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Abstract

Weakly supervised semantic segmentation has witnessed
great achievements with image-level labels. Several recent
approaches use the CLIP model to generate pseudo labels
for training an individual segmentation model, while there
is no attempt to apply the CLIP model as the backbone to di-
rectly segment objects with image-level labels. In this paper,
we propose WeCLIP, a CLIP-based single-stage pipeline,
for weakly supervised semantic segmentation. Specifically,
the frozen CLIP model is applied as the backbone for se-
mantic feature extraction, and a new decoder is designed
to interpret extracted semantic features for final predic-
tion. Meanwhile, we utilize the above frozen backbone to
generate pseudo labels for training the decoder. Such la-
bels cannot be optimized during training. We then pro-
pose a refinement module (RFM) to rectify them dynami-
cally. Our architecture enforces the proposed decoder and
RFM to benefit from each other to boost the final perfor-
mance. Extensive experiments show that our approach sig-
nificantly outperforms other approaches with less training
cost. Additionally, our WeCLIP also obtains promising re-
sults for fully supervised settings. The code is available at
https://github.com/zbf1991/WeCLIP.

1. Introduction
Weakly supervised semantic segmentation (WSSS) [2, 48,
56] aims to learn a pixel-level segmentation model from
weak supervision so as to reduce the manual annotation ef-
forts. The common weak supervision signals contain scrib-
ble [27], bounding-box [43], point [4] and image-level la-
bels [1, 19, 47, 52]. Among these supervisions, image-level
annotation is the most popular one, as such annotations can
be easily obtained through web-crawling.

There are two training solutions for WSSS with image-
level labels: multi-stage training and single-stage training.
For existing single-stage approaches, their backbones rely
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Figure 1. Comparisons between our approach and other single-
stage or CLIP-based approaches. (a) Previous single-stage ap-
proach, which uses a trainable ImageNet [11] pre-trained back-
bone with trainable classification and segmentation process. (b)
Previous CLIP-based approach, which is a multi-stage approach
that uses the Frozen CLIP model to produce pseudo labels and
trains an individual ImageNet pre-trained segmentation model. (c)
Our approach. Our approach is a single-stage approach that uses
a frozen CLIP model as the backbone with a trainable segmenta-
tion process, significantly reducing the training cost.

on pre-training on ImageNet [11] and fine-tuning during
training, as in Fig. 1(a). Such single-stage training [3, 55]
focuses on using one model to directly segment objects with
weak signals as supervision. The primary consideration of
previous single-stage architectures is to online refine the
Class Activation Map (CAM) [39] or to improve the seg-
mentation branch [57, 61]. Due to the complicated architec-
ture, single-stage approaches perform normally worse than
multi-stage approaches.

On the other hand, multi-stage training attempts to utilize
several individual models to form a training pipeline [23,
26, 47], where offline pixel-level pseudo labels are firstly
generated from weak labels using CAM [63] and then a seg-
mentation model is trained with such pseudo labels. Since
CAM can only highlight discriminate regions, many previ-
ous approaches focus on improving the quality of CAM [14,
49, 54, 59] for better pseudo labels. Besides, some recent
multi-stage approaches [25, 29, 51] attempt to introduce
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Contrastive Language-Image Pre-training (CLIP) [36] for
WSSS. Trained on 400 million image-text pairs, CLIP es-
tablishes a strong relationship between the image and text,
demonstrating great ability to locate objects [18, 20, 51, 60,
65]. Based on this, existing approaches [29, 51] use CLIP to
improve CAM, providing surprisingly high-quality pseudo
labels. They follow the pipeline in Fig. 1(b). However,
these methods only use the CLIP model to improve CAM
for better pseudo labels. The potential of the CLIP model to
be directly used as the backbone to extract strong semantic
features for segmentation prediction is not explored.

In this paper, we propose a CLIP-based single-stage
pipeline for weakly supervised semantic segmentation
(WeCLIP) in which the CLIP model can be directly applied
for segmentation prediction, as demonstrated in Fig. 1(c).
Specifically, we adopt the frozen CLIP model as the back-
bone, followed by a newly designed light frozen CLIP fea-
ture decoder, where the CLIP backbone does not need any
training or fine-tuning. Our decoder can successfully inter-
pret the frozen CLIP features to conduct the segmentation
task with a small number of learnable parameters.

We utilize the frozen CLIP backbone to generate CAMs
for providing pixel-level pseudo labels to train our de-
coder. However, the frozen backbone can only provide
static CAM, which means pseudo labels cannot be im-
proved during training. The same errors in pseudo labels
lead to uncorrectable optimization in the wrong directions.
Thus, we propose a Frozen CLIP CAM Refinement module
(RFM) to rectify the static CAM dynamically. Particularly,
our RFM utilizes the dynamic features from our decoder
and the prior features from the frozen CLIP backbone to
establish high-quality pair-wise feature relationships to re-
vise the initial CAM, leading to higher-quality pseudo la-
bels. With such a design, our proposed two modules benefit
from each other: refined pseudo labels provide more accu-
rate supervision to train the decoder, and the trained decoder
builds more reliable feature relationships for RFM to gen-
erate accurate pseudo labels.

Extensive experiments show that our approach achieves
new state-of-the-art performances on both the PASCAL
VOC 2012 and MS COCO datasets and significantly out-
performs other approaches by a large margin. Further, our
approach also achieves satisfactory performance for fully
supervised semantic segmentation. More importantly, since
WeCLIP has a frozen backbone, it only requires a small
quantity of training cost, i.e., 6.2GB GPU memory and less
than 6M learnable parameters, much less than other weakly
or fully supervised approaches.

Our contributions are summarized as:
• We find that the CLIP backbone can be directly used for

weakly supervised semantic segmentation without fine-
turning. With our designed decoder, the frozen CLIP fea-
ture is directly interpreted as semantic information to seg-

ment objects, building a strong single-stage solution.
• To overcome the drawback that the frozen backbone only

provides static pseudo labels, we design a Frozen CLIP
CAM Refinement module (RFM) to dynamically renew
the initial CAM to provide better pseudo labels to train
our model.

• With less training cost, our approach significantly outper-
forms previous approaches, reaching a new state-of-the-
art performance for weakly supervised semantic segmen-
tation (mIoU: 77.2% on VOC 2012 test set, 47.1% on
COCO val set). Moreover, our approach also shows great
potential for fully supervised semantic segmentation.

2. Related Work

2.1. Weakly Supervised Semantic Segmentation

Weakly supervised semantic segmentation with image-level
supervision [1, 8, 51, 55] attracts more attention than other
weak supervisions [27, 43] due to less human effort. There
are two main solutions: multi-stage approaches [2, 19, 23,
25, 56] and single-stage approaches [39, 55].

The key to the multi-stage solution is to generate high-
quality pseudo labels. For example, RIB [23] designed a
margin loss in the classification network to reduce the infor-
mation bottleneck, producing better pixel-level responses
from image-level supervision. Du et.al. [14] proposed a
pixel-to-prototype contrast strategy to impose feature se-
mantic consistency to generate higher-quality pseudo la-
bels. MCTformer [52] designed multi-class tokens in the
transformer architecture to produce class-specific attention
responses to generate refined CAM. Some recent multi-
stage approaches attempted to introduce CLIP for this task.
CLIMS [51] utilized the CLIP model to activate more com-
plete object regions and suppress highly related background
regions. CLIP-ES [29] proposed to use the softmax func-
tion in CLIP to compute the GradCAM [41]. With carefully
designed text prompts, the GradCAM of CLIP provided re-
liable pseudo labels to train the segmentation model.

Previous single-stage solutions adopted the Ima-
geNet [11] pre-train model as the backbone to concurrently
learn the classification and segmentation tasks, and most
of them focused on improving segmentation by providing
more accurate supervision or constraining its learning. For
example, RRM [55] proposed to select reliable pixels as su-
pervision for the segmentation branch. 1Stage [3] designed
a local consistency refinement module to directly generate
semantic masks from image-level labels. AA&AR [61] pro-
posed an adaptive affinity loss to enhance semantic prop-
agation in the segmentation branch. AFA [39] designed
an affinity branch to refine CAMs to generate better online
pseudo labels. ToCo [40] proposed token contrast learning
to mitigate over-smoothing in online CAM generation, thus
providing better supervision for segmentation.
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Figure 2. Framework of our WeCLIP. The image is input to the Frozen CLIP image encoder to generate the image features, and class
labels are used to build text prompts and then input to the Frozen CLIP text encoder to generate the text features. The classification scores
are generated based on the distance between the pooled image and text features. Using GradCAM, we can generate the initial CAM
Minit. Then, the frozen image features from the last layer of each transformer block are input to our decoder to generate the final semantic
segmentation predictions. Meanwhile, the affinity map Af from our decoder and the multi-head attention maps As from CLIP are input to
our RFM to establish refining maps R to refine Minit as Mf . After post-processing, it will be used as the supervision to train our decoder.

The CLIP model shows great effectiveness in the multi-
stage solution, but using it as a single-stage solution, i.e.,
directly learning to segment objects with image-level su-
pervision, is not explored.

2.2. Fully Supervised Semantic Segmentation

Fully supervised semantic segmentation aims to segment
objects using pixel-level labels as supervision. Most pre-
vious approaches are based on Fully Convolutional Net-
work (FCN) [31] architecture, such as DeepLab [6], PSP-
Net [62] and UperNet [50]. Recent approaches introduced
vision transformer [12] as the backbone to improve per-
formance by building global relationships. For example,
PVT [46] used a pyramid vision transformer for seman-
tic segmentation. Swin [30] designed a window-based
attention mechanism in the vision transformer to effec-
tively improve attention computing. They added a Uper-
Net head [50] for semantic segmentation. MaskFormer [9]
and Mask2Former [10] proposed universal image segmen-
tation architecture by combining the transformer decoder
and pixel decoder. No matter whether fully or weakly su-
pervised semantic segmentation, almost all segmentation

models rely on the ImageNet [11] Pre-train models, and all
the model parameters require to train or finetune, which re-
quires a large number of computing costs, while we used a
frozen CLIP model as the backbone, leading to much less
resource on the computation.

3. Method

3.1. Overview

Fig. 2 shows the whole framework of our approach, includ-
ing four main modules: a frozen CLIP backbone (image
encoder and text encoder) to encode the image and text, a
classification process to produce initial CAM, a decoder to
generate segmentation predictions, a RFM to refine initial
CAM to provide pseudo labels for training.

The training pipeline is divided into the following steps:

1. First of all, the image is input to the CLIP image en-
coder for image features. Besides, the foreground and
background class labels are used to build text prompts
and then input to the CLIP text encoder to generate the
corresponding text features. Note here both image and
text encoders are frozen during training.
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2. Then, the classification scores are generated by com-
puting distances between image features (after pooling)
and text features. Based on classification scores, Grad-
CAM [41] is utilized to generate the initial CAM.

3. Besides, image features from the last layer of each trans-
former block in the frozen CLIP image encoder are input
to our proposed decoder for the final segmentation pre-
dictions.

4. Simultaneously, the intermediate feature maps from our
decoder are used to generate an affinity map. Then,
the affinity map is input to our proposed RFM with the
multi-head attention maps from each block of the frozen
CLIP image encoder.

5. Finally, RFM outputs a refining map to refine the initial
CAM. After post-processing, the final converted pseudo
label from refined CAM is used to supervise the training.

3.2. Frozen CLIP Feature Decoder

We use the frozen CLIP encoder with ViT-B as the back-
bone, which is not optimized during training. Therefore,
how to design a decoder that interprets CLIP features to se-
mantic features becomes a core challenge. We propose a
light decoder based on the transformer architecture to con-
duct semantic segmentation using CLIP features as input.

Specifically, suppose the input image is I ∈ R3×H×W ,
H and W represent the height and width of the image, re-
spectively. After passing the CLIP image encoder, we gen-
erate the initial feature maps

{
F l

init

}N

l=1
from the output of

each transformer block in the encoder, where l represents
the index of the block. Then, for each feature map F l

init,
an individual MLP module is used to generate new corre-
sponding feature maps F l

new:

F l
new = W 1

fc(ReLU(W 2
fc(F

l
init))), (1)

where W 1
fc and W 2

fc are two different fully-connected layers.
ReLU(·) is the ReLU activation function.

After that, all new feature maps
{
F l

new

}N

l=1
are concate-

nated together, which are then processed by a convolution
layer to generate a fused feature map Fu:

Fu = Conv(Concat[F 1
new, F

2
new, .., F

N
new]), (2)

where Fu ∈ Rd×h×w, where d, h, and w represent the
channel dimension, height, and width of the feature map.
Conv(·) is a convolutional layer, Concat[·] is the concatena-
tion operation.

Finally, we design several sequential multi-head trans-
former layers to generate the final prediction P :

P = Conv(ϕ(Fu)) ↑, (3)

where P ∈ RC×H×W , C is the class number including
background. ϕ represents the sequential multi-head trans-

former blocks [12], each block contains a multi-head self-
attention module, a feed-forward network, and two normal-
ization layers, as shown in the upper right corner of Fig. 2.
↑ is an upsample operation to align the prediction map size
with the original image.

3.3. Frozen CLIP CAM Refinement

To provide supervision for the prediction P in Eq. (3), we
generate the pixel-level pseudo label from the initial CAM
of the frozen backbone. The frozen backbone can only pro-
vide static CAM, which means pseudo labels used as su-
pervision cannot be improved during training. The same
errors in pseudo labels lead to uncorrectable optimization
in the wrong directions. Therefore, we design the Frozen
CLIP CAM Refinement module (RFM) to dynamically up-
date CAM to improve the quality of pseudo labels.

We first follow [29] to generate the initial CAM. For
the given Image I with its class labels, I is input to the
CLIP image encoder. The class labels are used to build
text prompts and input to the CLIP text encoder. Then,
the extracted image features (after pooling) and text fea-
tures are used to compute the distance and further activated
by the softmax function to get the classification scores. Af-
ter that, we use GradCAM [41] to generate the initial CAM
Minit ∈ R(|CI |+1)×h×w, where (|CI |+1) indicates all class
labels in the image I including the background. More de-
tails can be found in our supplementary material or [29].

To thoroughly utilize the prior knowledge of CLIP, the
CLIP model is fixed. Although we find that such a frozen
backbone can provide strong semantic features for the ini-
tial CAM with only image-level labels, as illustrated in
Fig. 3(a), Minit cannot be optimized as it is generated from
the frozen backbone, limiting the quality of pseudo labels.
Therefore, how to rectify Minit during training becomes a
key issue. Our intuition is to use feature relationships to
rectify the initial CAM. However, we cannot directly use the
attention maps from the CLIP image encoder as the feature
relationship, as such attention maps are also fixed. Never-
theless, the decoder is constantly being optimized, and we
attempt to use its features to establish feature relationships
to guide the selection of attention values from the CLIP im-
age encoder, keeping useful prior CLIP knowledge and re-
moving noisy relationships. With more reliable feature re-
lationships, the CAM quality can be dynamically enhanced.

In detail, we first generate an affinity map based on the
feature map Fu in Eq. (2) from our decoder:

Af = Sigmoid(FT
u Fu), (4)

where Fu ∈ Rd×h×w is first flattened to Rd×hw.
Sigmoid(·) is the sigmoid function to guarantee the range
of the output is from 0 to 1. Af ∈ Rhw×hw is the generated
affinity map. T means matrix transpose.
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Then we extract all the multi-head attention maps from
the frozen CLIP image encoder, denoted as

{
Al

s

}N

l=1
and

each Al
s ∈ Rhw×hw. For each Al

s, we use Af as a standard
map to evaluate its quality:

Sl =

hw∑
i=1

hw∑
j=1

∣∣Af (i, j)−Al
s(i, j)

∣∣ , (5)

We use the above Sl to compute a filter for each attention
map:

Gl =

1, if Sl < 1
N−N0+1

N∑
l=N0

Sl

0, else
, (6)

where Gl ∈ R1×1, and it is expanded to Gl
e ∈ Rhw×hw for

further computation. We use the average value of all Sl as
the threshold. If the current Sl is less than the threshold, it
is more reliable, and we set its filter value as 1. Otherwise,
we set the filter value as 0. Based on this rule, we keep high-
quality attention maps and remove weak attention maps.

We then combine Af and the above operation to build
the refining map:

R =
Af

Nm

N∑
l=1

Gl
eA

l
s, (7)

where Nm is the number of valid Al
s, i.e., Nm =∑N

l=N0
Gl.

Then, following the previous approaches [29], we gener-
ate the refined CAM:

M c
f =

(
Rnor +RT

nor

2

)α

·M c
init, (8)

where c is the specific class, M c
f is the refined CAM for

class c, Rnor is obtained from R using row and column
normalization (Sinkhorn normalization [42]). α is a hyper-
parameter. This part passes a box mask indicator [29] to
restrict the refining region. M c

init is the CAM for class c
after reshaping to Rhw×1. Finally, Mf is input to the on-
line post-processing module, i.e., pixel adaptive refinement
module proposed in [39], to generate final online pseudo
labels Mp ∈ Rh×w.

In this way, our RFM uses the updated feature relation-
ship in our decoder to assess the feature relationship in
the frozen backbone to select reliable relationships. Then,
higher-quality CAM can be generated with the help of more
reliable feature relationships for each image. Fig. 3 shows
the detailed comparison of generated CAM using different
refinement methods. Our method generates more accurate
responses than the static refinement method proposed in
[29] and the initial CAM.

(a)

(b)

(c)

Figure 3. Qualitative comparison about the CAM. (a) Initial CAM.
(b) Refined CAM by attention maps proposed in [29]. (c) Our
refined CAM. Our method produces more accurate responses.

3.4. Loss Function

In our RFM, we use the affinity map Af to select the at-
tention map and build the final refining map. Therefore,
the effectiveness of Af directly determines the quality of
the online pseudo labels. Considering Af is generated us-
ing the feature map Fu in our decoder, and is a learnable
module, we propose a learning process for Af that uses the
converted online pseudo label from Mp as supervision.

Specifically, Mp is first converted to the pixel-wise affin-
ity label for each pair of pixels:

Â = Oh(Mp)
TOh(Mp), (9)

where Oh(·) is one-hot encoding and Oh(Mp) ∈ RC×hw,
Â ∈ Rhw×hw is the affinity label. Â(i, j) = 1 means pixel
i and j has the same label, otherwise, Â(i, j) = 0.

Based on the above label Â and the online label Mp, the
whole loss function of our WeCLIP is:

L = Lce(P,Mp ↑) + λLce(Af , Â), (10)

where Lce is the cross-entropy loss, Mp ↑∈ RH×W , and λ
is the weighting parameter. P is the prediction in Eq. (3).
With Eq. (10), more accurate feature relationships are estab-
lished for higher-quality pseudo labels. In turn, with better
pseudo labels, more precise feature relationships are estab-
lished. Thus, our decoder and RFM can benefit from each
other to boost the training.

4. Experiment
4.1. Datasets

Following the setting in most previous weakly super-
vised semantic segmentation approaches [14, 19, 23], two
datasets are used to evaluate our approach: PASCAL VOC
2012 [15] and MS COCO-2014 [28]. PASCAL VOC 2012
is appended with SBD [17] to expand the dataset, and the
whole dataset contains 10,582 training images, 1,446 val-
idation images, and 1,456 test images with 20 foreground
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classes. The MS COCO-2014 dataset includes approxi-
mately 82,000 training images and 40,504 validation im-
ages with 80 foreground classes.

Mean Intersection-over-Union (mIoU) is applied as the
evaluation criterion.

4.2. Implementation Details

We use the frozen CLIP backbone with the ViT-16-base ar-
chitecture [13], N is a fixed number that equals 12. For
training on the PASCAL VOC 2012 dataset, the batchsize
is set as 4, and the maximum iteration is set as 30, 000. For
training on the MS COCO-2014 dataset, we set batchsize as
8, and the maximum iteration as 80, 000.

All other settings adopt the same parameters for two
datasets during training: We use AdamW [32] as the op-
timizer, the learning rate is 2e−3 with weight decay 1e−3,
and all images are cropped to 320× 320 during training. λ
in Eq. (10) is set as 0.1, The dimension of the MLP module
(Eq. (1)) in our decoder is set as 256. In ϕ of Eq. (3), three
transformer encoder (the multi-head number is 8) layers are
cascaded to generate the final feature map, and each layer’s
output dimension is 256. N0 in Eq. (6) is set as 6. α is set
as 2 in Eq. (8) following [29].

During inference, we use the multi-scale with
{0.75, 1.0}. Following previous approaches [39, 40, 53],
DenseCRF [21] is used as the post-processing method to
refine the prediction.

4.3. Comparison with State-of-the-art Methods

In Tab. 1, we compare our approach with other state-of-the-
art approaches on the PASCAL VOC 2012 dataset. It can
be seen that our WeCLIP reaches 76.4% and 77.2% mIoU
on val and test sets, both of which significantly outperform
other single-stage approaches by a large margin. Specifi-
cally, compared to ToCo [40], the previous state-of-the-art
single-stage approach, our WeCLIP brings 5.3% and 5.0%
mIoU increase on val and test set, respectively. Besides,
CLIP-ES [29] is the previous state-of-the-art multi-stage ap-
proach, and it is also a CLIP-based solution. Our approach
performs much better than it, with 3.6% and 3.3% mIoU
increase.

Tab. 2 shows the comparisons between our approach and
previous state-of-the-art approaches on MS COCO-2014
val set. Our approach achieves new state-of-the-art perfor-
mance, reaching 47.1% mIoU. Compared to other single-
stage approaches, our WeCLIP brings more than 4.8%
mIoU increase, which is a significant improvement. More
importantly, our WeCLIP also outperforms other multi-
stage approaches by a clear margin with fewer training
steps. Considering our WeCLIP uses a frozen backbone,
it shows great advantages to this task.

In Tab. 3, we compare the training cost between our ap-
proach and other state-of-the-art approaches on the PAS-

Table 1. Comparison of state-of-the-art approaches on the PAS-
CAL VOC 2012 val and test dataset. mIoU (%) as the evaluation
metric. I: image-level labels; S: saliency maps; L: language. mIoU
as the evaluation metric. Without a specific description, results are
reported with multi-scales and DenseCRF during inference.

Method Backbone Sup. val test
mutil-stage weakly supervised approaches

RCACVPR’22 [64] ResNet101 I+S 72.2 72.8
L2GCVPR’22 [19] ResNet101 I+S 72.1 71.7
Mat-labelICCV’23 [45] ResNet101 I+S 73.3 74.0
S-BCEECCV’22[49] ResNet38 I+S 68.1 70.4
RIBNeurIPS’21 [23] ResNet38 I 68.3 68.6
W-OoDCVPR’22 [24] ResNet101 I 69.8 69.9
ESOLNeurIPS’22 [25] ResNet101 I 69.9 69.3
VMLIJCV’22 [38] ResNet101 I 70.6 70.7
AETFECCV’22 [54] ResNet38 I 70.9 71.7
MCTformerCVPR’22 [52] ViT+Res38 I 70.4 70.0
CDLIJCV’23 [58] ResNet101 I 72.4 72.2
ACRCVPR’23 [22] ViT I 72.4 72.4
BECOCVPR’23 [37] MIT-B2 I 73.7 73.5
FPRICCV’23 [5] ResNet101 I 70.0 70.6
USAGEICCV’23 [35] ResNet38 I 71.9 72.8
CLIMSCVPR’22 [51] ViT+Res101 I+L 70.4 70.0
CLIP-ESCVPR’23 [29] ViT+Res101 I+L 73.8 73.9

single-stage weakly supervised approaches
1StageCVPR’20 [3] ResNet38 I 62.7 64.3
RRMAAAI’20 [55] ResNet38 I 62.6 62.9
AA&ARACMMM’21 [61] ResNet38 I 63.9 64.8
SLRNetIJCV’22 [34] ResNet38 I 67.2 67.6
AFACVPR’22 [39] MIT-B1 I 66.0 66.3
TSCDAAAI’23 [53] MIT-B1 I 67.3 67.5
ToCoCVPR’23 [40] ViT I 71.1 72.2
ours-WeCLIP (w/o CRF) ViT I+L 74.9 75.2
ours-WeCLIP (w/ CRF) ViT I+L 76.4 77.2

CAL VOC 2012 dataset. It can be seen that our approach
only needs 6.2G GPU memory, while other approaches re-
quire at least 12G GPU memory. ToCo [40] has less train-
ing time than us, but its GPU memory is much higher than
our WeCLIP. More importantly, ToCo [40] spent 4 hours
with 20,000 training iterations, while our WeCLIP spent
4.5 hours with 30,000 iterations, which also shows the high
training efficiency of our approach.

In Fig. 4, we show some qualitative comparisons be-
tween our approach and other approaches on the PASCAL
VOC 2012 and MS COCO-2014 val set. The visual results
show that our WeCLIP generates more accurate object de-
tails than ToCo [40] for both the two datasets.

4.4. Ablation Studies

We conduct ablation studies on the PASCAL VOC 2012 val
set to evaluate the effectiveness of our approach. CRF is not
used to refine the final prediction.

Tab. 4 shows the influence of our proposed decoder and
RFM. As a single-stage approach, the decoder is necessary.
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Figure 4. Qualitative comparisons bewteen our approach and ToCo [40] on PASCAL VOC 2012 and MS COCO-2014 val set. Our approach
generates more detailed visual results.

Table 2. Comparison with other state-of-the-art methods on MS
COCO-2014 val set.

Method Backbone Sup. mIoU (%)
mutil-stage weakly supervised approaches

L2GCVPR’22 [19] ResNet101 I+S 44.2
RCACVPR’22 [64] ResNet101 I+S 36.8
PMMICCV’21 [26] ResNet101 I 36.7
RIBNeurIPS’21 [23] ResNet101 I 43.8
VWLIJCV’22 [38] ResNet101 I 36.2
MCTformerCVPR’22 [52] ViT+Res38 I 42.0
SIPECVPR’22 [7] ResNet38 I 43.6
ESOLNeurIPS’22 [25] ResNet101 I 42.6
FPRICCV’23 [5] ResNet101 I 43.9
USAGEICCV’23 [35] ResNet101 I 44.3
CDLIJCV’23 [58] ResNet101 I 45.5
ACRCVPR’23 [22] ResNet38 I 45.3
BECOCVPR’23 [37] ViT I 45.1
CLIP-ESCVPR’23 [29] ViT+Res101 I+L 45.4

single-stage weakly supervised approaches
SLRNetIJCV’22 [34] ResNet38 I 35.0
AFACVPR’22 [39] MIT-B1 I 38.9
TSCDAAAI’23 [53] MIT-B1 I 40.1
ToCoCVPR’23 [40] ViT I 42.3
ours-WeCLIP (w/o CRF) ViT I+L 46.4
ours-WeCLIP (w/ CRF) ViT I+L 47.1

We cannot generate the prediction without it. Besides, in-
troducing RFM brings a clear improvement, with a 6.2%
mIoU increase. Since RFM is designed to improve the on-
line pseudo labels, this increase also evaluates its effective-
ness in generating higher quality pseudo labels.

Tab. 5 reports the influence of the number of transformer
layers in our decoder, i.e., ϕ in Eq. (3). The performance
increases when the layer number increases to 3. This is be-

Table 3. Training cost comparisons on PASCAL VOC 2012
dataset. All methods are run on NVIDIA RTX 3090 GPUs.

Method Train time Maximum GPU memory
MCTformer [52] 25h 12G
CLIP-ES [29] 7h 12G
ToCo [40] 4h >24G
WeCLIP 4.5h 6.2G

Table 4. Ablation study of each component in our WeCLIP on
PASCAL VOC 2012 val set.

Decoder RFM mIoU (%)
✓ 68.7
✓ ✓ 74.9

Table 5. Ablation study about transformer layer numbers in ϕ of
Eq. (3) on PASCAL VOC 2012 val set.

ϕ (Trans. Layer) 1 2 3 4 5
mIoU (%) 73.2 74.4 74.9 72.6 70.3

cause the limited size of the decoder cannot capture enough
feature information, and it is easy to under-fit the features.
With the increase of layer number, the decoder learns better
feature representation. However, the performance drops if
the layer number is larger than 3. One possible reason is that
deeper decoder layers cause the over-fitting problem. Thus,
it is reasonable that the performance drops after increasing
to 4 or 5 for ϕ.

In Tab. 6, we evaluate the effectiveness of our refining
map. When only As is used, it means that all attention maps
are selected to refine the CAM, i.e., the same process pro-
posed in [29], it generates 71.8% mIoU score. Note that
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Table 6. Ablation study of the dynamic refining map R in Eq. (7).

Af Ge As mIoU (%)
✓ 65.7

✓ 71.8
✓ ✓ 72.3

✓ ✓ 74.3
✓ ✓ ✓ 74.9

such a process is a static operation, which is not optimized
during training. Introducing Ge and Af clearly improves it
with 0.5% and 2.5% mIoU increase, respectively. Finally,
combining Af , Ge, and As using Eq. (7) generates much
better results than others, showing the effectiveness of our
refining method. More importantly, using the affinity map
from our decoder provides a dynamic refinement strategy,
making the refinement process optimized during training.

4.5. Performance on Fully-supervised Semantic
Segmentation

We also use our WeCLIP to tackle fully-supervised seman-
tic segmentation. For fully-supervised semantic segmenta-
tion, it provides accurate pixel-level labels, so we remove
the frozen text encoder and our RFM, only keeping the
frozen image encoder and our decoder. Besides, the loss
function removes the part related to Â. The framework can
be found in our supplementary material.

Table 7. Performance on PASCAL VOC 2012 val and test set for
fully-supervised semantic segmentation. mIoU as the evaluation
metric. “L. Params” means learnable parameters during training.

Method Backbone L. Params val test
DeepLabV3* ResNet101 58M 79.9 79.8
Mask2former [10]* ResNet50 44M 77.3 -
SegNeXt-S [16] MSCAN-S 13.9M - 85.3
WeCLIP ViT-B 5.7M 81.6 81.1
* results are reproduced by [33].

In Tab. 7, we evaluate our approach on PASCAL VOC
2012 set for fully-supervised semantic segmentation. Since
our approach utilizes a frozen backbone, it has less trainable
parameters, but high-level segmentation performance is
maintained, showing its great potential for fully-supervised
semantic segmentation.

To illustrate why the vision feature from frozen CLIP can
be directly used for semantic segmentation, we show some
feature visualization results to compare the difference be-
tween the CLIP features and ImageNet features in Fig. 5.
We randomly select 200 images from the PASCAL VOC
2012 train set. Without any training or finetune, we use ViT-
B as the backbone and directly initialize it with frozen pre-
train weights. It can be found that features belonging to the

（a） ImageNet （b） CLIP

Figure 5. Feature visualization with T-SNE [44] to show why
frozen CLIP can be used for semantic segmentation. Each color
represents one specific category. (a) Frozen ImageNet pre-trained
feature visualization of ViT-B. (b) Frozen CLIP pre-trained feature
visualization of VIT-B. It can be seen that without any retraining,
the features belonging to the same class from the frozen CLIP are
more compact compared with that in (a). Best viewed in color.

same class, pre-trained by CLIP, are denser and clustered,
while features belonging to the same class, pre-trained by
ImageNet, are more sparse and decentralized. Fig. 5 indi-
cates that the extracted features from the CLIP model can
better represent semantic information for different classes,
making features belonging to different classes not confused.
With such discriminative features, It is more convenient to
conduct segmentation tasks.

5. Conclusion

We propose WeCLIP, a single-stage pipeline based on the
frozen CLIP backbone for weakly supervised semantic seg-
mentation. To interpret the frozen features for semantic
prediction, we design a frozen CLIP feature decoder based
on the transformer architecture. Meanwhile, we propose
a frozen CLIP CAM refinement module, which uses the
learnable feature relationship from our decoder to refine
CAM, thus clearly improving the quality of pseudo labels.
Our approach achieves better performance with less train-
ing cost, showing great advantages to tackle this task. We
also evaluate the effectiveness of our approach to fully-
supervised semantic segmentation. Our solution offers a
different perspective from traditional approaches that the
training of the backbone is unnecessary. We believe the pro-
posed approach can further boost research in this direction.
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