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Abstract

The application of Contrastive Language-Image Pre-training
(CLIP) in Weakly Supervised Semantic Segmentation
(WSSS) research powerful cross-modal semantic understand-
ing capabilities. Existing methods attempt to optimize input
text prompts for improved alignment of images and text, by
finely adjusting text prototypes to facilitate semantic match-
ing. Nevertheless, given the modality gap between text and
vision spaces, the text prototypes employed by these meth-
ods have not effectively established a close correspondence
with pixel-level vision features. In this work, our theoreti-
cal analysis indicates that the inherent modality gap results
in misalignment of text and region features, and that this gap
cannot be sufficiently reduced by minimizing contrast loss in
CLIP. To mitigate the impact of the modality gap, we propose
a Vision Prototype Learning (VPL) framework, by introduc-
ing more representative vision prototypes. The core of this
framework is to learn class-specific vision prototypes in vi-
sion space with the help of text prototypes, for capturing high-
quality localization maps. Moreover, we propose a regional
semantic contrast module that contrasts regions embedding
with corresponding prototypes, leading to more comprehen-
sive and robust feature learning. Experimental results show
that our proposed framework achieves state-of-the-art perfor-
mance on two benchmark datasets.

Introduction

Semantic segmentation serves as a fundamental task in the
field of computer vision (Tang et al. 2023; Wang et al. 2022;
Xu et al. 2024b; Hu et al. 2025, 2024b; Yang et al. 2023;
Xiong et al. 2024; Trinh et al. 2024; Tang et al. 2024a; Hu
et al. 2024a; Zhang et al. 2024b; Wan et al. 2024). Weakly
Supervised Semantic Segmentation (WSSS) has gained pop-
ularity in the research community. It learns from weak la-
bels such as image-level labels (Lee, Kim, and Yoon 2021),
scribbles (Lin et al. 2016), or bounding boxes (Lee et al.
2021), instead of pixel-level annotations. Most WSSS ap-
proaches utilize CAM (Zhou et al. 2016) to provide local-
ization cues for target objects, thereby mapping visual con-
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(1) Modality Gap

(2) Effect of the Gap on GradCAMs of CLIP

Figure 1: The main idea proposed in this paper is to reduce
the impact of the modality gap by learning vision proto-
types. We show the modality gap between paired image em-
beddings and text prototypes. Even though the Optimized
prompt minimizes contrastive loss between prototypes and
object region, the modality gap is still not sufficiently re-
duced (as shown in (a)), which results in the text prototypes
failing to accurately capture the relevant region of the target
object. In contrast, we propose VPL, which ensures accurate
activation of the complete object region (b).

cepts to pixel regions. After training with 400 million image-
text pairs, Contrastive Language-Image Pre-training (Rad-
ford et al. 2021) has established a strong association between
vision concepts and text descriptions, demonstrating excel-
lent cross-modal semantic matching capabilities. Inspired by
transfer learning, several WSSS methods (Yang and Gong
2024) apply powerful text prototypes encoded by the CLIP
model to generate high-quality CAMs.

The key to WSSS is to generate CAM that effectively cov-
ers the complete object. Recent weakly supervised research
(Lin et al. 2023; Xu et al. 2023; Liu et al. 2023; Yang and
Gong 2024) primarily focus on constructing more adaptive
text prototypes by optimizing text cues, with the aim to es-
tablish stronger correlations with semantic object regions for
dense localization. Customized text prompting strategies can
enhance the semantic alignment between object regions and



their corresponding text prototypes to a certain extent, but
a significant semantic gap still persists. This gap is due to
the inherent cone effect of CLIP, which causes the modal-
ity gap between text and vision spaces (Liang et al. 2022).
As shown in Fig 1 (a), even after minimizing the contrastive
loss between the text prototype and the semantic object re-
gion, the cone effect remains significant.

The semantic misalignment caused by the modality gap
affects the discriminative ability of the text prototypes in
two aspects. On the one hand, our theoretical analysis in-
dicates that text prototypes contain inactive and redundant
information. Since CLIP was trained with millions of cap-
tions and concepts, its text embeddings contain a large num-
ber of features that may not be relevant to a specific target
domain (Hu et al. 2024c). However, the categories in the
target domain usually require the activation of only a lim-
ited set of specific category features, resulting in a large
amount of unnecessary text information in the text proto-
types. On the other hand, text prototypes lack vision details
such as lighting, color, and texture. This absence weakens
their ability to match the detailed visual features, leading to
a deficiency category representativeness of text prototypes.
As shown in Fig 1 (b), although the optimized text proto-
types show effectiveness, they still struggle to capture more
complete and accurate target object areas. Moreover, they er-
roneously activate similar or highly co-occurring categories
(e.g., railroad and train in Fig. 1 (b)). Therefore, the
text prototypes are affected by the modality gap leading to
suboptimal segmentation performance of the model.

To address these challenges, we propose a Vision
Prototype Learning (VPL) framework to reduce the impact
of the modality gap by introducing more representative vi-
sion prototypes. We theoretically demonstrate that the op-
timal category prototypes for vision tasks should originate
from the vision space. Moreover, our analysis reveals that
the modality gap between text and vision spaces obtained
by CLIP is inherent, confirming that optimal vision proto-
types cannot be achieved in text space. Our VPL framework
is comprised of two main phases. In the first phase, instead
of taking the conventional approach of directly using text
prototypes, we use text prototypes with KL-divergence as a
constraint to precisely learn vision prototypes in the vision
space through gradient descent. These vision prototypes are
then utilized to regenerate more accurate pseudo-masks, as
shown in Fig. 1 (b). In the second phase, we use the refined
pseudo-masks to effectively supervise the decoder, trans-
forming high-level feature information into accurate pixel-
level predictions. However, imperfect mask labels provide
ambiguous knowledge to the segmentation network. To ad-
dress the issues, we propose regional semantic contrast that
contrasts corresponding mask region embedding and vision
prototypes, driving the network to learn more comprehen-
sive and robust object embeddings and enhancing adaptabil-
ity to the modality gap.

In the PASCAL VOC 2012 (Everingham et al. 2010) and
MS COCO 2014 (Lin et al. 2014) datasets, we evaluate
our method in various WSSS settings, where our approach
achieves state-of-the-art performance. The key contributions
of our research can be summarized as follows:
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* We are the first to investigate the impact of modality gap
in weakly-supervised semantic segmentation with CLIP
and introduce the Vision Prototype Learning framework
to alleviate this issue.

* We theoretically demonstrate the inherent modality gap
in CLIP and propose to obtain vision prototypes from the
vision space with help of the text prototypes.

* We introduce a regional semantic contrast module to en-
hance the alignment between object regions and vision
prototypes. Experiments demonstrate the efficacy of our
framework with state-of-the-art performance on main-
stream benchmarks.

Related Work

Weakly Supervised Semantic Segmentation as an impor-
tant topic in computer vision(Ye et al. 2024; Chen et al.
2024; Zhang et al. 2024d; Wei and Zhang 2024; Yuan et al.
2024; Zhang et al. 2024c), can generally be divided into
single-stage and multi-stage learning processes. Single-
stage methods (Wang et al. 2023; Wu et al. 2024a) use
image-level labels to train the segmentation network in an
end-to-end manner. In contrast, multi-stage methods (Rong
et al. 2023; Wu et al. 2023; Zhou et al. 2022; Cho et al.
2024) first generate segmentation seeds and then use them
as pseudo-labels to train off-the-shelf segmentation network
for better performance. In order to generate high-quality
seeds, recent research has proposed solutions such as
adversarial erasure (Yoon et al. 2022), region growing (Peng
et al. 2023), localizing attention map (Xu et al. 2024a), and
exploring boundary constraints (Ru et al. 2023).

Contrastive Language-Image Pre-training achieves
strong generalization ability through training with a large
number of vision-text pairs. Although CLIP excels in
cross-modal learning, (Liang et al. 2022) indicates that
there is an inherent gap between different data modalities
within the CLIP model, leading to insufficient alignment
between text and visual representations. Modality gap
have been intensively studied in fields such as few-shot
learning (Ouali et al. 2023), zero-shot learning (Qian, Xu,
and Hu 2023), and domain adaptation (Hu et al. 2024c).
To mitigate this issue, SuS-X (Udandarao, Gupta, and
Albanie 2023) introduces additional images to provide
richer visual information. In recent developments, CLIP has
been widely applied in WSSS. CLIMS (Xie et al. 2022)
introduces a loss function derived from CLIP to guide a
network to produce high-quality CAM. CLIP-ES (Lin et al.
2023) has developed GradCAM and Class-Aware Attention
Affinity (CAA) techniques for directly creating CAM using
CLIP. Meanwhile, WeCLIP (Zhang et al. 2024a) leverages
a frozen CLIP model to extract semantic features and
combines it with a new decoder and refinement module
(RFM) to generate and correct pseudo labels. In addition to
these approaches, FMA (Yang and Gong 2024) proposes
two sets of task-specific learnable text prompts to capture
category semantic knowledge relevant to segmentation,
thereby constructing more representative text category
prototypes.



Preliminary
Given each training image z; € R*¥*"*3 in the dataset

{2:}_,, where w and h are the width and height of the im-
ages, respectively, and [ is the total number of images. Each

image is associated with only an image-level label {zn}gzl
in which N is the pre-specified categories, and their corre-
sponding vision and text representations can be extracted as:

xi = Ey (2:); 2Zn = Et(2n); My = GradCAM(x;, Xx),
M
where F,(-) and E;(-) denote the image and text encoder in
the pre-trained CLIP model, respectively. x; € RS*HXP and
z, € RP represent the vision features and the text features
with D channels. x; has a spatial size of S x H, and M,
denotes a GradCAM. See Appendix A for more details.
Modality Gap in CLIP. Given a batch of B (v;, ;) pairs,
CLIP learns to maximize the cosine similarity of the image
and text embeddings of the B real pairs in the batch while
minimizing the cosine similarity of the embeddings of the
B? — B incorrect pairs. The model learns two encoders by
minimizing the contrastive loss ¢, which can be written as:

T
0 (vi, t:) :Z —log M

- >_; €xp (vit;/7)

exp (tZT vi/ T)

8 > exp (6] vi/7)
where v; and t; represent the L2-normalized embeddings of
the image and text in the ¢-th pair, respectively. 7 is a learned
temperature parameter to scale the logits. The cross-entropy
loss compares the similarity between image and text embed-
dings, focusing on cross-modal association and ranking.

A significant difference between inter-modal and intra-
modal distributions in CLIP has been observed (Liang et al.
2022; Udandarao, Gupta, and Albanie 2023). The Euclidean
distance between modalities, i.e., Y, ||v; — t¢||§, is related
to the magnitude of temperature. However, the small 7 does
not pull the text and vision space together (the proof in Ap-
pendix B.1). The CLIP model focuses on high-level asso-
ciations between images and texts rather than fine-grained
vision features, and it does not merge images and texts into
a unified, indistinguishable representation space, as shown
in Fig. 1 (b). This inability to map to the visual features re-
quired for precise segmentation means that the prototypes
from the text space may not capture the nuances of the vi-
sion space, resulting in degraded performance for segmenta-
tion tasks.

@3

Methodology

Learning Vision Prototypes from Text Supervision

To mitigate the impact of the modality gap, we propose to
introduce more representative prototypes to better capture
the spatial coverage of semantic object regions. We utilize
mask labels {m;} for the standard semantic segmentation
supervised learning in vision space as follows:

o exp (Xi,kTWmi,k/TI)
0(xi,mig) = mul/n;—log ( 7] 3)

Do €Xp (X x TWn /7T
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where w,, denotes the learnable vision classifier, and W =
{wn N, € RN x, ;. denotes the k-th pixel representa-
tion in image ¢. 77 is the temperature parameter for the op-
timization with vision data. Minimizing the objective func-
tion in Eq. (3) requires the adjustment of w,,. This causes the
decision boundary of w,, to generate higher scores in the
feature space {x;}, with the aim to maximally reflect the se-
mantic information and category distribution of the images.
We raise a question: Is it possible to find the optimal vi-
sion prototypes within the text space?

Hypothesis 1. We decompose the class prototype as:
Zn = VezE + 1 — ez,

aT 1
Z:, Zn - 07

- 4
st Hzle:’zf{ —1, 0<e<l,

where z% is from the vision space spanned by {x;}, and z;-
represents the component from the orthogonal subspace with
the condition that z® " z;- = 0, and they have unit norms.
We note that lim._,; z,, = z.. In this case, z., retains more
vision information.

Remark: The magnitude of ¢ determines the overlap be-
tween two components. Our hypothesis suggests that with
this decomposition, if the vision space is covered by the text
space, such that the class prototype z,, contains all informa-
tion from both modalities, then it is possible to recover opti-
mal segmentation performance. The details are as follows.

Proposition 1. Define p;’). and pf’k respectively denote the
predicted probabilities for each pixel k obtained by the vi-
sion prototypes W* and text prototypes Z. Then, we have:

exp (szzn/TT) exp (\/EX,I]CW;;/TT)

>, exp (XIan/TT) >, €xXp (\/EX,I]CW;;/TT>

Pk = :
(5)
where T represents the temperature in CLIP, while 77 is the
temperature for learning vision prototypes. If z7 = w,, then
p?’k = piy and Tr = \€Tr. See proof in Appendix B.3. [

Remark: Proposition 1 suggests that if the text space en-
compasses the entire vision space, a larger temperature 70 =
Vet can help identify the optimal vision prototypes within
the text space by smoothing the probability distribution and
narrowing the modality gap.

Despite significant progress in integrating natural lan-
guage and vision information, the text and vision spaces
learned by CLIP are distinct, with a clear margin, as illus-
trated in Fig. 1 (a). It is difficult for the text space to cover the
vision space. The assumptions (Hypothesis 1 and Proposi-
tion 1) suggesting that the text space can recover the optimal
vision prediction are difficult to hold. This is due to the lack
of sufficient detail in textual data to precisely describe the
information in visual data (e.g., colors and textures). Thus,
the capability of text prototypes to provide precise guidance
for pixel-level classification is limited. The lower bound for
the modality gap is quantified in the following theorem.

Theorem 1 (The lower-bound of modality gap). The image
and text embeddings of CLIP are always on the unit sphere,
with the Euclidean distance || Z — W*||?, being defined as:

Agap = HZ_W*”; >c1 +e€, (6)
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Figure 2: Overview of the proposed Weakly-supervised Vision Prototype Learning (VPL), which consists of two main com-
ponents: (1) Learning the vision prototype W and (2) Regional semantic contrast (RSC). In phase (1), vision prototypes can
be efficiently obtained by solving a convex optimization problem using gradient descent in Eq. (11). This ensures that it can
align with vision data better to mitigate the impacts of the modality gap. The vision prototypes will then replace text prototypes
to locate the target object and generate initial GradCAMs. In phase (2), we refine these GradCAMs to form pseudo-labels for
supervising the decoder while CLIP encoders are frozen. Then, we obtain the masks from the vision prototypes and align them

with specific region embeddings.

where ¢ denote a constant vector, which is orthogonal to
the embedding span of Z and W*. And € representing the
alignment noise. See proof details in Appendix B.4. O

Remark: Theorem 1 emphasizes the modality gap between
the text prototype and the optimal vision prototype and con-
sists of two components. ¢ represents the distance to the
irrelevant text space, i.e., redundant text dimensions. This
implies that within the text space, there exist dimensions or
information that are irrelevant to the vision modality. € rep-
resents the approximation loss caused by the low-rank over-
lap between the text and vision spaces, which indicates that
there may be a certain degree of overlap between the text
and vision spaces. They share some information but can-
not match each other completely, indicating the presence of
partial semantic information missing in the text prototype.
Thus, minimizing the distance between Z and W is difficult
due to the inherent modality gap, which confirms our empir-
ical observation.

To accurately capture vision semantic features, we obtain
vision prototypes in the following Theorem 3. Since without
precise pixel-level annotations, object masks in Eq. (3) can
be generated by text prototypes using GradCAM. Our objec-
tive function is constructed by measuring the KL-divergence
between the distributions of text prototypes and vision pro-
totypes as:

min £ (P, W) ZKL P PP, ©)

where P! and P} respectively represent the distributions
estimated by the text prototypes Z and the learnable vi-
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sion prototypes W. This constraint aligns the model within
a common representation space, reducing the modality gap.

Furthermore, we optimize the KL divergence in two ways:
one is class-level regularization, where given anchor class n,
the distribution across all categories can be computed. The
other is instance-level distribution regularization, where the
anchor class n is replaced with anchor x;.

Theorem 2. Assuming the norm of prototypes is bounded
by n, i.e, VYn,||wy|2 < n, the distribution defined by the
anchor class is an approximation of the distribution defined
by the anchor example as:

1

vn, exp (2k)

pmz‘,k < ,Pi»j < exp (2K) Pmi,ky (8)
where Kk = 2n Hxl
bution is compact, i.e.,
tion becomes tight. See proof details in Appendix B.5.

- W, H2 When the intra-class distri-
X; =W, . ||2 = 0, this approxima-

O

Remark: Theorem 2 demonstrates that instance-level regu-
larization, as opposed to class-level regularization, can help
better capture variations in real data.

Theorem 3 (Learning Vision Prototypes). Assume
L (P', W) is a u-strongly convex function in W, we have:

W™ =argmin £ (P',W); W* =argmin L(m, W),
w W

C)
where m; is the GradCAM as the pseudo mask distribution
for x;, and is generated through text prototypes Z. We com-
pute the Eq. (7) as — Z“L & 79" log(P 1)» and we compute

the gradient direction to adjust W' by the standard gradi-



Algorithm 1: Learning the Optimal Vision Prototypes

Require: Input image set {x;}, class names {z,}, paired
image text encoder E,, F;, vision prototype W'*, loss
function L, iterations T,,, temperature 7, 7, learning rate
@

x;+F, (:c,) s Zn—Ey (Zn)

W’ < miny L (P, W)

Calculate gradient Grad = V= Ly
W™ «— W™ — CMVW/*,C(W)
Calculate GradCAMs M, using W'*
calculation (See Eq. (1))

6: return W'*, M,

> See Eq. (1)
> See Eq. (9)
> See Eq. (10)
> See Eq. (11)
> GradCAM

SN

ent descent. Subsequently, we have:

2
Vi Low) < 2 (P = Ylog (Pwr) —log (Pw=)),  (10)
where Vyy i Ly denote ||W'* — W*||2. Then, we update
the W'* to minimize the loss function:

W™~ W"™ — aVyn Loy (1n

where « is the learning rate, we iterate T, times to grad-
ually optimize the parameters. Update W'* in the negative
gradient direction to obtain a local optimal solution for the
vision prototype. See proof details in Appendix B.6. 0

Remark: The core of our method is using KL-divergence
and strong convexity to efficiently approach the optimal so-
lution by gradient descent. By Proposition 1, the temperature
77 during the learning of vision prototypes should be larger
than 77 in CLIP, and has been confirmed in our ablation
study. Our experiments show that our vision prototype sig-
nificantly improves the accuracy of target localization com-
pared to the use of text prototypes with single prompt or en-
semble prompts. As illustrated in Fig. 1 (b), the GradCAM
generated by the vision prototypes focuses more on the tar-
get object rather than the background or irrelevant regions.
The detailed algorithmic is given in Alg. 1.

Regional Semantic Contrast Learning. To learn the
alignment between pixel-level features and prototypes, we
supervise the mask decoder using post-processing Grad-
CAM. However, relying solely on this loss is insufficient
to fully exploit object regions as the noise in pseudo labels
leads to errors in segmentation. Therefore, we propose a re-
gional semantic contrast module to effectively contrast cate-
gorical object regions and vision prototypes by suppressing
negative masks obtained from unrelated texts (i.e., texts of
negative pairs). Specifically, for the pixel-level dense em-
beddings V € REXDPXHXS from the decoder and the vision
prototypes W € RP>*N we compute the feature-level lo-
calized image embeddings P;,, € RP by masked average
pooling (MAP) as follow:

> hw Ainhw  Vighw
Zh,w Ai,n,h,w ’
where B denotes a batch size. A;, = WJ V,; calculates

the masks in the batch. Subsequently, we calculate the co-
sine similarity between vision prototypes and feature-level
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= P" W,,. RSC Loss

localized image embeddings as S; ;, i

is defined as follows:

B
1 exp (S;,:/T)
Lrsc = — — log ————2—
2B Zz: > 7 exp (Si;/7)
(13)
1 exp (Si,i/7)
2B 4 > 7 exp (S;,/7)

Final Loss. Our final loss function is defined by:

L= XeeLee(M,A) + ArscLrsc, (14)

where L. is the cross-entropy loss and Lrsc is the region-
level RSC loss. M denotes the mask obtained by post-
processing the GradCAM. A, and Arsc are coefficients.

Experiments
Datasets and Implementation Details

Datasets and Evaluation Metrics. Experiments are con-
ducted on two benchmarks: PASCAL VOC 2012 (Evering-
ham et al. 2010) with 21 classes and MS COCO 2014 (Lin
et al. 2014) with 81 classes. For PASCAL VOC 2012, fol-
lowing (Wang et al. 2020; Lee, Kim, and Yoon 2021; Li
et al. 2022), we use the augmented SBD (Hariharan et al.
2011) with 10,582 annotated images. We evaluate VPL in
terms of i) the quality of generated pseudo masks on VOC
2012 train, and ii)semantic segmentation on VOC 2012
val/test and COCO 2014 val. Mean intersection over
union (mloU) (Long, Shelhamer, and Darrell 2015) is used
as the metric in both cases. VOC 2012 test scores are ob-
tained from the official evaluation server.

Implementation Details. In our experiments, we adopt the
CLIP pre-trained model ViT-B-16 (Radford et al. 2021). The
feature map used to generate CAM is the one before the last
self-attention layer in ViT. We replace the class token with
the average of remaining tokens to compute final logits. For
the VOC 2012 dataset, phase 1 of our framework is learned
by standard projected gradient descent, where the learning
rate is 10 and the number of iterations is 3,000. 7 is 0.01
in CLIP and 7; for learning the vision prototypes is set to
0.03 in Section . CAMs are refined into pseudo masks using
denseCRF (Krihenbiihl and Koltun 2011). In phase 2, the
batch size is set as 6 and the maximum iteration is set as
30,000. SGD optimizer is adopted to train only our decoder
with a momentum of 0.9 and a weight decay of le-4. All
experiments are conducted on 8 Nvidia 4090 GPUs. The loss
coefficients A and Argc are both set as 1 in Eq. 14.

Comparisons With State-of-the-Art Methods

Improved Localization Maps and Segmentation Results:
The proposed CLIP-CPAL does not modify the architec-
ture of the CLIP network. It simply integrates VPL into the
CLIP-ES and CLIP-CPAL methods. The results on VOC
2012 show improved localization maps, as shown in Table 2.
For instance, incorporating VPL into CLIP-ES improves
seed performance by 5.5% and pseudo mask performance
by 2.5%. When VPL is added to the CLIP-CPAL model,
there is a 5.9% gain in seed performance. Table 2 presents
the performance of the semantic segmentation model trained



Method Seed Pseudo-Mask
IRN (Ahn, Cho, and Kwak 2019) 48.8 66.5
ESOL (Li et al. 2022) 53.6 68.7
MCTformer (Xu et al. 2022) 61.7 69.1
LPCAM (Chen and Sun 2023) 65.3 72.7
ACR (Kweon, Yoon, and Yoon 2023) 60.3 72.3
D2CAM (Wang et al. 2023) 58.0 71.4
Mat-Label (Wang et al. 2023) 62.3 729
FPR (Chen et al. 2023) 67.7 72.8
USAGE (Peng et al. 2023) 71.9 72.8
SFC (Zhao et al. 2024a) 64.7 73.7
SeCo (Yang et al. 2024) 74.8 76.5
SFC (Zhao et al. 2024b) 64.7 73.7
DuPL (Wu et al. 2024b) 73.5 75.1
PSDPM (Zhao et al. 2024b) 68.5 71.3
CLIP-ES (Lin et al. 2023) 70.8 75.0
+VPL (Ours) 76.375.5 78.413.4
CLIP-CPAL (Tang et al. 2024b) 71.9 75.8
+VPL (Ours) 77.815.9 80.174.3

Table 1: Comparisons between our method and the other
WSSS methods. Evaluate mloU (%) on the PASCAL VOC
2012 train set at levels: CAM and Pseudo-Mask. The best
results are in bold.

Figure 3: Qualitative results on Pascal VOC 2012 val set.
(a) Input images. (b) Results from CLIP-ES. (c) Results by
our CLIP-ES+VPL. (d) Ground truth. Our method produces
more accurate responses and as a plug-and-play method.

with pseudo-labels generated by our method, compared with
related works. Our CLIP-ES+VPL achieves sate-of-the-art
(SOTA) results on VOC, with an mloU of 78.5% on the
val set and 77.8% on the test set. On the more challenging
COCO dataset, our CLIP-ES+VPL surpasses the SOTA re-
sults of CLIP-ES and all related works. For CLIP-CPAL,
VPL enhances performance (+3.0% mloU on the COCO
validation set). The superior results on both datasets validate
the effectiveness of our VPL in accurately capturing seman-
tic features and object structures.

Qualitative Results. We present the qualitative results on
the Pascal VOC dataset in Fig. 3. By observation, CLIP-

9028

Methods vocC COCO
Val Test Val
Image-level supervision.
IRN (Ahn, Cho, and Kwak 2019) 63.5 64.8 414
OCR-SEAM (Cheng et al. 2023) 67.8 68.4 33.2
ACR (Sun et al. 2023) 71.2 70.9 45.0
ToCo (Ru et al. 2023) 71.1 72.2 423
LPCAM (Chen and Sun 2023) 70.1 70.4 45.5
BECO (Rong et al. 2023) 73.7 73.5 45.1
DuPL (Wu et al. 2024a) 73.3 72.8 44.6
Image-level supervision + Language supervision.
CLIMS (Xie et al. 2022) 70.4 70.0 -
MMCST (Xu et al. 2023) 72.2 72.2 459
WeCLIP (Zhang et al. 2024a) 76.4 77.2 47.1
CLIP-ES (Lin et al. 2023) 73.8 73.9 454
+VPL (Ours) 78.514.7 77.8139 49.2138
CLIP-CPAL (Tang et al. 2024b) 74.5 74.7 46.8
+VPL (Ours) 79.314.8 79.0743 49.813.0

Table 2: Evaluation of the mloU results (%) on PASCAL
VOC val and test sets, and COCO wval set. The best
results for each dataset are in bold.

| Text Pro | Vision Pro | Lce | RSC(Lrsc) | CRF | mIoU(%)

I v 63.3
II v 68.2
I v v 713
v v v 75.5
\% v v v 77.2
VI v v v v 78.5

Table 3: Ablation study on main components of the proposed
framework. The mloU values are evaluated on the PASCAL
VOC 2012 val set. In phase 1, Text: Baseline only uses text
prototypes. Vision: Vision prototypes for dense localization.
CRF: Adoption for post-processing. In phase 2, Lcg: Su-
pervise the network with pseudo-mask. RSC(Lgsc): Align
region embedding with the vision prototypes.

ES using text prototypes poorly captures the complete out-
line of the object as shown in the 2" rows in Fig. 3. Also,
in certain contexts, it has difficulty distinguishing between
co-occurring categories, as shown in the 3 row, such as
train and railroad). Equipped with VPL, the model
predicted more accurately on shapes and classes.

Ablation Study

We conduct ablation studies on the PASCAL VOC 2012
val set and use CLIP-ES as the Baseline.

Effectiveness of each component. Table 3 presents abla-
tion experiments demonstrating the effectiveness of VPL
in two phases. In Experiment I, the model is supervised
exclusively using text prototypes, which serve as the pri-
mary baseline. In Experiment II, learning vision prototypes
to generate GradCAMs enhances performance, with an in-
crease of +4.9%. This indicates that vision prototypes cap-
ture fine-grained semantic details better than text prototypes.
Subsequently, using CRF to generate pseudo masks boosts
performance to 71.3% (Experiment III). In phase 2, we in-



Methods mloU(%) Gap
Baseline; 61.7 0.81
Baseline, 63.3 0.76
Modify gap (Liang et al. 2022) +s 62.0 0.77
Modify gap (Liang et al. 2022) +e 63.5 0.71
VPL 66.8 0.64
VPL, 68.2 0.51

Table 4: Comparison of mloU(%) with different text
prompts. “s” denotes a single prompt, while “e” indicates
ensemble prompts. “Modify gap” refers to reducing the dif-
ferences between modalities by adjusting their vector repre-
sentations (Liang et al. 2022).

I mloU(%) Gap
Baseline 63.3 0.76
0.01 66.9 0.64
0.02 67.3 0.57
0.03 68.2 0.51
0.04 67.8 0.49
0.05 67.2 0.47

Table 5: Impact of temperature 7; on PASCAL VOC.

troduce cross-entropy loss to supervise the segmentation
network (Experiment IV). Specifically, we freeze the CLIP
encoder and only train the decoder, resulting in a further in-
crease of +4.2% in performance. In Experiment V, when re-
gional semantic contrast is used as complementary supervi-
sion, performance is further improved by +1.7%, indicating
its importance in our framework. This module enables the
model to focus on the target region, enhancing the matching
degree between prototypes and region embeddings.

Impact of temperature. To investigate the impact of the
temperature 77 in learning vision prototypes, Table 5 shows
the mloU and Gap results at different temperatures on the
PASCAL VOC 2012 val set. The Gap measures the differ-
ence between various prototypes and features, with a lower
gap indicating higher similarity. “Baseline” refers to the gen-
eration of CAMs using text prototypes. At 7; = 0.03, the
vision prototypes already show an improvement by +4.9%
compared to text prototypes. As 77 increases, the modality
gap decreases, enhancing the localization results. This also
confirms Proposition 1, which suggests 77 should be larger
than 7 = 0.01 in CLIP. This indicates that vision and text
spaces share common information. By tuning 77, we can bet-
ter utilize this shared information. Thus, we fix 7; = 0.03 as
the optimal value to improve performance.

Prompt Selection. In Table 4, we compare two prompt
strategies: using a single prompt like “a photo of a [CLS]”
and using an ensemble of multiple prompts such as “a clean
origami [CLS].” The placeholder [CLS] represents a cat-
egory label and its synonyms. Our VPL with the ensem-
ble prompt strategy improves performance over the single
prompt by +1.4%. Furthermore, our method outperforms
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>
mloU(%)

02 03 04 05 06
67.2 6777 682 679 673

0.7
67.9

Table 6: Impact of Threshold ® on PASCAL VOC.

Ty
mloU(%)

1000
65.9

1500 2000 2500 3000 3500
66.6 675 67.8 682 68.0

Table 7: Impact of Iteration 7%, on PASCAL VOC.

(a) w/o Regional Semantic Contrast (b) VPL

Figure 4: Feature embedding visualizations of (a) our frame-
work without RSC, and (b) our framework on the Pascal
VOC 2012 val set using t-SNE.

both prompts on text prototypes (“Baseline”), demonstrat-
ing the effectiveness of vision prototypes.

Analysis of Hyper-parameters. We conduct a hyperparam-
eter analysis for different values, such as the threshold ® for
generating 0-1 seed masks. In Table 7 (b), the threshold ® is
varied from 0.2 to 0.7 with an interval of 0.1. We find that
the optimal choice ® is 0.4. Moreover, we also investigate
the number of iterations 7, for gradient descent to learn the
vision prototype and find that the highest accuracy of 68.2%
is achieved with 3,000 iterations in Table 7 (c).
Effectiveness of RSC. In Table 3, we present the perfor-
mance improvement results achieved through the regional
semantic contrast module. Moreover, we conduct a visual
comparison using t-SNE in Fig. 4. The results indicate that
after aligning regional features and prototypes, the model is
capable of generating more compact clusters with increased
inter-cluster separability.

Conclusion

In this work, we focus on improving the capability of CLIP
in weakly supervised semantic segmentation. Our theoret-
ical analysis indicates that the modality gap between text
and vision spaces obtained in CLIP is inherent, which can
impair the performance. To alleviate this, we propose a Vi-
sion Prototype Learning (VPL) framework, which learns
more representative prototypes in the vision space and gen-
erates high-quality segmentation masks. Extensive experi-
ments have demonstrated that our framework achieves state-
of-the-art performance and has the potential to segment new
classes.
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