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End-to-end image-level Weakly Supervised Semantic Segmentation (WSSS) has received increasing attention
due to its simple but effective implementation. It helps to alleviate the laborious annotation costs required
in semantic segmentation. In this work, we find that not all discriminative features can be extracted by a
transformer encoder under image-level supervision. Thus, the decoder in end-to-end WSSS fails to predict
a satisfying segmentation result. To solve this issue, we propose a Multi-Scale Encoder Enhancement (M-
SEE) framework for enabling the encoder to extract comprehensive discriminative features and improve WSSS
performance. Specifically, we first resize the original training image to various scales and calculate Class
Activation Map (CAM) for each scale image. Then, reliable discriminative regions are mined based on the
CAM and decoder segmentation result. Finally, a knowledge distillation loss is calculated among features of
original scale and the scaled features of selected reliable discriminative regions. Experimental results show
that our M-SEE framework achieves new state-of-the-art performances with 74.8% on PASCAL VOC 2012 test

split and 45.8% on MS COCO 2014 validation split. Codes will be released.

1. Introduction

Due to the laborious pixel-wise annotation costs required in fully su-
pervised semantic segmentation, image-level Weakly Supervised
Semantic Segmentation (WSSS) is proposed to generate pixel-level
predictions using only image-level annotation. Early WSSS approaches
adopt a multi-stage framework to derive pseudo labels from Class
Activation Map (CAM) based on the classification model, and then
utilize the pseudo labels as the supervision for semantic segmenta-
tion model training. In order to simplify this tedious implementation
process, [1,2] adopt an end-to-end framework, which encodes the
image feature maps using one encoder, and then directly processes
the encoder extracted feature maps to generate pseudo labels and final
segmentation results parallelly.

In this work, we first find that the final segmentation performance
of end-to-end WSSS method relies on the integrality of discriminative
features in a feature map. However, the discriminative features are
not thoroughly extracted from an input image by existing end-to-end
WSSS methods with transformer encoders, degrading the final WSSS
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performances. This finding is depicted in Fig. 1 with an example of
‘Boat’. The CAMs for the ‘Boat’ are all generated from the feature maps
of Vision Transformer (ViT) via a classifier following [3]. As can be
found in Fig. 1(a), When the input is an original size image (i.e., sizex1),
the ‘Boat Mast’ is not activated by any class classifier weights in CAM
and its feature values are close to 0, which means the discriminative
features of ‘Boat Mast’ are not extracted by the encoder. Under this
circumstance, the ‘Boat Mast’ fails to be segmented by the decoder. This
verifies that the discriminative feature encoding ability of a transformer
encoder is not sufficient for the existing end-to-end WSSS methods and
thus degrades WSSS performances.

On the other hand, we also find that certain discriminative features,
which cannot be extracted from the original image, can be extracted
from the image of a different scale under the end-to-end WSSS setting.
As shown in Fig. 1(a), when the image of ‘Boat’ is down-sampled to half
scale (i.e., sizex0.5), the ‘Boat Mast’ is activated by a classifier weight
of ‘Boat’ in CAM and its feature values are significantly positive, which
means the discriminative features of ‘Boat Mast’ are extracted by the
encoder. The discriminative features of ‘Boat Mast’ can be extracted
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Fig. 1. How inadequate patch size of transformer encoder influences performances of conventional end-to-end WSSS methods and our method. From (a), it can be found that too
small patch size (e.g., for the image of size x1) makes encoder cannot extract the discriminative features of ‘Boat Mast’, making the decoder cannot decode a complete segmentation
result. However, an adequate patch size can make the encoder extract more discriminative features but also introduce more non-discriminative noisy features. Neither of the above
cases can output a satisfying segmentation result. From (b), the encoder trained under our M-SEE method can extract complete discriminative features without introducing any

non-discriminative noisy features, improving the final WSSS performance.

in the image with sizex0.5 but cannot be extracted in the image with
sizex1. We think the reason behind it is that the image patch size of ViT
encoder is too small and not suitable for the ‘Boat Mast’ in image with
sizex1. Thus, the encoder cannot distinguish it from other classes and
regard it as a non-discriminative region with no discriminative feature
extracted.

However, as shown in Fig. 1, the image patch size in the image
with sizex0.5 is too big. Though the discriminative features of ‘Boat
Mast’ can be extracted, some noisy non-discriminative features are
also extracted because one image patch covers both discriminative
and non-discriminative regions. As a result, some non-discriminative
regions of image with sizex0.5 are wrongly segmented for ‘Boat’ class.
Using a down-scaled image inevitably introduces noisy features because
one patch feature of ViT now covers more pixels (including the noisy
pixels), making the non-discriminative pixels also activated, harming
the final semantic segmentation results. This motivates us to think if
we can leverage the discriminative feature properties of multi-scale
images described above to compel the encoder to extract intact dis-
criminative features and meanwhile suppress the extraction of noisy
non-discriminative features brought by multi-scale images, the final
end-to-end WSSS performance can then be improved.

Inspired by the above findings, we propose a Muti-Scale Encoder
Enhancement (M-SEE) framework for end-to-end WSSS. It compels
the encoder to extract comprehensive discriminative features from the
original-scaled image. Through being supervised only by the reliable
discriminative features, the encoder only learns useful discriminative
features and does not learn the wrongly extracted non-discriminative
noisy features of other scaled images, with an intact segmentation
result predicted as shown in Fig. 1(b). In detail, we first resize the

original training image to a smaller scale and a larger scale. Then, the
CAMs are calculated for each scale image, and the reliable discrimina-
tive regions are selected based on the confidence threshold calculated
CAM and decoder segmentation result. Finally, a knowledge distillation
smooth #1-loss is calculated among the features within the reliable
discriminative regions.

Our main contributions are summarized as follows:

+ We first point out that the integrality of discriminative features
in feature map cannot be promised in image-level end-to-end
WSSS and the decoder thus cannot decode an intact result, which
degrades the final segmentation performance.

Then, an M-SEE framework is proposed, with a multi-scale CAMs
generation module, a reliable discriminative region selection
module, and a multi-scaled encoder enhancement module, en-
hancing the discriminative feature extracting ability of a trans-
former encoder without bringing issues caused by noisy non-
discriminative features.

The experimental results show that our M-SEE framework achieves
new state-of-the-art performances, with on PASCAL VOC 2012
validation split and test split and on MS COCO 2014 validation
split.

2. Related work
2.1. Weakly supervised semantic segmentation
In general, image-level WSSS can be categorized into two branches:

a multi-stage WSSS and an end-to-end single-stage one. Current multi-
stage WSSS approaches [4-8], mostly follow the scheme that trains a
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classification model at first to generate initial CAMs and then refines
these initial CAMs as pseudo labels using methods like IRN [9] or
PSA [10]. Next, the pseudo labels are used to train a semantic segmen-
tation model for evaluating the final performance. A common drawback
of CAM is that it can only focus on the most discriminative regions
in the image. To solve it, several approaches provide new training
schemes like erasing [11], cross-image semantic mining [12] and so on.
A new trend of recent works is discovering better prototype represen-
tations and using them to encourage more completely activated object
regions in CAM [13,14]. Some transformer-based works also consider
the long-range modeling capability of Vision Transformer to generate
more accurate CAM. MCTformer [15] designs multiple class tokens
for each category to generate class-aware attention maps to refine the
CAM. Other language-model-based approaches, such as CLIMS [16] and
CLIP-ES [17], are proposed to incorporate extra text prompts during
training, aiming at distinguishing the background parts in CAM.

The end-to-end WSSS approaches [3] perform the classification
training, pseudo labels refinement, and semantic segmentation model
training parallelly. RRM [1] proposes a new dense energy loss to
optimize the training process, which achieves comparable performance
with the multi-stage approaches. AFA [18] learns the reliable semantic
affinity from multi-head self-attention in ViT, and exploits them to
refine pseudo labels. Additionally, ToCo [3] addresses the issue of
over-smoothing in ViT by deriving the auxiliary CAM from the inter-
mediate layer to supervise the final patch tokens. Different from these
approaches, which aim to improve pseudo labels based on the trans-
former architecture, our method focuses on enhancing the transformer
encoder and achieving a more intact discriminative feature map for
performance improvement.

2.2. Multi-scale training

In the fully supervised setting, multi-scale training has been widely
applied in various tasks. For CNNs, a multi-scale data augmentation
strategy [19] is first proposed for image recognition by randomly
sampling training images of different scales. Then, various multi-scale
training and testing paradigms are widely adopted for dense pre-
diction tasks [20-23]. For transformers, a ResFormer [24] is built
upon multi-resolution training for improved performance on a wide
spectrum of testing resolutions. Other works [25,26] attempt to lay
emphasis on the multi-scale spatial dimension of features instead on
the input. However, as the supervision and prediction are different
for image-level WSSS, the schemes used in fully supervised setting
are no longer suitable. For solving this, Wang et al. propose a consis-
tency regularization on the predicted CAMs from various transformed
images with different scales to provide self-supervision for network
learning [13]. Zhang et al. regard the sum of CAMs calculated from
various scaled images as the pseudo label for guiding the training of
end-to-end WSSS [1]. Additionally, both multi-stage and end-to-end
WSSS methods employ the multi-scale operation on the CAM inference
stage, and adding the suitable scaled CAMs can expand the activations
and improve the CAM performance significantly. However, adding the
excessive and unsuitable scaled CAMs inevitably leads to the over-
activated issue and influence the CAM performance, this is because
they directly combine all different scaled CAMs without any selection.
Different from the above-mentioned works, we optimize the encoder
through a knowledge distillation loss calculated within the reliable
discriminative regions selected by our proposed reliable discriminative
region selection module from multi-scaled images, achieving significant
performance improvement for end-to-end WSSS.

2.3. ViT CAM generation
ViT has been widely used in WSSS CAM generation, with global

feature interactions being better modeled [27]. However, unlike the
well-studied CAM generated through Convolutional Neural Network

Pattern Recognition 162 (2025) 111348

(CNN) [28,29], whose one CAM value corresponds to one specific pixel
region in image, the CAM generated through ViT is over-smoothing
because one CAM value is related to different pixel patches in image
due to the ViT self-attention mechanism. To deal with this issue, most
existing methods [15,30] obtain CAM with the assistance of trans-
former features and corresponding self-attention maps in a two-stage
manner. Recently, Ru et al. proposed a method named ToCo which su-
pervises the final patch tokens with the pseudo token relations derived
from intermediate layers and facilitates the representation consistency
between uncertain local regions and global objects [3], achieving a
more accurate CAM compared with previous methods. In this study, we
focus on the CAM flaws caused by the fixed-size image patch separation
in ViT. To achieve the best performance of our M-SEE framework for
fair comparison, we adopt ViT CAM generated by ToCo [3] as our
framework input CAM.

3. Methodology

To improve the integrality of discriminative features in a feature
map, as explained in Section 1 for achieving better end-to-end WSSS
performance, we adopt the ToCo [3] as our baseline model and its patch
contrast loss is involved to address the over-smoothing issue in ViT,
and upon it we further propose a Multi-Scaled Encoder Enhan- cement
(M-SEE) framework. Our framework (depicted in Fig. 2) involves multi-
scale CAMs generation, reliable discriminative region selection, and
multi-scale encoder enhancement. Each step of our M-SEE framework
will be elaborated on in the following subsections.

3.1. Multi-scale CAMs generation

For enhancing the encoder to extract more discriminative features
without introducing noisy non-discriminative features (depicted in
Fig. 1), we design to calculate the CAMs for various-scale images first
and then select reliable discriminative regions in them based on CAM
activation values for further optimization.

With regard to the multi-scale CAMs calculation, for each original-
scale training image I°, we down-sample and up-sample it to a small-
scale image I’ and a large-scale image I', respectively. Specifically, for
I¥, we down-sample I° using bi-linear interpolation with a scale factor
SF =0.5; for I, we up-sample I° also using bi-linear interpolation but
with SF = 1.5. In this way, three images with different sizes {I*,1°,T'}
are obtained.

Then, all images are input to a ViT encoder with a classifier for
feature extraction and classification. The encoder and classifier are
weakly supervised by image-level labeled data. For the input images
{I*,1I°.1'}, we calculate CAMs {M*,M°,M'} for all images based on
the classifier and feature maps {F*,F°,F'} encoded by ViT encoder,
following [3] through Eq. (1) as follows:
ReLU(W,F/)

M), = ———————,
max(ReLU(W F/))

€y
where j € {s,0,1}; W, is the classifier weight of class ¢; (MY), is the
CAM of class c¢. Next, through the bi-linear interpolation, M* is up-
sampled to the size of M? as M* and M/ is down-sampled to the size
of M? as M’°, Finally, the calculated CAMs {M*°,M°, M*°} are regarded
as the data foundation for reliable discriminative regions selection of
our M-SEE framework.

3.2. Reliable discriminative region selection

3.2.1. Analysis of discriminative features

As analyzed in Section 1, the discriminative features, which cannot
be extracted from the original-scale image, can be extracted from the
image of a different scale in end-to-end WSSS. Thus, improving the
consistency between the features extracted from different-scale images
could be an option for compelling the encoder to learn to extract intact
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Fig. 2. An overview of our proposed framework, we first input three different-scale images {I*',1°,I'} into the ViT encoder. The encoded three-scale feature maps {F*,F°,F'} are
then fed into the classifier for multi-scale CAMs (i.e., {M’,M°,M'}) calculation, and the feature map of original-scale image I° is fed into the decoder for semantic segmentation.
Next, by calculating two CAM confidence thresholds 7* and T', we select two reliable discriminative regions B, and B,. Based on B, and B,, two knowledge-distillation losses L,
and £, are calculated for enhancing the encoder to learn to extract an intact discriminative feature map without any noisy non-discriminative features. During inference, only the

feature map of original-scale image is used for semantic segmentation result decoding.

discriminative features from any-scale images. Furthermore, when the
encoded feature map has more discriminative features, the decoder
could generate a more complete semantic segmentation result based on
it. However, using a different-scale image inevitably introduces noisy
non-discriminative features (depicted in Fig. 1(a)) as ViT feature of one
image patch could cover both discriminative and non-discriminative
pixels due to the change of image scale.

Considering this, particularly for the end-to-end WSSS structure,
we introduce a reliable discriminative region selection procedure and
ensure that feature consistency is only conducted in the reliable dis-
criminative regions of different-scale images, avoiding the side effects
brought by the noisy non-discriminative features and enhancing the
integrality of discriminative features in feature map.

3.2.2. Thresholds generation

Specifically, given the fact that DeepLab decoder has the merit of fil-
tering out the noisy features [31], we first regard the DeepLab decoder
semantic segmentation result S in end-to-end WSSS as a reliable region
seed. This seed region has filtered out most noisy non-discriminative
features that are conflicted in pixel-level classification training [32].

Then, as a feature with a higher CAM activation value tends to
be a discriminative feature, using a CAM threshold for determining if
a feature is a discriminative one could be an option for completing
the reliable discriminative region seed. However, as the model keeps
being optimized and different images have different noise levels, the
predicted CAM values of ground truths fluctuate [33]. Thus, it is hard
to set a suitable fixed CAM threshold. Considering this, we choose to
calculate an average CAM value within the reliable region seed as the
threshold for discriminative feature determination. In this way, the
threshold is calculated only based on the reliable discriminative regions
of current model, without the interference of model optimization and
image noises.

Specifically, we calculate two CAM confidence thresholds T and
T'! for the small-scale feature map F* and large-scale feature map F’
respectively as follows:

TS =M nS,
T' =M/ nS§,
where S is the segmentation result of I° output by DeepLab decoder.
Here, we use S to mask out the initial reliable discriminative seed

region first and then calculate the average CAM value of masked-out
region as the CAM confidence threshold.

(2)

3.2.3. Binary masks generation

Next, for I, we regard the patch region whose CAM value is higher
than its corresponding CAM confidence threshold as a reliable discrimi-
native region. Thus, we achieve a binary-masked reliable discriminative
region B/ as follows:

g oL M > T @)
i 0, otherwise,

where i and j denote the coordinate values. For I¥, to prevent selecting
the same reliable discriminative region, we stipulate that once a region
is masked in B/, it will not be masked again for I*. As a result, we have
the binary-masked reliable discriminative region for I* as follows:
; ; -
B {1, if M >TS and B =0
ij

0, otherwise.

4

3.3. Multi-scale encoder enhancement

After having two reliable discriminative regions B* and B/, we
first down-sample F' to F* and up-sample F* to F*° through bi-linear
interpolation to fit the size of F°. Then, we regard F'° and F*° as
two teacher feature maps and adopt knowledge distillation to transfer
the reliable discriminative feature knowledge from the teacher fea-
ture maps to student feature map F°. The knowledge distillation is
conducted through smooth #1 loss [34,35] as follows:

||Ff_/—F:?jII§ if Fo Flol <
Efj - 28 5 1 ” ij - iA,j” = ﬂ (5)
’ IIFe, —Fle ||} - g otherwise,
”F?/'_Fi';”% if ”Fo Fso ”1 <
o= w0 ! v Flh<h (6)

IF2, —F )} = £, otherwise,

where f is set to 2 by default; i and j are the coordinate values. Then,
the overall multi-scale feature enhancement loss Ly;_ggg is formulated
as follows:

1 pl
Cyvisee = X, B, L0, + X B, £ @

With the help of Bf‘j and B} ;, the knowledge distillation is only con-
ducted within the reliable discriminative regions of up-scale image I’
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Table 1

Performance comparison with other methods on PASCAL VOC 2012 validation and test
split. ‘Sup.” denotes the supervision type. ‘I’ denotes using image-level supervision. ‘S’
denotes using saliency map supervision. ‘L’ denotes using language supervision. ‘Net.’
denotes the semantic segmentation model of multi-stage WSSS methods or the backbone
of end-to-end WSSS methods. ‘MiT’ denotes mix transformer and ‘ViT’ denotes vision
transformer.

Method Sup. Net. Val Test

Multi-stage WSSS methods

RIB [36] I+S ResNet101 70.2 70.0
EDAM [37] I+S ResNet101 70.9 70.6
EPS [38] I+S ResNet101 71.0 71.8
L2G [39] I+S ResNet101 72.1 71.7
RCA [40] I+S ResNet38 72.2 72.8
HSC [41] I+S ResNet101 73.6 74.5
SEAM [13] 1 ResNet38 64.5 65.7
ViT-PCM [42] A ResNet101 70.3 70.9
ESOL [43] 1 ResNet101 69.9 69.3
ReCAM [44] 1 ResNet101 68.5 68.4
SIPE [14] 1 ResNet101 68.8 69.7
AMN [45] A ResNet101 70.7 70.6
MCTformer [15] 1 ResNet38 71.9 71.6
SAS [46] 1 ResNet101 69.5 70.1
OCR [47] 7 ResNet38 72.7 72.0
BECO [48] 1 MiT-B2 73.7 73.5
FPR [49] 1 ResNet101 70.3 70.1
CLIMS [16] I+L ResNet101 70.4 70.0
CLIP-ES [17] I+L ResNet101 73.8 73.9
End-to-end WSSS methods

RRM [1] 1 ResNet38 62.6 62.9
1Stage [50] 1 ResNet38 62.7 64.3
AFA [18] A MiT-B1 66.0 66.3
TSCD [51] A MiT-B1 67.3 67.5
ToCo [3] 1 ViT-B 71.1 72.2
Ours I ViT-B 74.9 74.8

and down-scale image I°. The encoder is thus compelled to learn to
extract more reliable discriminative features from the original feature
map F?, and the DeepLab decoder can then output a complete seman-
tic segmentation result based on the intact feature map. Besides, as
DeepLab decoder benefits from our M-SEE and outputs more accurate
segmentation results, the reliable discriminative regions selected by M-
SEE become more accurate. Then, these more accurate selected regions
in turn improve the feature enhancement process, benefitting the de-
coder. This cycling training manner further boosts the performance
improvement brought by our M-SEE.

4. Inference

For inference, considering there are noisy features in large- and
small-scale images (i.e., I' and I¥) and the feature map of original-
scale image already contains intact discriminative features, we do not
adopt the multi-scaled feature maps and only use the feature map of
original-size image for decoding final semantic segmentation result.

5. Experiment
5.1. Experimental settings

Datasets and Evaluation Metrics. Our proposed method is eval-
uated on two benchmarks: PASCAL VOC 2012 with 21 classes and
MS COCO dataset with 81 classes. Following common practice [1,3],
PASCAL VOC 2012 dataset is augmented with the SBD dataset [52],
including 10582, 1449, and 1456 images for training, validation, and
testing, respectively. The MS COCO 2014 dataset has 82081 images for
training and 40137 images for validation. During the training phase,
we only use image-level labels. Mean Intersection over Union (mloU)
is reported as the evaluation metric.
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Table 2
Performance comparison with other methods on MS COCO 2014 validation split. ‘RN38’
denotes ResNet38 and ‘RN101’ denotes ResNet101.

Method Sup. Net. Val

Multi-stage WSSS methods

RIB [36] I+S RN101 43.8
EPS [38] I+S RN101 35.7
SIPE [14] 1 RN101 40.6
AMN [45] 1 RN101 44.7
MCTformer [15] 1 RN38 42.0
ESOL [43] 1 RN101 42.6
SAS [46] 1 RN101 44.8
OCR [47] 1 RN38 42.5
BECO [48] 1 RN101 45.1
End-to-end WSSS methods

AFA [18] 1 MiT-B1 38.9
TSCD [51] 17 MiT-B1 40.1
ToCo [3] a ViT-B 42.3
Ours I ViT-B 45.8

Implementation Details. We adopt the ViT-B [53] as the trans-
former encoder, which is pretrained on ImageNet. The decoder is
a DeepLab-LargeFOV-based segmentation head following [54], which
contains two 3 x 3 convolutional layers with a dilation rate of 5
and a 1 x 1 prediction layer. We optimized the entire network via
AdamW [55] with default parameters. The learning rate is warmed up
to 6e~> at the first 1500 iterations and decayed with a rate 0.9 of the
polynomial scheduler for the rest of iterations. The data augmentation
is implemented following [3,18]: random resized cropping to 4482,
random horizontal flipping, and random color jittering. Besides, the
network is trained for 20000 iterations with a batch size equal to 4
in PASCAL VOC 2012 dataset, and trained for 80000 iterations with
a batch size equal to 8 in MS COCO 2014 dataset. During the testing
stage, we use the additional dense CFR processing [56,57].

5.2. Comparison with state-of-the-art

PASCAL VOC 2012. In Table 1, we compare the segmentation
results of our proposed Multi-Scaled Encoder Enhancement (M-SEE)
with other state-of-the-art multi-stage and end-to-end WSSS methods
on PASCAL VOC 2012. It can be seen from the results that our M-
SEE outperforms all previous end-to-end WSSS methods, obtaining
74.9% and 74.8% mloU on the validation split and test split. Our
M-SEE also surpasses the previous state-of-the-art end-to-end method
ToCo [3] by margins of 3.8% and 2.6%, which is also the baseline
method of our M-SEE. Besides, M-SEE still shows a competitive per-
formance compared with multi-stage methods using only image-level
labels, (e.g., exceeding BECO [48] by 1.2% and 1.3%, and exceeding
MCTformer [15] by 3.0% and 3.2%). Although some methods (e.g,
HSC [41] and L2G [39]) use additional saliency maps as the supervision
to reduce the background noise, our method still shows a slightly better
performance than theirs. Additionally, for the methods with language
supervision (e.g., CLIMS [16] and CLIP-ES [17]), which design the
background text prompts to better differentiate the background regions
and foreground objects, they exhibit superior performance than con-
temporaneous methods. Nevertheless, our M-SEE still achieves better
results than them.

MS COCO 2014. In Table 2, we conduct comparisons in a more
challenging benchmark MS COCO 2014. M-SEE achieves a performance
of 45.8% on the validation set, which also outperforms end-to-end
competitors ToCo [3] and AFA [18]. Moreover, we are slightly ahead
of the state-of-the-art multi-stage WSSS method BECO [48] by 0.7%.
All comparisons on both benchmarks verify the effectiveness of our
method.
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Table 3

Ablation study of our M-SEE losses (i.e., £; and £,) on PASCAL VOC 2012 validation
split. ‘CAM’ denotes the mIoU (%) of CAM and ‘Seg.” denotes the mIoU (%) of DeepLab
output without the additional dense CRF processing.

# B! B:LS CAM Seg.

0 72.3 69.2

1 v 74.1 71.6

2 v 73.5 71.1

3 v v 75.1 72.8
Table 4

Ablation study of our binary-masked reliable discriminative regions (i.e., B’ and B*) in
M-SEE losses (i.e., £, and £,) on PASCAL VOC 2012 validation split. ‘w/o B" or ‘w/o
B*’ means discarding the binary-masked reliable discriminative region in Eq. (7)(.e.,
B’ or B*) and directly calculate £, or £, based on all features in images. ‘Seg.” denotes

the mIoU (%) of DeepLab decoder output without the additional dense CRF processing.

# Scale Factor (SF) ! £s Seg.
0 w/0 M-SEE framework 69.2
1 15 w/o B/ w/o B* 70.7
2 ’ w/ B w/o B* 71.6
3 05 w/o B! w/o B’ 70.5
4 : w/o B/ w/ B* 71.1
5 w/o B! w/o B* 70.2
6 1.5 & 05 w/ B! w/ B¢ 72.8

5.3. Ablation studies of losses

In Table 3, we first verify the effectiveness of two losses £; and
L, in our M-SEE framework (i.e., Egs. (5) and (6)). Setting #0 de-
notes the base framework without any losses (i.e., without our M-SEE
framework). On the one hand, by only introducing £;, we achieve
71.6% mloU, 2.4% higher than base framework. On the other hand,
by only introducing £, we achieve 71.1% mloU, 1.9% higher than
base framework. Moreover, by adopting £, and £, simultaneously, we
achieve the highest performance 72.8%. This verifies that either one of
L, and £, can work well for enhancing the encoder, but adopting both
can bring the most significant improvement.

5.4. Ablation studies of binary-masked reliable discriminative regions

In Table 4, we also verify the effectiveness of our binary-masked
reliable discriminative regions (i.e., B’ and B®) in £, and L. Setting
#1 denotes that we implement £; on the base framework without
any reliable discriminative region selections, which means the feature
knowledge is distilled from the whole SF = 1.5 feature map that
inevitably distills noisy non-discriminative features. We achieve 70.7%
in this setting #1, with 0.9% lower than the one of adding our binary-
masked reliable discriminative region B in setting #2, which proves
that we successfully select the reliable feature regions and eliminate
the noisy feature regions in the feature map of images with SF = 1.5.

Besides, for verifying the effectiveness of another binary-masked
reliable discriminative region B*, we conduct similar experiments in
setting #3 and #4. The final semantic segmentation results still demon-
strate the binary-masked reliable discriminative region B* is able to
effectively locate the reliable discriminative features and make the
knowledge distillation losses more precise without learning any noisy
non-discriminative features. Finally, in setting #5, we also conduct
the feature knowledge distillation on the feature maps of images with
SF = 15 and SF = 0.5, without adopting B/ and B*. Interestingly,
the segmentation result only reaches 70.2%, lower than other single-
scale settings (i.e., setting #1 and setting #3). We think this is mainly
because the noisy non-discriminative features are introduced too much
for knowledge distillation without the help of B/ and B*, and the side-
effect of noisy non-discriminative features is higher than the positive
effects brought by multi-scale images (see Table 5).
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Table 5

Ablation study of Scale Factor (SF) selection on PASCAL VOC 2012 validation split.
‘w/0 B” or ‘w/o B*’ means discarding the binary-masked reliable discriminative region.
‘Seg.” denotes the mIoU (%) of DeepLab decoder output without the additional dense
CRF processing.

# Scale Factor (SF) ! Ls Seg.
0 w/0 M-SEE framework 69.2
1 0.5 w/o B! w/ B¢ 71.1
2 0.75 w/o B! w/ B* 70.5
3 1.25 w/ B w/o B* 70.9
4 1.5 w/ B! w/o B* 71.6
5 2 w/ B w/o B* 71.6
Table 6

Ablation study of g selection in our M-SEE loss (Ly_ggg) on PASCAL VOC 2012
validation split. ‘CAM’ denotes the mIoU (%) of CAM and ‘Seg.” denotes the mIoU
(%) of DeepLab output without the additional dense CRF processing.

# p CAM Seg.
0 1.0 73.2 71.9
1 2.0 75.1 72.8
2 3.0 72.9 70.4

5.5. Ablation studies of scale factors

In Table 7, we conduct the experiments for different Scale Factors
(SF) with M-SEE losses (£; or £,) on PASCAL VOC 2012 validation
split. For the small Scale Factor settings (setting #1 and setting #2),
SF = 0.5 achieves a higher performance with 71.1%, which surpasses
the .SF = 0.75 by a margin of 0.6%. For the large Scale Factor settings
(setting #3, setting #4 and setting #5), both SF = 1.5 and SF = 2
reach 71.6%, higher than the SF = 1.25. Considering the SF = 2
images will be divided into more patches and cost more computations
in the ViT encoder, SF = 1.5 should be a more suitable large Scale
Factor for our M-SEE. Therefore, we select SF = 0.5 and SF = 1.5
as our small-scale image and large-scale image Scale Factor (SF),
respectively.

5.6. Ablation studies of hyper-parameter f

In Table 6, we study the selection of p with regard to £, and L. The
segmentation results demonstrate that the setting of § = 2.0 achieves
the highest performance among g = 1.0, f = 2.0, and § = 3.0. So, we
decide to set f = 2.0 as the default value.

5.7. Ablation studies of extreme scale variations

To further verify the impact of the scale number on our method,
we also conduct the experiments by incorporating more scale factors.
In Table 7, it shows when using 3 scales, M-SEE achieves 73.0% mIoU
which is higher than the one of using 2 scales. We argue that it is
because when introducing more scales, more comprehensive discrim-
inative features can be learned by encoder through M-SEE. However,
the gain brought by M-SEE will saturate when using more scales as
the amount of discriminative features is limited. Meanwhile, adopting
more scales inevitably brings more noises when the encoder patch size
does not fit with discriminative region size of different scaled images.
When the side-effect is higher than the positive effect brought by newly
learned discriminative features, the final segmentation performance
inevitably decreases, as reflected by the result of using 4 scales.

5.8. Visualization comparisons

To verify the effectiveness of our M-SEE qualitatively, we also
visualize the CAMs and segmentation results derived from our method
M-SEE and baseline method ToCo [3] in Fig. 3. As can be found in
the results, compared with the baseline method ToCo [3], our M-SEE
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Fig. 3. Visualization comparison of CAMs and final semantic segmentation results between our baseline method ToCo and our M-SEE framework. The experimental dataset is

PASCAL VOC 2012 validation split.

Table 7
Exp. of more Scale Factors (SF) on PASCAL VOC 2012 validation split. ‘Seg.” denotes
the mloU (%) of decoder output.

Settings Scale Factor (SF) Decoder segmentation mIoU (%)
2 scales 1.5 & 0.5 72.8
3 scales 1.5 & 2.0 & 0.5 73.0
4 scales 1.5 & 2.0 & 0.5 & 0.75 72.6

generates more integral CAMs and higher quality semantic segmen-
tation results. For instance, the front wheel of ‘motorcycle’ can only
be mildly activated and incompletely segmented by ToCo while it can
be strongly activated and fully segmented by our M-SEE. This proves
the effectiveness of our method for enhancing the intact extraction
of discriminative features from the feature encoder. Additionally, the
‘bird’ is able to be isolated from the background part ‘branch’ in M-
SEE, instead of confusing with it in ToCo. This further confirms the
usefulness of our reliable discriminative region selection procedure,
which only conducts knowledge distillation among the selected reli-
able discriminative features and thus suppresses the noisy background
(non-discriminative) feature extraction.

5.9. Visualizations of reliable discriminative regions

In this part, we verify the effectiveness of reliable discriminative
regions (i.e., B/ and B*) in M-SEE qualitatively.

In Fig. 4, for Scaling Factor SF = 1.5, we can see that the reliable
discriminative regions (i.e., B') are derived from the SF = 1.5 CAMs
(i.e., M') and the initial segmentation results (i.e., .5). The segmentation
results are incomplete at the beginning (i.e., .S), they can be enhanced
via our M-SEE losses as the reliable discriminative regions are effec-
tively discovered. For example, the rearview mirror of the ‘motorcycle’
is calculated as the reliable discriminative regions in B,. The features
of these regions are then found and used to enhance the feature map
in our method, thereby resulting in final complete segmentation results
(ie., S).

Similarly, for Scaling Factor SF = 0.5, the reliable discriminative
regions (B*) and the changes of segmentation results are visualized in
Fig. 5. It is obvious that many reliable discriminative regions can be
detected by the SF = 0.5 CAMs. For example, the ‘chair legs’ and the
‘dog tail’ are able to be selected in B* and used to enhance the feature
map. Finally, the segmentation results are improved from S to S/ by
our M-SEE.

5.10. Visualizations of more complex scenarios

We show visualizations for images containing multiple objects on
PASCAL VOC and MS COCO in Fig. 6. The results indicate M-SEE
extracts comprehensive discriminative features in multi-object images,
generating intact CAMs in a variety of multi-object scenarios, which are
consistent with our state-of-the-art quantitative results. It also shows
our M-SEE does well on multi-class images. We argue this is because the
discriminative feature extraction issue solved by M-SEE is uncorrelated
with the class number in one image.

6. Discussions
6.1. Discussion of potential limitations

Despite the effectiveness of our method, there are still some limi-
tations that need to be addressed in future work. One notable concern
with multi-scale approaches is the increased computational overhead.
In our implementation, two additional images are simultaneously fed
into the ViT-based encoder during training, which inevitably increases
both computational memory requirements and processing time. How-
ever, through our reliable discriminative region selection module, only
the selected discriminative features from the two feature maps are
utilized in the multi-scale feature enhancement loss, while irrelevant
features are detached without additional computational resources. Un-
like other methods, we remove the multi-scale processing in the infer-
ence stage, reducing both computational overhead and inference time
when generating CAMs and segmentation results. The hyperparameters
of our work are scale factors (SF) and f in smooth 71 loss, different
hyperparameter values cause obviously different outcomes. We will
explore better ways to handle it, such as adopting adaptive scale factor
selection strategies tailored to each class or each object with different
regions, minimizing the impact of scale factor variations on the final
results. For example, we report a representative M-SEE failure case in
Fig. 7. When using S F = 1.5&0.5, the horse legs are suppressed in CAMs
M and segmentation result S, and the person legs are mis-classified to
horses. We think this is because SF = 1.5&0.5 is not perfectly suitable
in this case and the transformer patch size does not fit well with the leg
region size, this will be solved in our future work. Moreover, since our
method relies on real-time information from the segmentation decoder,
it cannot be immediately applied to multi-stage methods. Developing
a suitable solution for multi-stage methods remains an open challenge
that we aim to address in the future.
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Q@

Image M!
Fig. 4. Visualizations of semantic segmentation results and reliable discriminative regions in our M-SEE framework. The experimental dataset is PASCAL VOC 2012 validation
split. M! indicates SF = 1.5 CAMs; S indicates initial semantic segmentation results; B’ indicates reliable discriminative regions generated from M’ and S; S/ indicates the final
semantic segmentation results.

» ] W
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Fig. 5. Visualizations of semantic segmentation results and reliable discriminative regions in our M-SEE framework. The experimental dataset is PASCAL VOC 2012 validation
split. M* indicates SF = 0.5 CAMs; S indicates initial semantic segmentation results; B indicates reliable discriminative regions generated from M* and S; S/ indicates the final
semantic segmentation results.

MS COCO

Fig. 6. (a)-(d) are from PASCAL VOC 2012; (e)—(h) are from MS COCO 2014; All images are multi-object and multi-class images.
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Fig. 7. M-SEE failure case with scale factor SF = 1.5&0.5.

6.2. Discussion of findings in the broader field of WSSS

Under the WSSS task, we observe that some discriminative features
fail to be effectively extracted by the encoder backbone, leading to
under-activation on CAMs, ultimately degrading WSSS performance.
We identify the underlying cause of this issue. In the ViT-based encoder,
the input image is divided into patches. For certain object regions,
when covered by regular-sized patches, some patches only cover lim-
ited semantic information, making it difficult for the ViT encoder to
distinguish these patches, resulting in misclassification. In contrast,
patches from small-scaled images can capture more global semantic
information, making the patches easier to classify. This observation can
be found in all ViT-based methods, including multi-stage methods.

7. Conclusion

In this paper, we demonstrate not all discriminative features can be
encoded by the transformer encoder in end-to-end WSSS setting, caus-
ing the issue of incomplete semantic segmentation. For solving this, we
propose a Multi-Scale Encoder Enhancement (M-SEE) framework for
enabling the encoder to extract intact discriminative features without
introducing noisy non-discriminative features, improving end-to-end
WSSS performance. This finding and solution can also be adopted
to other end-to-end works for improving the final segmentation per-
formance. Moreover, our work still faces some potential limitations,
particularly regarding the computational overhead and deployment
challenges associated with multi-stage methods. We will overcome all
these limitations and investigated other possible solutions in the future
works.
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