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Abstract

Seed area generation is usually the starting point of
weakly supervised semantic segmentation (WSSS). Comput-
ing the Class Activation Map (CAM) from a multi-label
classification network is the de facto paradigm for seed
area generation, but CAMs generated from Convolutional
Neural Networks (CNNs) and Transformers are prone to be
under- and over-activated, respectively, which makes the
strategies to refine CAMs for CNNs usually inappropriate
for Transformers, and vice versa. In this paper, we propose
a Unified optimization paradigm for Seed Area GEneration
(USAGE) for both types of networks, in which the objec-
tive function to be optimized consists of two terms: One
is a generation loss, which controls the shape of seed ar-
eas by a temperature parameter following a deterministic
principle for different types of networks; The other is a reg-
ularization loss, which ensures the consistency between the
seed areas that are generated by self-adaptive network ad-
justment from different views, to overturn false activation
in seed areas. Experimental results show that USAGE con-
sistently improves seed area generation for both CNNs and
Transformers by large margins, e.g., outperforming state-
of-the-art methods by a mIoU of 4.1% on PASCAL VOC.
Moreover, based on the USAGE-generated seed areas on
Transformers, we achieve state-of-the-art WSSS results on
both PASCAL VOC and MS COCO.

1. Introduction
The goal of weakly supervised semantic segmentation

(WSSS) is to train a semantic segmentation model under
weak supervision, i.e., image-level labels, so that the burden
of relying on pixel-level labels is largely reduced. Among
various types of weak supervision, we focus on studying
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Figure 1. Seed area visualization. (a) CAM-based seed areas gen-
erated from a CNN (ResNet38 [48]) and a Transformer (DeiT-
S [42]). (b) USAGE-based seed areas (ours) generated from the
CNN and the Transformer.

WSSS under image-level labels [12, 20, 17, 18, 10, 37],
which is considered one of the most challenging scenarios
and has attracted increasing attention.

Seed area generation is usually the first step of WSSS,
which produces an initial pseudo mask based on the image-
level labels on each training image. This is often achieved
by first optimizing a mapping between the dense feature
map of the image and the image-level labels (i.e., training
a deep neural network for multi-class classification), and
then inferring the contribution of each location on the fea-
ture map to the classification result w.r.t. each specific class.

The Class Activation Map (CAM) [28] has been the
de facto paradigm for seed area generation. However, it
is known that, based on the CAM, seed areas generated
from Convolutional Neural Networks (CNNs) are prone to
be under-activated [3]. In addition, when the backbone
is changed from CNNs to Transformers (which have been
adopted in WSSS very recently and report state-of-the-
art performance [51]), the CAM is inversely prone to re-
sult in over-activated seed areas [35], as shown in Fig. 1.
Consequently, it is difficult to design a seed area gen-
eration paradigm that is appropriate for both CNN-based
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and Transformer-based WSSS. For example, the widely
used CAM refinement strategy-“seed and expand” [20] has
achieved success in CNN-based WSSS, but it is easy to de-
teriorate the over-activation of seed areas in Transformer-
based WSSS.

In this paper, we propose a Unified optimization
paradigm for Seed Area GEneration (USAGE) for both
types of networks, in which the objective function to be op-
timized consists of two terms: a generation loss and a regu-
larization loss. The generation loss measures the fitness be-
tween the contribution of a seed area and the classification
result and controls the shape of the seed area by introducing
a temperature parameter based on a deterministic principle.
This means how to set the temperature parameter for differ-
ent types of networks is deterministic, i.e., set a small/large
temperature for Transformers/CNNs to sharpen/smooth the
seed area.

The regularization loss is designed to ensure the consis-
tency between the seed areas that are generated from dif-
ferent views, which can overturn false activation in seed
areas. Previous WSSS methods [45, 19] mainly adopt ge-
ometric transformations to generate different views to in-
stantiate such a regularization loss, which has achieved a
great success on CNN-based WSSS, but this view gener-
ation strategy might not be appropriate for Transformer-
based WSSS, since Transformers are insensitive to various
geometric transformations [34]. Besides, geometric trans-
formations, e.g., multi-crop, may generate views that only
contain the background region, which may make the consis-
tency optimization process ill-posed. To alleviate the issue,
we propose a self-adaptive network adjustment strategy to
generate different views. In particular, we obtain different
views by making adjustments to the architecture of the clas-
sification network, where the magnitudes of adjustments are
determined by the learning status of the network. This strat-
egy is shown to be effective for both types of networks in
rectifying erroneously activated seed areas.

Extensive experiments show that USAGE can signifi-
cantly improve the quality of the seed areas for both CNNs
and Transformers. Furthermore, under the paradigm of
USAGE, our instantiation for transformers, i.e., applying
sharpening and regularization on the seed areas, leads to
new state-of-the-art WSSS results on both the PASCAL
VOC [11] and MS COCO [29] dataset.

2. Related Work
WSSS methods can be categorized into two types: step-

wise [51, 5, 53, 23] and end-to-end [36, 2]. Since step-
wise methods generally achieve better performance than
end-to-end methods, we focus on the former in this paper.
Most step-wise WSSS methods follow such a sequence of
steps: seed area generation, pseudo mask generation, and
segmentation model training. Seed area generation is the

first step for WSSS which provides initial cues to gener-
ate pseudo masks for further segmentation network train-
ing. The CAM [28] is a widely used technique to generate
seed area. However, CAM-based seed areas generated from
CNNs and Transformers are prone to be under- and over-
activated, respectively.

Seed Area Generation from CNNs. Prior to the
widespread usage of CAMs, earlier methods [32, 31] ex-
plored using multiple instance learning (MIL) for seed
area generation. Pinheiro et al. [32] utilized LogSumExp-
aggregation [4] to aggregate pixel-level predictions in the
output layer, generating image-level scores. Due to the lim-
ited quality in seed area generation, MIL-based methods be-
came inactive after the popularization of CAM. Adversarial
erasing [46, 16] is a well-known CAM [28] expanding strat-
egy that erases the most discriminative region in a CAM to
enforce the classification network to activate on other areas.
Wei et al. [47] proposed to enlarge seed areas by an ensem-
ble of the CAMs computed using multiple dilated convolu-
tional blocks with different dilation rates. Lee et al. [25]
applied an anti-adversarial manner to perturb images along
gradients w.r.t. the classification loss. Different from the
above methods that mitigate under-activation by expand-
ing seed areas via iteratively assembling, some other meth-
ods [45, 53] attempted to solve this problem by maintain-
ing consistency between seed areas from different views,
jointly optimized with the classification loss. The most rep-
resentative method is [45], which generated views by dif-
ferent geometric transformations. However, the view con-
sistency strategy under different geometric transformations
might not be appropriate for Transformers, as Transformers
are insensitive to various geometric transformations. Un-
like these methods, the view consistency strategy in our US-
AGE is based on network adjustment, which is appropriate
to both CNNs and Transformers.

Seed Area Generation from Transformers. Follow-
ing the research line of Transformers, very recently, Xu et
al. [51] proposed a multi-class token transformer to gener-
ate the class-to-patch attention map as the seed area. Al-
though the class-to-patch attention map provides an up-
graded version of the CAM [28] (more concrete details are
discussed in Sec. 4.3), it also suffers from over-activation.

Our USAGE can address both the over-activation is-
sue for Transformers and the under-activation issue for
CNNs. We also show that, both CAM-based and MIL-based
seed area generation methods are special cases of USAGE
(Sec. 4.3).

3. Revisiting CAM in Seed Area Generation
The pipeline of the mainstream WSSS methods consists

of three sequential steps: 1) Generating seed areas for train-
ing images from a multi-label classification network; 2) Re-
fining seed areas to be pseudo masks via affinity propa-

625



Methods mIoU (%)↑ FPR (%)↓ FNR (%)↓

CNN. CAM 47.8 22.6 30.1
CNN. USAGE w/o REG 49.6 22.9 27.2

CNN. USAGE 57.7 20.4 22.6

Trans. CAM 52.3 28.4 19.1
Trans. USAGE w/o REG 64.0 20.3 15.5

Trans. USAGE 67.7 17.8 14.7

Table 1. Analysis of different seed areas computed from the CNN
and the Transformer on the PASCAL VOC 2012 train set [11].

gation, e.g., PSA [1]; 3) Training a segmentation network
based on pseudo masks which can be used to perform seg-
mentation on a test image. We mainly focus on the first step,
i.e., seed area generation, since the quality of seed areas can
directly influence succeeding steps.

We provide a critical review of CAM [28] in seed area
generation for WSSS regarding to different types of net-
work backbones, i.e., CNN and Transformer and reveal that
how it suffers from problematic activations.

3.1. Preliminary Background

We begin by introducing the learning paradigm of seed
area generation. Formally, let C be a pre-defined category
label set, given an input image I with its image-level label
y ∈ {0, 1}|C|, existing methods first train a neural network
H = F ◦ G, where a feature extractor F maps I to a dense
feature map A = F (I) ∈ RW×H×D, and a classifier G,
parameterized with w, maps A to a score vector over pre-
defined categories s = G (A,w) ∈ R|C|. F can be any type
of neural networks, e.g., CNN or Transformer. Accordingly,
the objective function of seed area generation is formulated
as:

(Â, ŵ) = argmin
A,w

L (y, s)

= argmin
A,w

1

|C|
∑
c

Lc
CE (y

c, σ (sc)) ,
(1)

which defines a cross entropy (CE) loss function for the
mapping between features and image-level labels. sc and
yc denote the score and image-level label of class c, respec-
tively, and σ is the sigmoid function. During inference, the
seed area Mc for each class c is obtained as:

M c
ij =

D∑
d=1

ŵc
dÂ

d
ij , (2)

where (Â)di,j is the d-th dimension feature at position (i, j),
ŵc

d is the weight of the classifier corresponding to class c for
feature dimension d, and M c

ij is the value of the seed area
Mc at position (i, j).

CAM [28] is the de facto paradigm for seed area gener-
ation, which adopts a global average pooling (GAP) and a

(a) Image (b) CNN (c) Transformer

Feature Map CAM Feature Map CAM

Figure 2. Comparison of CAMs and feature maps generated from
CNNs and Transformers. (a) Input Image. (b) Feature maps and
CAMs computed from a CNN. (c) Feature maps and CAMs com-
puted from a Transformer. The above feature maps are averaged
along the channel dimension.

fully-connected layer as the classifier. The mapping of the
classifier G(·, ·) is specified as:

sc =
1

N

D∑
d=1

wc
d

W∑
i=1

H∑
j=1

Ad
ij

=
1

N

W∑
i=1

H∑
j=1

D∑
d=1

wc
dA

d
ij .

(3)

where N is the spatial size (= width W × height H) of the
feature map A.

3.2. Under-activation and Over-activation

To determine whether a seed area is over- or under-
activated, we first give some metrics derived from the clas-
sical definition of false positive and false negative rates.

FPR = FP/(T+FP),FNR = FN/(P+FN), (4)

where the terms FPR and FNR correspond to false positive
rate and false negative rate w.r.t. a target class, respectively.
T and P refer to true predictions and positive predictions for
the target class, respectively. Meanwhile, FP and FN de-
note false positive predictions and false negative predictions
for that class, respectively. Intuitively, a higher FNR value
implies that more foreground regions are not activated, in-
dicating under-activation. Conversely, a higher FPR value
indicates more background regions are mistakenly activated
as seed areas, signifying over-activation. Besides, the mean
intersection-over-union (mIoU) is used as the typical metric
for segmentation.

Table 1 shows quantitative results with three metrics.
Compared to the CAM-based seed area generated from
the CNN, the CAM-based seed area generated from the
Transformer improves mIoU by 3.5%, which reveals the
Transformer is a more powerful alternative network for
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WSSS. Besides, our proposed two metrics verify that the
Transformer can help the CAM-based seed area to alle-
viate under-activation by 11.0% FNR, compared with the
CNN. However, the CAM-based seed area generated from
the Transformer also suffered from over-activation, which
increases FPR by 5.8%. Furthermore, we show some quali-
tative results of CAMs in Fig. 2. It reveals that CAMs gen-
erated from CNNs and Transformers are under- and over-
activated, respectively.

3.3. Observation and Analysis

We can observe that the feature characteristics of dif-
ferent networks would directly influence the shapes of
CAM-based seed areas (over-activated or under-activated)
by comparing the visualizations in both Fig. 1 and Fig. 2.
Specifically, the feature maps generated from the Trans-
former are more likely to involve more global context infor-
mation. Meanwhile, the irrelevant information would not
be suppressed from the following classifier, since the GAP
follows the principle that each location on a feature map is
capable of contributing to the classification results equally.
Therefore, during inference, the seed area is unable to dis-
tinguish irrelevant context and the region of a target class,
leading to the over-activation problem. In contrast, the CNN
features capture local context, leading to under-activation.

According to these experimental results, we observe that
the core issue of the current seed area generation paradigm
is that feature characteristics directly influence the shapes of
seed areas. Thus, if we can design a mechanism to prevent
the negative effects of the feature characteristics from both
CNNs and Transformers, it would be capable of controlling
the activation of seed areas in a unified paradigm.

4. Unified Seed Area Generation

In this section, we introduce the proposed Unified op-
timization paradigm for Seed Area GEneration (USAGE).
USAGE is motivated by previous analysis, in which the ob-
jective function consists of two terms: a generation loss
LGEN to make seed areas adapt to different types of net-
works and a regularization loss LREG to overturn falsely ac-
tivation seed areas, as shown in Fig. 3. The core of the gen-
eration loss is to introduce a spatial activation distribution
α ∈ RW×H×|C| to realize the shape of seed areas, which
explicitly indicate the influence at each spatial location on
the feature map contributed to the final classification result.
By controlling the α via smoothing or sharpening, the seed
areas can be adaptive to the feature characteristics of differ-
ent networks. Moreover, a regularization loss LREG (α) is
employed to regularize the seed areas.

The objective function of USAGE is formulated as:

(Â, ŵ) = argmin
A,w

LGEN (y, s̃) + λLREG (α)

= argmin
A,w

1

|C|
∑
c

Lc
CE (y

c, σ (s̃c)) + λLREG (α) ,

(5)
where λ is a coefficient and

s̃c =

∑W
i=1

∑H
j=1 α

c
ij

∑D
d=1 w

c
dA

d
ij∑W

i=1

∑H
j=1 α

c
ij

. (6)

Intuitively, the activation value
∑D

d=1 w
c
dA

d
ij is an off-the-

shelf prior for indicating the distribution of each location on
the feature map during training. For simplicity, we employ
it to compose the spatial activation distribution αc

ij . More-
over, we argue that αc

ij should also be normalized along
with the category channel since one location should only
contribute to one class. In light of these clues, the spatial
activation distribution α is obtained by applying a softmax
function to the activation value

∑D
c=1 w

c
dA

d
ij :

αc
ij =

exp
(∑D

d=1 w
c
dA

d
ij

)
∑|C|+1

c=1 exp
(∑D

d=1 w
c
dA

d
ij

) . (7)

We add an additional background channel with a constant
value for rationality since not all locations are covered by
foreground classes.

4.1. Activation Shape Controlling

To cope with different types of networks, we integrate
the temperature scaling [13] to control the spatial activation
distribution. To this end, a simple modification to the map-
ping function (Eq. 6) is made as follows:

s̃c =

∑W
i=1

∑H
j=1(α

c
ij)

1/τ1
∑D

d=1 w
c
dA

d
ij∑W

i=1

∑H
j=1(α

c
ij)

1/τ1
, (8)

where τ1 ∈ R+ denotes a temperature parameter, it can
control spatial activation distribution to be sharpened or
smoothed, e.g., a smaller value of τ1 encourages the net-
work to focus on a portion of locations with higher con-
tribution and alleviate over-activation for Transformers. In
contrast, when τ1 is nearly infinite, it will force the network
to learn from features at each location, which is beneficial
for CNNs.

4.2. Activation Shape Regularization

Since the spatial activation distribution α is highly cor-
related with learned features, it lacks the ability to rectify
mistakes caused by feature representations i.e., overturning
incorrectly activated seed areas. To solve this problem, we
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Figure 3. The overall training process of our unified seed area generation paradigm (USAGE). The objective function of USAGE includes
two terms: The first term is a generation loss which optimizes a mapping function between features and image-level labels controlled by
the spatial activation distribution. The second term is a regularization loss to ensure the consistency between spatial activation distributions
from two views. The two views are computed from a teacher network and a student network, respectively. The teacher and student networks
are obtained by making different adjustments to the architecture of a classification network.

DeiT

LN MSA LN MLP

L×

DeiT

LN MSA LN MLP

L×

Student

Teacher

dropoutdrop-path drop-path

drop-path drop-path

Figure 4. The diagram of how to make adjustment to the archi-
tecture of a classification network (DeiT [42]) to form the student
network and the teacher network. Two adjustment operation are
used, i.e., dropout [38] and drop-path [21].

apply a regularization loss to regularize the spatial activa-
tion distribution to encourage semantic consistency between
two views.

Self-adaptive Network Adjustment. The different views
here are obtained by making different adjustments to the
architecture of the classification network, where the ad-
justment is achieved by applying dropout [38] and drop-
path [21] to the architecture (the detailed design is shown
in Fig. 4 as an example). Specifically, we adopt a strong ad-
justment and a weak adjustment to the architecture, result-
ing in a student network and a teacher network, respectively.
The weights of the teacher are updated from the student us-

ing Exponential Moving Average (EMA) [22]. However,
maintaining a fixed adjustment gap between the teacher and
student models may overlook the varying learning difficul-
ties across different stages of training. To address this, we
propose a self-adaptive network adjustment scheme that can
dynamically increase the adjustment gap based on the cur-
rent learning status of the models. We estimate the current
learning status as the EMA of the classification score at each
training time step, as inspired by recent work [44]. We use
the cross entropy loss function to measure the consistency
between the spatial activation distribution αij from the stu-
dent network and the spatial activation distribution α̃ij from
the teacher network. The regularization term is specified as:

LREG (α) = −τ22
1

N

W∑
i=1

H∑
j=1

(α̃ij)
1/τ2 log (αij)

1/τ2 , (9)

where τ2 ∈ R+ is a temperature parameter.

4.3. Relationship to Other Variants

In this subsection, we analyze the relationship between
USAGE and other seed area generation approaches, in-
cluding cross-view regularization by geometric transform,
multiple instance learning and class-to-patch attention map-
ping. We show that all of them are special cases of USAGE
and conduct throughout comparison with them in Sec. 5.3.
Cross-view Regularization by geometric Transform.
Most previous WSSS methods [19, 45] cross-view regu-
larization by geometric transform, i.e., applying different
manually pre-defined geometric transforms to input images

628



to construct multiple views. Their objective function for
seed area generation has the same form as ours, i.e., Eq. 5,
but they constructed the mapping of the classifier G(·, ·) by
Eq. 3 rather than Eq. 8. Without the activation shape con-
trolling ability provided by Eq. 8, their methods are eas-
ily influenced by the feature characteristics of different net-
works, and thus suffer from problematic activations. Be-
sides, we also show that our instantiation for regularization,
i.e., cross-view regularization by architecture adjustment is
more effective for seed area generation from Transformers
(Sec. 5.3).
Multiple Instance Learning. In the early stage, i.e., prior
to the popularization of the CAM, pioneer WSSS methods
used multiple instance learning (MIL) [30] to mine seed ar-
eas. For example, Pinheiro et al. [33] instantiated the map-
ping of the classifier G(·, ·) as a MIL problem by leverag-
ing Eq. 6, and computed the objective function following
Eq. 1. However, since Eq. 6 lacks activation shape control-
ling as well as Eq. 1 lacks the regularization term, MIL-
based methods are easily affected by different feature char-
acteristics, which leads to problematic activations.
Class-to-patch Attention Mapping. As mentioned in
Sec. 2, Xu et al. [51] proposed to generate seed areas
from Transformers based on the class-to-patch attention
map rather than the CAM [28]. They used Eq. 1 as the
objective function for seed area generation and instantiated
the mapping of the classifier G(·, ·) by:

ŝc =

∑W
i=1

∑H
j=1 β

c
i,j

∑D
d=1

1
DP(Ad

ij)∑W
i=1

∑H
j=1 β

c
i,j

, (10)

where
βc
i,j = wc

dA
d
i,j , (11)

and P(·) is a multilayer perceptron (MLP) layer. Eq. 10
shows that [51] directly used the activation value to indicate
the influence at each spatial location rather than a normal-
ized distribution. Since they neither explicitly controlled
the shape of activation (Eq. 10) nor involved the regulariza-
tion term (Eq. 1), the seed areas generated from Transform-
ers are inevitably over-activated (see the second column of
Fig. 5).

5. Experiments
In this section, we first describe the experimental setup

and implementation details (Sec. 5.1). Then, we compare
our method with state-of-the-art weakly supervised seman-
tic segmentation methods (Sec. 5.2). Finally, we conduct an
ablation study to show the contribution of each component
in our method (Sec. 5.3).

5.1. Experimental Settings

Datasets. We evaluate the proposed approach on two
datasets, i.e., PASCAL VOC 2012 [11] and MS COCO

Method Seed Mask

Chang et al. (CVPR20) [5] 50.9 63.4
SEAM (CVPR20) [45] 55.4 63.6
AdvCAM (CVPR21) [25] 55.6 68.0
CDA (ICCV21) [39] 58.4 66.4
Zhang et al.(ICCV21) [53] 57.4 67.8
RIB (NeurIPS21) [23] 56.5 68.6
SIPE (CVPR22) [7] 58.6 -
ReCAM (CVPR22) [8] 56.6 -
CLIMS (CVPR22) [49] 56.6 70.5
MCTformer (CVPR22) [51] 61.7 69.1
ViT-PCM (ECCV22) [35] 63.6 67.1

USAGE (Ours) 67.7 72.8

Table 2. Evaluation of the seed area (Seed) and the corresponding
pseudo mask (Mask) refined by PSA [1] in terms of mIoU (%) on
the PASCAL VOC 2012 [11] train set.

Table

Bus

Person

(a) Image (b) MCTformer (c) USAGE w/o REG (d) USAGE

Figure 5. Seed area visualization. (a) Input image. (b) Seed area
generated in MCTformer [51]. (c) USAGE (Ours) without using
activation shape regularization. (d) USAGE (Ours).

2014 [29]. PASCAL VOC has three subsets, i.e., training
(train), validation (val) and test sets, each of which contains
1,464, 1,449, and 1,456 images, respectively. It has 20 ob-
ject classes and one background class for the semantic seg-
mentation task. Following [24, 53, 19, 52], an augmented
set of 10,582 images, with additional data from [14], is used
for training. MS COCO contains 80 object classes and one
background class for semantic segmentation. Its training
and validation sets contain 80K and 40K images, respec-
tively.
Evaluation metrics. Following prior works [51], we use
the mIoU to evaluate the semantic segmentation perfor-
mance on the val set, of the two benchmarks. We obtained
the semantic segmentation results on the PASCAL VOC test
set from the official evaluation server.
Implementation details. We perform our USAGE on two
types of networks, i.e., Transformer and CNN. For Trans-
former, following [51], we use the DeiT-S [42] pre-trained
on ImageNet [9] as our network. We followed the data aug-
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Method Seg.Back. Sup. Val Test

SeeNet (NeurIPS18) [16] ResNet38 I+S 63.1 62.8
Sun et al. (ECCV20) [40] ResNet101 I+S 66.2 66.9
EPS (CVPR21) [26] ResNet101 I+S 70.9 70.8
AuxSegNet (ICCV21) [50] ResNet38 I+S 69.0 68.6
ESOL (NeurIPS22) [27] ResNet101 I+S 71.1 70.4
ReCAM (CVPR22) [25] ResNet101 I+S 71.8 72.2
L2G (CVPR22) [19] ResNet101 I+S 72.1 71.7
Araslanov et al. (CVPR20) [2] ResNet38 I 62.7 64.3
SEAM (CVPR20) [45] ResNet38 I 64.5 65.7
BES (ECCV20) [6] ResNet101 I 65.7 66.6
CONTA (NeurIPS20) [52] ResNet38 I 66.1 66.7
AdvCAM (CVPR21) [25] ResNet101 I 68.1 68.0
ECS-Net (ICCV21) [41] ResNet38 I 66.6 67.6
CDA (ICCV21) [39] ResNet38 I 66.1 66.8
Zhang et al. (ICCV21) [53] ResNet38 I 67.8 68.5
AdvCAM (CVPR21) [25] ResNet101 I 68.1 68.0
RIB (NeurIPS21) [23] ResNet38 I 68.3 68.6
SIPE (CVPR22) [7] ResNet38 I 68.8 69.7
CLIMS (CVPR22) [49] ResNet101 I 70.4 70.0
MCTformer (CVPR22) [51] ResNet38 I 71.1∗ 71.6

USAGE (Ours) ResNet38 I 71.9 72.8

Table 3. Performance comparison of WSSS methods in terms of
mIoU (%) on the PASCAL VOC 2012 [11] val and test sets using
different segmentation backbones. Seg.Back.: Network backbone
for segmentation. Sup.: supervision. I: image-level labels. S:
Saliency maps. ∗: Our reimplemented results using official code.

mentation and default training parameters provided in [42].
Besides, we also employ the patch-level pairwise affinity
proposed by [51] to refine the seed area without additional
computations. We set τ1 to 1 and τ2 to 0.1. We set the
drop path rate γt in the teacher network to 0.05. The drop
path rate γs and the drop rate δs in the student network are
raised from 0.05 to 0.15 and from 0 to 0.01, respectively.
The λ is 0.25 and the update rate for EMA is set to 0.99. For
CNN, we followed the procedure of [1], including the use of
ResNet38 [48]. We set τ1 to 50 as a way of smoothing, and
τ2 also to 0.1. To report final semantic segmentation results,
we follow prior works [1, 53, 51] to use ResNet38 [48] and
ResNet101 [15] as the backbones for segmentation. No-
tably, since the seed area computed from the Transformer
achieves better performance, we adopt DeiT-S [42] as our
default network for seed area generation.

5.2. Comparisons with the State-of-the-Arts

PASCAL VOC. We follow [1, 45, 51] to apply PSA [1]
on the proposed seed areas (seed) to generate pseudo masks
(mask) on the train set. As shown in Table 2, the proposed
USAGE performs better than existing works by large mar-
gins in terms of seed area generation and pseudo mask gen-

Method Seg.Back. Sup. Val

EPS (CVPR21) [26] ResNet101 I+S 35.7
AuxSegNet (ICCV21) [50] ResNet38 I+S 33.9
ESOL (NeurIPS22) [27] ResNet101 I+S 42.6
L2G (CVPR22) [19] ResNet101 I+S 44.2

Wang et al. (IJCV20) [43] VGG16 I 27.7
SEAM (CVPR20) [45] ResNet38 I 31.9
CONTA (NeurIPS20) [52] ResNet38 I 32.8
CDA (ICCV21) [39] ResNet38 I 33.2
SIPE (CVPR22) [7] ResNet101 I 40.6
MCTformer (CVPR22) [51] ResNet38 I 42.0

USAGE (Ours) ResNet38 I 42.7
USAGE (Ours) ResNet101 I 44.3

Table 4. Performance comparison of WSSS methods in terms of
mIoU (%) on the MS COCO [29] val set.

(a)

(b)

(c)

(d)

Figure 6. Qualitative segmentation results on the PASCAL VOC
2012 [11] val set. (a) Input image. (b) MCTformer [51]. (c) US-
AGE (Ours). (d) Ground-truth.

eration, e.g., improving previous SOTA [35] by 4.1%. Ta-
ble 3 shows that the proposed USAGE achieves segmenta-
tion results (mIoUs) of 71.9% and 72.8% on the val and test
sets, respectively. The proposed USAGE performs signifi-
cantly better than all the existing methods using only image-
level labels. We also note that, our results achieve simi-
lar performance with most WSSS methods which leverage
saliency maps. We also show some qualitative results of the
seed areas in Fig. 5 and segmentation results in Fig. 6. This
indicates our USAGE is effective to generate high-quality
results. Even if the context is ambiguous, our method still
performs well.
MS COCO. Table 4 shows the comparison results of our
method against several existing methods on the MS COCO
2014 dataset [29]. For example, by adopting the ResNet101
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Temperature τ1 0.5 1 2 25 50 75

Trans.USAGE sharpening

mIoU (%) 67.2 67.7 67.1 52.3 51.4 50.3

CNN.USAGE smoothing

mIoU (%) 48.9 49.6 50.5 57.5 57.7 56.7

Table 5. Discussion of the temperature parameter τ1 following the
deterministic principle, i.e., smoothing for CNNs or sharpening
for Transformers.

as the segmentation network backbone, our approach sur-
passes previous methods using only image-level labels by
2.3%. In particular, our method can even achieve com-
parable results compared to the methods using additional
saliency maps. We also offer a superior performance us-
ing the ResNet38 as the segmentation network backbone,
achieving 42.7% mIoU. More qualitative results are shown
in the supplementary material.

5.3. Ablation Study

Ablation of main components. Here, we do an ablation
study to show the benefit brought by each component of
our proposed USAGE, i.e., activation shape controlling and
activation shape regularization. As shown in Table 1, by
introducing the activation shape controlling on the spatial
activation distribution α, our method can obtain much bet-
ter mIoUs for the seed area computed from the CNN and
the Transformer (49.6% and 64.0%). Meanwhile, the acti-
vation shape controlling yields great performance improve-
ments on the other two metrics, FPR and FNR, by 3.9%
and 3.3% on average. This reveals that the activation shape
controlling alleviates problematic activations caused by fea-
ture characteristics. Furthermore, the seed area results are
further boosted to 57.7% and 67.7%, respectively, after in-
tegrating the activation shape regularization. As shown in
the Fig. 5, we observe that the seed areas appear more com-
plete (the first two rows) and accurate (the last row), which
verifies the ability of the activation shape regularization in
overturning misled seed areas.
Discussion of temperature parameter. We conduct ex-
periments of the hyper-parameter temperature τ1, as shown
in Table 5. The results show that controlling temperature
τ1 to adapt to different types of networks is easy, as it fol-
lows a deterministic principle, i.e., smoothing for CNNs or
sharpening for Transformers, and the performance is robust
across different temperature values.
Rates of drop path and dropout for our network adjust-
ment. We use drop path and dropout to realize network
adjustment, where whether an adjustment is strong or weak
is determined by the rates of both drop path and dropout.
High and low rates lead to strong and weak adjustments,
respectively. If the difference between the rates for the
teacher and that for the student increases, then their adjust-

ment gap becomes larger. The “weak/strong adjustment”
encourages a model to produce consistent predictions for
the same pixel under different views, leading to robust lo-
calization. As shown in Table. 6, our USAGE demonstrates
robustness w.r.t. these hyper-parameters. γt: drop path rate
in the teacher model (default setting). γs: drop path rate in
the student model. δs: drop rate in the student model.

Discussion of Self-adaptive strategy for our network ad-
justment. In order to control the growing gap between
the student and teacher’s network adjustment, we introduce
a self-adaptive strategy. By adaptively increasing the ad-
justment gap, the student will efficiently learn to distin-
guish and preserve all features that are pertinent to the fore-
ground objects. We demonstrate the effectiveness of the
self-adaptive strategy by comparing it with two commonly
used functions, namely “Fixed”, maintaining the adjustment
gap at a fixed value, and “Linear”, an increase in the ad-
justment gap at a fixed value in a linear fashion with train-
ing progresses. As shown in Table 7, our proposed strat-
egy achieves better performance with “Fixed” and “Linear”
strategies, which indicates that the self-adaptive strategy is
essential for the proposed network adjustment framework.

Variants. The objective function of our USAGE (Eq. 5) in-
cludes a classification term and a regularization term. The
first term aims to optimize a mapping function, which is
realized by the activation shape controlling (CM) in our
USAGE according to Eq. 8. As discussed in Sec. 4.3, the
mapping function can also be realized by three variants, in-
cluding CAM [28], class-to-patch attention mapping [51]
and MIL-based method [33]. The second term is achieved
by network architecture adjustment (AA), which also can
be achieved by two variants, i.e., geometric transform [45]
and online attention accumulation [18]. As shown in Ta-
ble 8, we conduct experiments to evaluate these variants,
which reveals our terms are able to achieve superior re-
sults in terms of seed area generation from both CNNs and
Transformers, and performs favourably against all variants.
Based on the experiment results, we have the following
observations: 1) Compared to CNN, we argue that Trans-
former is a more effective network for seed area generation
(52.3% vs. 48.7%), especially when using MIL as a type of
mapping (54.3% vs. 29.3%). 2) We replace our network
adjustment with geometric transform [45] for regulariza-
tion and its performance dramatically drops by 5.3%. We
analyze that the reason might be the regularization by ge-
ometric transform barely overturn misled seed areas, since
erroneous seed areas are also capable of keeping consistent
between different transformations. Online attention accu-
mulation [18] also shows inferior performance, with perfor-
mance drops by 3.6% on average. 3) Even without using
our mapping (i.e., CM), our AA can also bring performance
gains for seed area generation (56.5% vs. 52.3%), which
reveals its ability to overturn misled seed areas. We show a
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Image CAM MIL CNN.USAGE Image CAM MCT Trans.USAGE

Figure 7. Seed area visualizations on the PASCAL VOC [11] train set. Left: Seed area generation from a CNN (ResNet38 [48]). Right:
Seed area generation from a Transformer (DeiT-S [42]). MCT: Class-to-patch attention map [51]. MIL: a MIL-based method [33].

γt 0.05 0.05 0.05 0.05 0.05 0.05 0.05
γs 0.05 0.10 0.15 0.2 0.25 0.15 0.15
δs 0.01 0.01 0.01 0.01 0.01 0 0.02

mIoU (%) 66.4 67.2 67.7 67.3 66.9 67.0 66.8

Table 6. Ablation on different rates of drop path and dropout for
our network adjustment, on the PASCAL VOC [11] train set. γt:
drop path rate in the teacher model (default setting). γs: drop path
rate in the student model. δs: drop rate in the student model.

Strategy Fixed Linear Self-adaptive

Trans.USAGE

mIoU(%) 66.6 67.2 (+0.6) 67.7 (+1.1)

CNN.USAGE

mIoU(%) 55.5 56.9 (+1.4) 57.7 (+2.2)

Table 7. Discussion of the introduced self-adaptive strategy for our
network adjustment, on the PASCAL VOC [11] train set. Here,
we present three strategies that determine the change of the ad-
justment gap between weak and strong network adjustments. The
term “Fixed” refers to a fixed value, “Linear” represents a linear
function, and “Self-adaptive” indicates the self-adaptive strategy.

few qualitative results comparing seed areas among differ-
ent variants in Fig. 7. More comparisons are provided in the
supplementary material.

6. Conclusion
We developed a unified optimization paradigm for gen-

erating seed areas, called USAGE. The objective function
of USAGE consists of two terms: a generation loss that en-
ables seed areas to be adaptive to different types of networks
via a simple temperature parameter, and a regularization
loss ensures the consistency between the seed areas that are
generated by self-adaptive network adjustment from differ-
ent views. By incorporating these two terms, USAGE can
solve problematic activations of seed areas for both CNNs
and Transformers. Experimental results demonstrated that

Mapping Regularization mIoU (%)

CAM MCT MIL CM w/o GT OAA AA

Seed area generation from CNN
✓ ✓ 48.7

✓ ✓ 29.3
✓ ✓ 53.9
✓ ✓ 55.4

✓ ✓ 57.7

Seed area generation from Transformer
✓ ✓ 52.3

✓ 55.2
✓ ✓ 54.3

✓ ✓ 62.4
✓ ✓ 65.1
✓ ✓ 56.5

✓ ✓ 67.7

Table 8. Comparison of the variants of the USAGE on the PAS-
CAL VOC 2012 [11] train set. MCT: Class-to-patch attention
map [51]. MIL: MIL-based method [33]. GT: cross-view reg-
ularization by geometric transform [45]. CM: Activation shape
controlling based mapping function in our USAGE. OAA: cross-
view regularization by online attention accumulation [18]. AA:
Activation shape regularization by architecture adjustment in our
USAGE. Mapping: The mapping function optimized by the first
term in Eq. 5. Regularization: The second term in Eq. 5.

our USAGE could bring continuous performance gains on
seed area generation and achieved state-of-the-art results on
PASCAL VOC and COCO datasets.
Limitation. Throughout this paper, we investigated the
step-wise pipeline of WSSS, while the end-to-end pipeline
that often produces inferior results remains uncovered. In
the future, we look forward to generalizing the idea of US-
AGE to improve the end-to-end WSSS algorithms.
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data-efficient image transformers & distillation through at-
tention. In ICML, 2021. 1, 5, 6, 7, 9

[43] Xiang Wang, Sifei Liu, Huimin Ma, and Ming-Hsuan Yang.
Weakly-supervised semantic segmentation by iterative affin-
ity learning. IJCV, 128(6):1736–1749, 2020. 7

[44] Yidong Wang, Hao Chen, Qiang Heng, Wenxin Hou, Marios
Savvides, Takahiro Shinozaki, Bhiksha Raj, Zhen Wu, and
Jindong Wang. Freematch: Self-adaptive thresholding for
semi-supervised learning. arXiv preprint arXiv:2205.07246,
2022. 5

[45] Yude Wang, Jie Zhang, Meina Kan, Shiguang Shan, and
Xilin Chen. Self-supervised equivariant attention mech-
anism for weakly supervised semantic segmentation. In
CVPR, 2020. 2, 5, 6, 7, 8, 9

[46] Yunchao Wei, Jiashi Feng, Xiaodan Liang, Ming-Ming
Cheng, Yao Zhao, and Shuicheng Yan. Object region mining
with adversarial erasing: A simple classification to semantic
segmentation approach. In CVPR, 2017. 2

[47] Yunchao Wei, Huaxin Xiao, Honghui Shi, Zequn Jie, Jiashi
Feng, and Thomas S Huang. Revisiting dilated convolution:
A simple approach for weakly-and semi-supervised semantic
segmentation. In CVPR, 2018. 2

[48] Zifeng Wu, Chunhua Shen, and Anton Van Den Hengel.
Wider or deeper: Revisiting the resnet model for visual
recognition. Pattern Recognition, 90:119–133, 2019. 1, 7, 9

[49] Jinheng Xie, Xianxu Hou, Kai Ye, and Linlin Shen. Clims:
Cross language image matching for weakly supervised se-
mantic segmentation. In CVPR, 2022. 6, 7

[50] Lian Xu, Wanli Ouyang, Mohammed Bennamoun, Farid
Boussaid, Ferdous Sohel, and Dan Xu. Leveraging auxiliary

tasks with affinity learning for weakly supervised semantic
segmentation. In ICCV, 2021. 7

[51] Lian Xu, Wanli Ouyang, Mohammed Bennamoun, Farid
Boussaid, and Dan Xu. Multi-class token transformer for
weakly supervised semantic segmentation. In CVPR, 2022.
1, 2, 6, 7, 8, 9

[52] Dong Zhang, Hanwang Zhang, Jinhui Tang, Xiansheng Hua,
and Qianru Sun. Causal intervention for weakly-supervised
semantic segmentation. In NeurIPS, 2020. 6, 7

[53] Fei Zhang, Chaochen Gu, Chenyue Zhang, and Yuchao Dai.
Complementary patch for weakly supervised semantic seg-
mentation. In ICCV, 2021. 2, 6, 7

634


