to ensure consistency of features in the same ob-
ject classes while maximising distances between different object
categories. This simple yet effective strategy facilitates the genera-
tion of high-quality pseudo labels as well as improves the encoder-
decoder network for better segmentation performance.

3.2. MCL encoder

The encoder in a WSSS network not only extracts salient fea-
ture representations to be used in its decoder but generates pseudo
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masks to provide additional cues for fine-grained segmentation. As
illustrated in Fig. 1, we propose contrastive learning loss terms to
build our multi-contrast learning encoder, which can generate gen-
eralised feature representations and high-quality pseudo masks.

3.2.1. Image level contrast

Given a query sample x; in the batched images X from dataset
@ and its label y; = (¥i1.¥i2,....Yix) as K-dimensional multi-
hot vector representing the presence of K object categories with
present categories indicated by ones and absent categories by ze-
ros, in each training batch. We propose a novel way to process
contrast pairs in each batch which significantly increases the ef-
ficiency of contrastive learning compared to Siamese networks. To
measure similarity of both positive and negative pairs, we extract
image embeddings by average pooling of the feature maps from
the last convolutional layer of the CNN feature extractor and using
the dot product to calculate scores.

The image-level contrastive learning loss term we employ is
calculated as

> . exp(zi-7;) ) 1)

Lime = —log (zp exp(zi-2) + Y7 eXp(zi - ;)

where z; is the vector embedding of the query sample, Z; € Z* rep-
resents each embedding of positive samples, and z; € Z~ represents
each embedding of negative samples. In contrast to [18,19], our
Limc does not rely on augmented views to generate positive sam-
ples which significantly reduces memory consumption. Addition-
ally, to alleviate single positive pair bias and to enforce batch-wise
attention on positive pairs, we compute the integral of exp(z; - Z;)
before taking the logarithm. We show, empirically and theoreti-
cally, that this leads to more effective training compared to the loss
term from Khosla et al. [28] in Appendix A.

3.2.2. Pixel level contrast

Given two random regions cropped from an image, pixel level
contrastive learning aims to maximise the feature similarity of pix-
els in their overlapping region even though their representations
are not exactly the same due to their distinct contexts within the
receptive field. As highlighted in [29], pixel level contrast imposes
pixel-wise feature consistency to enhance the feature representa-
tions for its dense-prediction downstream task (i.e., image segmen-
tation in this paper).

As illustrated in Fig. 2, we obtain the pixel level contrastive loss
by calculating the similarity between paired pixel-wise features in
the overlapping region from two types of feature maps, the original
CAM and a spatial attention module (SAM) map [10,35].

The SAM utilises a global self-attention mechanism, capable of
exploiting long-range contexts, to enhance the CAM, and is ob-
tained as

M’ = SAM(M) = softmax (g, (M)" x g2(M)) x g3(M), (2)

where g;1(-), g2(-), and g3(-) denote individual linear projections,
and M is the CAM response map.

To alleviate inconsistencies and learn generalised features of the
overlapped area from crops of CAM and SAM [20,34], we employ
an alignment using the pixel-wise contrastive loss

.l HW
Lpixe =~ 1w ; cos(uy, sg(Vh)), (3)

where u; and v} are feature vectors from overlapping regions
in M’ and M extracted from SAM and CAM, respectively, H and
W are the height and width of the regions, and sg(-) denotes
the stop gradient operator which avoids interference of cross-
optimisation [20,34|. This design also reduces the computational
cost, thus improving the efficiency of our method.
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Fig. 2. Illustration of pixel level contrast and pairwise regional contrast. Blocks of the same colour share the same weights.
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Fig. 3. Illustration of dynamic cropping and matching.

3.2.3. Pairwise regional contrast

In addition to the image level and pixel level contrastive loss
terms, we propose a novel dynamic pairwise regional contrastive
loss term to further enhance the scale-invariant characteristics of
the extracted features. As illustrated in Fig. 3, to provide sufficient
flexibility while keeping complexity low, we divide the CAM re-
sponse map into static (e.g., 2 x 2) non-overlapping patches. To im-
pose feature consistency from paired objects of different scales,
we introduce four parameters, patch width w, patch height h,
and horizontal and vertical sliding strides s, and sp, to randomly
sample regions at different scales from the SAM feature map. Al-
though metrics like KL-divergence and cosine similarity are pop-
ular for aligning two well-defined probability distributions, the
earth mover’s distance (EMD) [36] is more suitable to align the
crops of CAM and SAM from potentially different spatial locations
and, more importantly, of differing sizes.

To obtain a more reliable EMD measure, we aim to avoid the
bias introduced from background response maps, and estimate the
background activation map as

Mpg=1- max (Mc), (4)
with
exp(M.)
M« ———— ¢ 5
CTTS exp(My) )
1<c<C-1

where M. belongs to one of the C — 1 foreground activation maps
and M), represents the estimated background activation map. The
concatenation of all foreground activation maps and the back-
ground activation map yields the background-included CAM (M ¢
RCXHXW)_

Our pairwise regional contrast can be seen as a transportation
problem if we consider a cropped static patch from CAM as a ship-
per and a dynamic matched patch from SAM as a receiver. The goal
is to find an optimal path that minimises the global transportation
cost (i.e., the discrepancy or dissimilarity in our case). The optimal
match is solved by the earth mover’s distance (EMD) and once the
best match is found, we again minimise the dissimilarity between
patches that have the lowest transportation cost as

»Cprc = argmin EMD(pas Sg(ﬁb))s (6)
(a.b)

where pg € {p}} ¢ M’ and p;, € {p}® c M are feature vectors from

paired patches generated from the original feature maps M’ and

M, respectively. As in pixel level contrastive loss, we use the stop

gradient operator sg(-) to avoid cross-optimisation.

3.2.4. Overall loss function

In addition to the loss terms introduced above, we use the well-
established multi-label multi-class classification loss (i.e., binary
cross entropy loss), focal loss [37], and a pair loss [38] to address
sample imbalance and over-confidence of negative sample issues,
and combine them to form a hybrid classification loss (HCL) term

£hcl(ys y) = ‘Cbce(ys y) + Cfocal (y, 5;) + ['pair(ys }7): (7)

which improves WSSS performance compared to using individual
terms.
The overall loss function of our MCL encoder is then defined as

EMCL = ['hcl + ['imc + Epixc + Eprc- (8)

3.3. BEACON decoder

During training of a typical WSSS network, pseudo labels gen-
erated from the encoder output are used to supervise the learn-
ing process. Consequently, these pseudo labels are key to the fi-
nal segmentation performance. Although some recent work im-
proves the quality of pseudo labels by introducing an extra pro-
cessing stage, such as an AffinityNet [9] or conditional random
fields [39], to enhance implicit boundary smoothness, the result-
ing hard masks lead to supervision bias during training. To allevi-
ate this and achieve more consistent segmentation results across
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Fig. 4. Illustration of inward/outward point set division. (a) original image; (b) seg-
mentation map during training; (c) pseudo mask; (d) in/out-ward division based on
boundary map.

object boundaries, we propose a novel boundary contrastive loss
term, named Boundary Enhancement viA Contrastive Orientation
Navigation (BEACON), to further improve our segmentation net-
work.

The detailed algorithm for BEACON is given in Algorithm 1. We
first form two boundary candidate point sets, an inward point set
and an outward point set. To do so, we apply the Sobel opera-
tor on the segmentation map, and identify object boundary points
as those points that exhibit the top 20% largest gradient magni-
tudes. This allows to build reliable sets to select paired samples
for contrastive learning. Note that the obtained boundary map (see
Fig. 4(d) for an example) has a strong semantic meaning and is dif-
ferent from applying the Sobel operator directly on the input im-
age. We obtain the gradient directions of the boundary points and
uniformly divide the continuous gradient orientation from 0 to 2w
into 8 equally sized bins to fit an 8-neighbourhood of a pixel (see
Algorithm 2). Based on a step parameter, we then calculate a dis-
placement from a boundary point along the gradient direction as

Algorithm 1: BEACON algorithm.

Input : orientation map M; dense feature map y; soft
pseudo mask y; parameters steps, k
Output: BEACON 10SS Lpeqeon
/| select infout-ward point sets from M:;
&, U «~In0OutDdiv(M, steps);
randomly select k samples from @, W as I, O;
/| anchor I, O back onto y and j to yield inward set (I, [™)
and outward set (09, 0™) on dense feature map and pseudo
mask:;
m om FyI’yO:
Id, Od (_5;1’ }70:
/| calculate similarity matrix S for the two sets:;
S f(sg4),0%);
SM —fdm, omy;
/| obtain point-wise signs:;
sign!, sign® «sign(S™, S );
/| calculate and return loss:;
’ﬁ”e"”” o 1 d 1 ; 1 d
P log(sign© - 2 Ste) + Zlog(szgn’ o1 2 S1)
0e0 iel iel

00
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Algorithm 2: In-/out-ward division function InOutDiv(.).

Input : orientation map M; step size s

Output: inward point set ®; outward point set: W

b «— o,V « g

P < points in M with gradient magnitude in top 20%;

for p in P do

|| retrieve gradient orientation of p:;

0 <« Mp;

/| quantise 0 into 8-directional vector:;

G < Quantise(0);

/| get inward and outward points:;

obtain inward point ¢ by stepping from p along —q with
step size s;

obtain outward point ¢ by stepping from p along ¢ with
step size s;

/| add new points to the sets:;

append ¢ to ©;

append { to W¥;

end

well as the opposite direction to generate candidate points for the
two sets.

Having obtained the inward and outward boundary point sets,
we use the soft pseudo masks generated from our MCL encoder
(Fig. 4(c)) and the dense map from the decoder to define a bound-
ary contrastive loss term. As illustrated in Fig. 4(b), the segmenta-
tion map is far from perfect at the early training stages. Thus, we
calculate the point-wise one-to-all similarity between the two sets
on both the dense feature map and the pseudo mask to enhance
the object boundary feature consistency. In particular, we define a
sign function Sign(-) to identify if the similarity values calculated
from the dense feature map y coincide with those from the soft
pseudo mask y by comparing their scores to a threshold 7.

The sign determines the direction of optimisation imposed on
similarity as shown in Algorithm 3. Intuitively, if S¢ < 7, the query
in-out pair is recognised as dissimilar and thus a positive edge (P)
is assigned. Furthermore, if S™ < 7 is also satisfied, a true positive
(TP) case is identified, yielding a similarity suppression (positive
sign) to make them more dissimilar. Integrating TP, FP, FN, and TN

Algorithm 3: Sign(-) function.
Input : mask similarity matrix S; feature similarity matrix
d
Si.o
Output: point-wise signs sign!, sign®
1 .
S« o1 > St
0e0
d 1 d .
S« o1 ()EX(:)Si’O’
FP! < aND(I(ST" > 7), I(S¢ < 7));
FN! < aND(I(S]" < T), I(S¢ > T));
TP < AND(I(S]" < T), I(SY < T));
TN <AND(I(S]" > T), I(S > T));
convert FP!, FN!, TP! and TN! into binary values {-1, 1};
|| assign negative to actual condition negative cases:;
TN « —TNI;
FP! «— —FPI;
|| compute signs for inward set:;
sign’ < FN'UTP! UTN' UFP';
|| compute signs for outward set:;
sign® < FNO U TP® UTNO U FPO;
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cases, point-wise signs are obtained and are used to calculate the
boundary contrastive loss.
The loss function for this training stage is defined as

£Seg = ECE + )‘"Cbeacon’ (9)

where parameter A allows for balancing between the global pixel-
wise cross entropy loss Lc and the near-boundary pixel represen-
tation enhancement.

4. Experimental results
4.1. Implementation details

Our experiments are conducted on the PASCAL VOC 2012
dataset [21] with 20 foreground classes and 1 background class.
Following [10,40], we build an augmented training set with 10,582
images. During classification training, only the 20 foreground class
logits are taken into consideration, while the background class ac-
tivation map is estimated for pairwise regional contrast. We use
cosine similarity to compute the transportation cost matrix and
use Sinkhorn iteration [41] for fast computation of the EMD. We
set equal weights for the HCL, IMC, PIXC, and PRC loss terms and
enable them one after another at fixed epoch intervals to avoid po-
tential interference.

Our MuSCLe implementation comprises an EfficientNet encoder
and a BiFPN decoder [42]. To efficiently scale up the model, we use
batch sizes of 16, 8 and 6 for EfficientNet-b3, EfficientNet-b5, and
EfficientNet-b7, respectively, with the same decoder which has 3
BiFPN layers. Experiments are conducted on an RTX 3090 GPU us-
ing PyTorch. Unless otherwise noted, all presented results are aver-
aged over 3 random runs.

The input of image level contrast and classification head is re-
sized while keeping the original image aspect ratio and padded
to 448 x 448, while the pixel level contrast and pairwise regional
contrast heads use random crops of size 224 x 224 as inputs. CRF
and random walk refinement [9,15] are executed after SAM output
to generate pseudo masks.

4.2. Improved CAM quality

We quantitatively evaluate the effectiveness of each component
of our MuSCLe approach in Table 1. From there, it is evident that
each proposed module leads to a notable performance increase.
Following common practice [9,10,17], test time augmentation (TTA)
with multi-scale inference gives a further improvement of 2.5%-3%.
Compared to ordinary CAM methods, our multi-contrast learning
encoder improves CAM quality by a large margin (+6.8%).

Table 2 compares the pseudo label quality of our method with
other state-of-the-art (SOTA) approaches. As is evident, our MCL
clearly outperforms the other methods, improving the CAM of
AffinityNet [9] by 10.4% and the result of SEAM [10] by 3.0%. Al-
though the improvements with affinity/[RN refinement are less

Table 1

Ablation study for MCL encoder. mloU (%) reflects pseudo CAM
quality on train set. HCL=hybrid classification loss; IMC=image
level contrast; PIXC=pixel level contrast; PRC=pairwise regional

contrast.
single scale multi-scale
HCL IMC PIXC  PRC mloU mloU
48.5 51.6
v 53.3 55.7
v v 54.3 57.2
v v v 54.8 57.6
v v v v 55.3 58.4
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Table 2
Pseudo label quality on train set in terms of mloU. x=random
walk with affinity refinement; f=random walk with IRN re-

finement.
method backbone CAM  CAM*  CAMf
AffinityNet ~ ResNet50 48.0 58.1 -
IRN ResNet50 48.3 59.3 66.5
MCL ResNet50 52.6 60.9 63.1
SC-CAM Wide-ResNet38 509 634 -
SEAM Wide-ResNet38 55.4 63.6 -
MCL Wide-ResNet38 58.3 64.9 66.6
MCL EfficientNet 58.4 64.6 66.8
Table 3

Ablation study for segmentation network architec-
ture. mloU reflects segmentation performance on val
set with IRN refined pseudo label.

backbone # BiFPN BEACON mloU
EfficientNet-b3 1 no 63.2
EfficientNet-b3 2 no 64.1
EfficientNet-b3 3 no 64.9
EfficientNet-b5 3 no 65.5
EfficientNet-b7 3 no 65.8
EfficientNet-b3 3 yes 65.2
EfficientNet-b5 3 yes 65.9
EfficientNet-b7 3 yes 66.6

pronounced compared to those for raw CAMs, we obtain the high-
est mloU of 64.9% and 66.8% (with Wide-ResNet38 and Efficient-
Net backbones, respectively). We conjecture that because our CAM
trained by MCL is denser and more continuous, the affinity trans-
formation barely enhances local feature representation with adja-
cent context. Note that we opt for EfficientNet as our backbone
mainly for its processing efficiency and light-weightedness.

In addition, we generate visualisations of the learned represen-
tations from SEAM and our MCL using t-SNE dimensionality reduc-
tion. As can be seen from the results shown in Fig. 5, the classes
are better separated in the MCL visualisation, while for SEAM we
can observe significant overlap between classes and higher varia-
tion within each class.

4.3. Semantic segmentation training

To investigate the impact of the decoder architecture on seg-
mentation training using synthesised pseudo labels from the en-
coder, we test MuSCLe with different backbones, different num-
bers of BiFPN layers, and with and without BEACON. From Table 3,
we notice that BEACON leads to a consistent performance increase,
while densifying BiFPN layers also gives notable improvement. In
addition, scaling up the encoder backbone from b3 to b7 gives a
1.4%/0.9% boost with/without BEACON.

We perform a thorough ablation study, with results reported
in Table 4, on our BEACON module to show the impact of dif-
ferent hyper-parameters and the effectiveness of BEACON. Since
larger values of A in Eq. (9) put more focus on near-boundary
pixel enhancement and boundary map generation relies on accu-
rate pixel-wise segmentation, as expected, too extreme A values
do not lead to an improvement. For the step size walking towards
the gradient orientation, we observe an optimal value of 7 with
fewer steps not supporting sufficiently distinctive infout-ward fea-
ture representation and more steps exceeding tiny object bound-
aries when selecting inward points along the inverse gradient ori-
entation. Turning to the similarity threshold 7, a halfway division
of the similarity scores (i.e.,, T =0.5) provides only a small im-
provement compared to a dynamic threshold, ©m,, which is ob-
tained as the mean of the similarity matrix derived from the soft
mask. Selecting k = 128 candidates of in-/outward pairs results in a
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Fig. 6. Visualisations of SAMs before and after affinity/IRN refinement. From top to bottom: original image; SAM output; affinity refined SAM output; IRN refined SAM

output.

good performance/efficiency trade-off. Overall, the best results are
obtained by combining pu;, with A = 0.05, 7 steps, and k = 128.

4.4. Comparison with SOTA

We compare MuSCLe with current SOTA methods in terms
of performance and supervision in Table 5. From there, we see
that on the val set, MuSCLe-b5 achieves performance on-par with
LIID [47], surpassing most other methods. Further deepening our
model to MuSCLe-b7, our model outperforms all compared meth-
ods on the test set using only image level labels (in contrast to
some other methods such as [43-45] which rely on stronger super-
vision based on image labels in combination with saliency maps),
while only inferior to the previous best AdvCAM [25] on the val
set.

Looking at the class-wise performance on the val set in Table 6,
MuSCLe gives the best result for 9 classes, more than any other
method (AdvCAM is best for 7 categories). In particular, for the

cow, dog, horse, and sheep classes, the performance is vastly supe-
rior to other approaches. On the other hand, worse performance is
obtained on the tv category. This is because we enforce contextual
feature enhancement in our proposed method while TV monitors
in the VOC dataset often appear together with other uncategorised
objects such as benches and keyboards.

4.5. Qualitative results

We qualitatively show the performance of affinity and IRN re-
finement [9,15] and compare with the global spatial attention
from Cao et al. [35]. From Fig. 6, we can see that object boundaries
after affinity refinement enhance the SAM maps. Furthermore, IRN
refinement generates sharper edges which is more beneficial than
affinity refinement when used as prior in the BEACON decoder. In
our experiments, we perform affinity/IRN refinement on SAM out-
put with 4/8 iterations to yield the pseudo semantic segmentation
label.
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Table 4

BEACON ablation study of segmentation performance on
val set. x=segmentation with affinity refined pseudo labels;
T=segmentation with IRN refined pseudo labels. u, denotes
the mean of similarity matrix derived from the soft mask. For
each result, the left and right values denote MuSCLe-b5 and
MuSCLe-b7 performance, respectively.

A steps  k T mloU* mloUT
0 n/a n/a nfa 638 64.1 65.5 65.8
0.05 7 128 0.5 64.1 63.8 65.5 66.2
0.05 7 64 Mm 63.8 63.9 65.6 66.1
0.05 7 128 Mm 65.2 66.1 65.8 66.6
0.05 7 256 Mm 64.4 64.6 65.5 65.9
0.05 5 128 Mm 64.5 65.1 65.6 66.1
0.05 9 128 Mm 63.9 64.2 65.5 66.3
0.1 7 128 Mm 64.7 64.3 65.5 66.0
Table 5

Comparison with SOTA WSSS methods on VOC2012 val and test
sets. [=image level label; [+S=image level label + saliency map.
For RRM, the one-stage result in the paper is given to allow for
a fair comparison.

method label  val mloU  test mloU
FickleNet_CVPR19[43] I+S 64.9 65.3
OAA_CVPR19 [44] I+S 65.2 66.4
OAA++ v 145] I+S 66.1 67.2
AffinityNet_CVPR18 [9] | 61.7 63.7
SEAM_CVPR20 [10] I 64.5 65.7
SC-CAM_CVPR20 [17] I 66.1 65.9
BES_ECCV20 [16] I 65.7 66.6
LSISU_PR21 [12] I 61.2 62.5
LayerCAM_TIP21 [46] I 63.0 64.5
AdvCAM_CVPR21 [25] I 68.1 68.0
RRM_PR22 [26] I 65.4 65.3
LIID_TPAMI22 [47] I 66.5 67.5
MuSCLe-b5 I 65.9 67.4
MuSCLe-b7 I 66.6 68.8

We show some representative qualitative segmentation results
obtained from MuSCLe-b7 in Fig. 7, from which we can observe
that detailed object boundaries are properly recovered. For multi-
label scenarios, our model correctly distinguishes the instances of
each category, while multiple object instances at different scales
and locations are also correctly recognised, demonstrating the effi-
cacy of the dynamic cropping and matching strategy.

Figure 8 shows some typical examples from the SBD
dataset [40], illustrating the impact BEACON has on the obtained
semantic boundaries. It is apparent that the semantic boundaries
detected with BEACON are more complete and noise-robust com-
pared to those without BEACON.

In Fig. 9, we show some failure cases of TVs, which, as noted
above, is where MuSCLe performs relatively inferior compared to
other methods. We find that the segmented masks also cover some
other objects, such as keyboards and TV stands, which have a
high co-occurrence rate with TVs in the dataset. This could be ad-
dressed by either adding extra supervision cues or by having more
training data that only contains single objects (i.e. without com-
monly co-occurred objects).
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Fig. 8. Example boundary results on SBD trainval set. From left to right: original im-
age; class-agnostic semantic boundary label; semantic boundary without BEACON;
semantic boundary with BEACON.

Fig. 9. Example segmentation results of TVs. From left to right: original image;
ground truth; segmentation result.

5. Conclusions

In this paper, we exploit only image-level annotation to accom-
plish weakly supervised semantic segmentation. For this, we have
proposed a novel MuSCLe framework which comprises an MCL en-
coder and a BEACON decoder. The former is designed to improve
the initial CAM response via contrastive learning at different lev-
els, while the latter aims to explicitly enhance feature represen-
tations around object boundaries through a contrastive scheme.
Extensive experiments have demonstrated that, MuSCLe achieves
SOTA performance on the PASCAL VOC2012 dataset, while ablation
studies and visualisations further illustrate the efficacy of our pro-
posed approach. Notably, this is achieved on a single GPU, unlike
most existing work in the area, demonstrating the efficiency of our
method. In future work, we will investigate online pseudo-labelling
and refinement for WSSS to further boost the training efficiency.

Table 6

Category performance comparison on PASCAL VOC2012 val set.
method bkg aero bike bird boat bottle bus car cat chair cow table dog horse mbk person plant sheep sofa train tv
AffinityNet 882 682 306 81.1 496 610 778 66.1 751 290 66.0 402 804 620 704 73.7 425 70.7 426 68.1 51.6
FickleNet 895 76.6 326 746 515 71.7 834 744 836 241 734 474 782 740 688 732 478 799 37.0 573 64.6
SEAM 888 685 333 857 404 673 789 763 819 291 755 481 799 738 714 752 489 798 409 582 53.0
SC-CAM 88.8 51.6 303 829 530 758 886 748 866 324 799 538 823 785 704 712 402 783 429 668 588
BES 889 74.1 298 813 533 699 894 798 842 279 769 46.6 788 759 722 704 50.8 794 399 653 4438
AdvCAM 90.0 798 34.1 826 633 705 894 76.0 873 314 813 331 825 808 74.0 729 503 823 422 741 529
MuSCLe-b7 87.7 713 31.1 86.7 518 685 84.6 795 88.1 223 836 518 861 830 740 646 51.1 84.8 448 633 40.6
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Appendix A. Gradient analysis of image level contrast

We provide both a formal proof and empirical evaluation to
show how our proposed image level contrastive loss term Ljp,
outperforms the classical supervised contrastive loss term Lgyp
from Khosla et al. [28] in limited batchsize settings.

We compare our proposed image level contrastive loss

27+ €XP(Zi - Zi)
8 exp(zi-2) + 2y exp(i - 2))

where Z; e Z*,zj e 27,
ing

Limc = (A-l)

to the original supervised contrastive learn-

exp(z; - Z;)
Z) 4+, exp(zi-z))’

Loup = — ;IOg exp(z (A2)

used in [28].
The gradient of our proposed term w.r.t. z; is

0me _ 0 t1og| Y exp(zi- 2) + Y exp(zi-2))])
0z 0z; o a
d .
—E[IOg;EXP(li -Z;)]
_ X Lexp(zi-Z) +3, 2jeXp(zi-zj) 3, Ziexp(zi-Z)
> 7+ €XP(Zi-Z;) + 37 eXp(z; - Zj) >z exXp(zi-Z;)
(A.3)
where Z+ = {z,}1 and Z- = {zj}llw denote the positive and negative

sets, respectlvely The normalised dot product requires ||z;||,, ||f,||2,
Iz - Zil, and Hzl -zj|, €10,1] so that /27, /ziz; € [-5, % ].
hen Z* = o, i.e. N=0, then

9L ZZZJEXP(ZI"Z]')
0<1=51 =15 1, A4
a H dz; |, > exp(z;-zj) (A4)

z 2
and when Z* #£ g, i.e. N # 0, then
zZji—Z exp(z; - zj)
3 Lime |2 l||zZZ i ] -
0z; - ZZexp(zi 2+ ;exp(zi Z)

When ||z, = ||zj||2 =1,Z 1z and z; | z, Eq. (A.5) becomes
an equality and the gradient magnitude reaches its maximum such
that
if N=0,
if N #0.

aEimc

7 (A6)

|

1,
=\ Vame
2 N+Me’
We follow the same procedure to calculate the derivative of the

original supervised contrastive loss as

0Lsup
0z;

az Zlog[eXP(zl Z)+ ) exp(zi-z))]
i 7 7

o Zlog[exp(z, Z)]
Zj 7+
Z;exp(zi-Z) + Y zjexp(z; - zj)
-

(A7)

o~ exp(zi-Z) + 2. exp(zi - z)) o
-
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Fig. A.10. CAM performance of Ly, and Lin. under different batchsizes.

When Z+ = @, i.e. N =0, then

0Lsup
= A.
82,- 0, ( 8)
and when Z+ # g, i.e. N # 0, then
0Lsup “Zj _Z~i||ZZZ:exp(Zi il (A.9)
0z; , 5 exp(z;-Z;) + ZZexp(zi -zj)’ )

When ||z, = sz ”2 =1,Z 1z and zj || z, Eq. (A.9) becomes
an equality and the gradient magnitude reaches its maximum such
that

9 Lsup 0, if N=0,
0= H 0z ||, | Y2WMe. if N #0. (A10)

It is proved that the gradient vanishing point of Eq. (A.7) is that
there are no positive samples within a batch (i.e. N = 0), and thus
the maximum value of their gradient magnitude equals the mini-
mum of 0 in Eq. (A.10). In contrast, our loss L;;  is capable of min-
imising the negative sample pair similarity regardless of whether
there exist positive samples. Simply put, the gradient is still valid
and within the range of 0 to 1.

As one of the advantages of our proposed method is remov-
ing the Siamese architecture for a more efficient contrastive learn-
ing process with no augmented samples added in our training
batches, the design of our image level contrastive loss term thus
provides better robustness during training with relatively smaller
batch sizes compared to those SOTA contrastive learning meth-
ods. This is further witnessed when running experiments with four
tested batchsizes as illustrated in Fig. A.10.
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