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Abstract—Weakly Supervised Semantic Segmentation (WSSS)
with image-level labels aims to achieve pixel-level predictions
using Class Activation Maps (CAMs). In recent years, Contrastive
Language-Image Pretraining (CLIP) has been introduced into
WSSS to provide more accurate and robust semantic guidance
for class localization. However, most existing approaches focus on
image-text alignment at the CAM level. Although CLIP excels at
global semantic matching, it struggles to extract sufficiently fine-
grained local semantics from images. To address this issue, we
propose the DCLIP framework, which improves CLIP’s image-
text alignment process and compensates for its limited dense
semantic modeling capability by integrating DINO’s stronger
unsupervised spatial perception ability while optimizing CLIP’s
own textual attribute descriptions. Specifically, we first introduce
a Bimodal Complementary Learning module (BCL) that employs
frozen DINO and frozen CLIP as parallel backbones, enabling
more comprehensive yet low-cost semantic feature extraction
through a shared decoder. Second, to further unlock CLIP’s
dense knowledge and improve alignment quality, we design a
Knowledge Graph-based text augmentation module (KG) that
extends textual semantics with fine-grained attributes, thereby
enhancing the mapping accuracy between visual and textual
modalities. Extensive experiments demonstrate the effectiveness
of DCLIP. While maintaining an end-to-end architecture and
low training cost, DCLIP achieves 79.6% mIoU on the PASCAL
VOC 2012 test set and 51.4% mlIoU on the MS COCO val set,
significantly outperforming existing methods.

Index Terms—Weakly Supervised Semantic Segmentation, Bi-
modal Complementary Learning, Text Semantic Enhancement.

I. INTRODUCTION

Weakly supervised semantic segmentation (WSSS) aims
to generate pixel-level predictions using only weak annota-
tions—such as points [1], scribbles [2], bounding boxes [3],
or image-level labels—thereby significantly reducing the anno-
tation cost of fully supervised approaches [4]. Among all low-
cost annotation types, most WSSS approaches leverage image-
level labels, providing dense localization cues that link visual
concepts to specific pixel regions [5]. The main problem for
WSSS with image-level labels is the lack of location informa-
tion. Class activation mapping (CAM) methods [6] creatively
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Fig. 1. Our motivation. (a) Previous methods leverage CLIP to generate
CAMs with global image-text alignment, using a frozen CLIP model to
produce pseudo-labels and subsequently train a separate ImageNet-pretrained
segmentation model. (b) Baseline methods explore CLIP’s dense knowledge
through a novel patch-to-text alignment paradigm, yielding higher-quality
CAMs with reduced training cost. (c) Our proposed DCLIP, which integrates
frozen CLIP and frozen DINO to construct a novel single-stage approach.

enable class-discriminative localization using only image-level
class labels. However, CAMs typically only highlight the
most discriminative parts of objects, resulting in incomplete
and poor segmentation performance. To mitigate this limi-
tation, Contrastive Language-Image Pretraining (CLIP) [7]
has been introduced into the WSSS field in recent years.
CLIMS [8] leverages image—text pairs to constrain visual
relationships across different semantics, CLIP-ES [9] improves
gradient quality via image-text alignment to produce more
reliable GradCAMs. Although these methods have achieved
remarkable progress, existing approaches predominantly rely
on CLIP’s global image-text alignment capability, as illustrated
in Fig.1(a), leaving its inherent patch-level text alignment
capability largely underexplored. To unlock the dense knowl-
edge potential of CLIP in WSSS, ExCEL [10] proposed a
patch-level text alignment paradigm that obtains higher-quality
CAMs with lower training cost, as shown in Fig.1(b).
However, CLIP struggles to preserve fine-grained spatial
semantic information in dense prediction tasks. This limi-
tation primarily stems from two key design aspects of its



architecture and training objective. First, the image encoder
of CLIP primarily relies on global pooled features or the
[CLS] token to represent the entire image, while its text-
side input typically consists only of a single class label,
lacking fine-grained semantic constraints capable of guiding
localized region responses. Second, CLIP’s contrastive learn-
ing objective focuses predominantly on achieving image—text
alignment at the global semantic level, rather than explicitly
modeling pixel-level semantic consistency. In contrast, the
DETR with Improved deNoising anchOr boxes (DINO) [11],
as a self-supervised visual representation learning model, en-
forces consistency between the [CLS] token and patch tokens
through a teacher—student distillation mechanism. This enables
each local region to learn dense semantic representations
with spatial resolution, resulting in superior performance in
capturing fine-grained structures and spatial layouts compared
to CLIP’s global semantic alignment approach.

To this end, we propose DCLIP, a more robust weakly
supervised semantic segmentation (WSSS) framework. To
address the architectural limitations of existing approaches,
we introduce the Bimodal Complementary Learning module
(BCL) to construct a higher-quality semantic feature backbone
by effectively fusing the complementary strengths of CLIP
and DINO, as illustrated in Fig.1(c). We incorporate the
segmentation predictions from CLIP and DINO into a bimodal
high-confidence complementary learning module, achieving
complementary fusion by applying a high-confidence thresh-
old, while sharing a unified decoder between the two branches.

Furthermore, as an image—text contrastive learning model,
CLIP relies on predefined text prompts for semantic alignment.
However, coarse-grained prompt templates often fail to fully
capture the fine-grained attributes of target objects, thereby
limiting the model’s ability to extract detailed semantic in-
formation from images. Therefore, to overcome the textual
limitations of prior methods, we propose a novel knowledge
graph-based text augmentation module (KG). Specifically, we
first use an LLM to generate multi-dimensional semantic
prompts per category, encode them with the CLIP text encoder
to build a cross-category knowledge base, and organize the
resulting vectors into a concept—attribute knowledge graph.
During augmentation, the original prompt queries the graph
to retrieve the Top-K non-background constituent concepts.
These are similarity-weighted, aggregated, and fused with the
original vector to produce a more discriminative, fine-grained
text embedding.

The main contributions of our work are listed as follows:

o We design a Bimodal Complementary Learning module
(BCL). BCL performs bidirectional high-confidence com-
plementary learning on image features with a confidence
threshold to obtain more detailed semantic representa-
tions.

e We design a Knowledge Graph-based text augmenta-
tion module (KG). KG constructs a concept-attribute
knowledge graph using an LLM and retrieves the most
semantically relevant attributes from the graph to generate

enhanced text embeddings that are more discriminative
and fine-grained.

e« We propose a novel bimodal framework, DCLIP, that
effectively addresses CLIP’s limitation in extracting fine-
grained semantics for weakly supervised semantic seg-
mentation (WSSS). Extensive experiments on PASCAL
VOC 2012 and MS COCO 2014 demonstrate that
our method substantially outperforms state-of-the-art ap-
proaches while requiring only 4.2 GB of GPU memory,
significantly reducing training cost.

II. RELATED WORKS
A. Weakly Supervised Semantic Segmentation

Typically, the WSSS pipeline consists of three stages: (1)
training a model with image-level class labels to obtain CAMs
for each training image, (2) refining the CAMs into pseudo-
labels, and (3) training a semantic segmentation model using
the pseudo-labels. Weakly supervised semantic segmentation
with image-level labels typically relies on Class Activation
Maps (CAMs) to provide dense supervision [12]. Several
WSSS methods have employed CNNs to generate CAMs as
initial seeds [13]. However, recent research suggests that CNN-
based architectures are limited in capturing global information
effectively due to their restricted receptive fields. Recently,
WSSS methods have adopted ViT as a backbone for gen-
erating localization maps. For instance, ToCo [14] employs
token-level contrastive learning to obtain more accurate local
responses, SeCo [15] adopts a “separate-and-conquer” strategy
to effectively alleviate co-occurring category interference.

B. Vision-Language Pre-training

Contrastive Language—-Image Pretraining (CLIP), renowned
for its pretraining on billions of image-text pairs, has demon-
strated remarkable transferability across numerous down-
stream tasks. Many approaches have sought to adapt it to new
scenarios: CLIP-Adapter [16] introduces lightweight trainable
modules to achieve efficient few-shot classification, Dense-
CLIP [17] leverage image-text alignment for dense prediction
tasks. Recently, CLIP has also been progressively incorporated
into WSSS. CLIMS treats image-text pairs as regularization to
constrain visual semantics, CLIP-ES generates class-specific
gradients via image-text alignment for GradCAM inference,
WeCLIP further streamlines the pipeline by directly employing
the CLIP vision encoder for segmentation. Although these
methods have brought substantial performance gains, most of
them remain confined to global image-level text alignment and
fail to fully exploit CLIP’s latent semantic capability at the
patch level.

III. METHODOLOGY
A. Overview

Our DCLIP framework generates Class Activation Maps
(CAMs) in a low-cost and highly efficient manner. The
overall training pipeline is illustrated in Fig.2 and can be
summarized as follows: (1) Text Semantic Enhancement via
the KG Module. We employ the Knowledge Graph-based
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Fig. 2. DCLIP Architecture. (a) Knowledge Graph Text Augmentation Module (KG): Utilizes an LLM to construct a knowledge base, clusters it, and
builds a knowledge graph. The final text representation 7% is augmented by identifying relevant attributes and suppressing non-target concepts. (b) Bimodal
Complementary Learning Module (BCL): Freeze DINO and CLIP as backbone networks. Input images into the Frozen CLIP image encoder and Frozen DINO
to generate two separate image feature maps. Perform complementary fusion learning through mutual supervision using CLIP and DINO segmentation results,
enabling high-confidence prediction. Subsequently, decode using a unified decoder to generate semantic segmentation prediction Ps.

text augmentation module (KG) to enrich category semantics.
Specifically, we first utilize GPT to generate multi-dimensional
category descriptions, which are then encoded by the frozen
CLIP text encoder to construct a global knowledge bank.
Unsupervised clustering [18] is subsequently applied to extract
cross-category shared attributes, forming a concept-attribute
knowledge graph. Using global text prompts as queries, we
retrieve the most semantically relevant attribute nodes for the
target category from the graph, thereby generating the final
enhanced text representation. (2) Bimodal Complementary
Learning via the BCL Module. The input image is fed into
the frozen CLIP and DINO encoders to extract global seman-
tic features and fine-grained structural features, respectively,
yielding two complementary image feature maps. We then per-
form bidirectional high-confidence complementary learning on
the CLIP and DINO features, effectively enhancing semantic
representation capability under weakly supervised conditions
and further improving overall segmentation performance. (3)
Feature Fusion and Decoding. Finally, the dual-branch image
features are fused and passed through a unified decoder.

B. Text Semantic Enhancement

Knowledge Base Construction. To overcome the limitation
of traditional global text templates that can only describe
object presence and fail to provide dense semantic knowl-
edge, we first employ a large language model (LLM) to
generate multi-view and fine-grained category-specific text
descriptions. As shown in Fig.1(a), the initial Class Activation
Maps (CAMs) produced by CLIP based on the patch-to-text
alignment mechanism tend to activate background regions that

are semantically similar to the target category in complex
scenes. Such semantic over-generalization introduces consid-
erable noise into pseudo-labels, thereby degrading the relia-
bility of downstream segmentation models. To mitigate this
issue, we design a Knowledge Graph-based text augmentation
module (KG) that automatically mines cross-category shared
constitutive semantic attributes while explicitly suppressing
background-related concepts, ultimately yielding more dis-
criminative and category-specific text embeddings.
Specifically, for each category s € C, We first design
prompt templates and leverage the LLM to generate fine-
grained, multi-perspective descriptions, forming a category-
specific description set: Dy = {dg”}f,”;, where dg) denotes
the i-th LLM-generated description for category s, with a total
of M descriptions. Subsequently, we employ the frozen CLIP
text encoder Fiey(-) to map these descriptions into a high-
dimensional semantic space, obtaining the category text vector
set: T. = {té‘)}?il, t = Emt(dé’)), where t) ¢ RP
represents the semantic embedding of description dgi), and D
is the feature dimension of the CLIP text encoder. To unify
textual knowledge across categories and facilitate subsequent
semantic relationship analysis, we further construct a dataset-
level global knowledge vector bank: 7 = (J, . 7s.
Knowledge Graph Construction. Building upon the previ-
ously constructed dataset-level global knowledge vector bank,
we further introduce an attribute-level knowledge graph.
Since the category descriptions generated by large language
models inevitably contain redundant and noisy semantics, and
significant shared constitutive attributes exist among different



categories, we perform unsupervised clustering on the global
knowledge vector bank 7 to automatically discover cross-
category shared semantic attribute prototypes. Let the cluster-
ing operation be denoted as ®(-). The resulting attribute-level
concept set is then obtained as: Z = {zk}Lzzll, zr, = ®(T),
where each z;, € RP represents an aggregated attribute
concept embedding. Based on this, we construct an attribute-
level knowledge graph: G = (Z,£), where Z denotes the
set of attribute nodes, and £ represents the latent semantic
associations between nodes.

During inference, for a target category c, we first generate
the base prompt embedding q. (e.g., “a photo of a [cate-
gory]”). We then retrieve the top-K most semantically relevant
non-background concept nodes Z¢¥ C Z with respect to q.
Attention weights «y, are computed as:

exp(sim(qc, zx))
Zjez‘fp exp(sim(qc, zj)) ’
where sim(-,-) denotes cosine similarity. These weights are
used to aggregate the concept embeddings into a concept-

enhanced representation g, = ), czs. Finally, we fuse it
with the original prompt:

(D

aE =

T, = /\qc + (1 - )\)gcv (2)

where A € [0,1] is a balancing hyperparameter. Through
this mechanism, the augmented text embedding not only cap-
tures shared constitutive semantics across categories but also
effectively eliminates background noise, providing more robust
and discriminative text representations for weakly supervised
semantic segmentation.

C. Bimodal Complementary Learning

Spatial Semantic Capture. In weakly supervised seman-
tic segmentation, CLIP’s visual features are biased toward
global semantics, and its self-attention mechanism tends to
produce over-smoothed class activation maps [9], thereby
neglecting local structures and boundary details. To improve
object localization accuracy, as illustrated in Fig.2(b), we
simultaneously exploit frozen CLIP and DINO image encoders
to extract complementary features and achieve fine-grained
spatial semantic modeling through a multi-stage process.
Given an input image I € R3>*H*W_  we first resize it
to match the native input resolutions of the two encoders:
Ly € R3¥hixwn ' Tp. 0 € R3*h2Xw2 The final-layer features
are then extracted as: thp = Eaiip(Liip)s Flo = Edino (Laino)
where th RO*mwr g9 ¢ RC'*h2w2 The conventional
query-key self—attentlon mechanism suffers from progressive
feature over-smoothing across stacked layers. To mitigate
this issue, we adopt a non-parametric intra-correlation ap-
proach to compute the attention map for each spatial loca-
tion: S = 3. a; Corr(0}), O! € {q', k', v'}, where «;
are learnable contribution weights for different correlation
maps, and Corr(-) represents a self-correlation operation [19]
within the same spatial position. Finally, to align channel
dimensions and spatial resolutions, each branch is processed

independently by an MLP followed by a convolutional module:
F, = Conv(MLP(FY)), where down-sampling operations
ensure spatial size consistency, and each MLP consists of two
fully connected layers with non-linear activation for channel
mapping and feature enhancement.

High-Confidence Complementary Learning. Although
CLIP provides rich global semantic information, its perception
of local boundaries and fine-grained regions remains limited,
whereas DINO excels at capturing structured spatial features.
To fully exploit their complementary strengths, we intro-
duce a high-confidence complementary learning mechanism
that achieves mutual supervision between CLIP and DINO
segmentation predictions through reliable high-confidence re-
gions, thereby improving pseudo-label accuracy and final
segmentation precision.

The processed features are first passed through a shared
decoder to produce preliminary segmentation predictions:
P, = Decoder(F,,), where the decoder is parameter-shared
across both branches, mapping features from different sources
into a unified spatial representation while preserving multi-
source synergy. To leverage the complementary nature of
CLIP and DINO, we propose a high-confidence region mutual
supervision strategy. A confidence threshold 7 is set, and
high-confidence pixels are selected from each prediction:

{p | Pu(p) > 7}. On this basis, we design the
high-confidence complementary loss L. to enable mutual
supervision between the two predictions within the high-
confidence region (). Finally, the predictions from CLIP and
DINO are fused via simple averagln%to produce the ultimate
semantic segmentation output: P = %Pd“‘j

D. Training Objectives

During training in this work, since both CLIP and DINO
encoders are kept frozen during training, the optimization
iss driven by leveraging their complementary predictions and
pseudo-label supervision within a unified decoding framework.
To this end, the overall optimization objective consists of
three components: a segmentation prediction 1oss Lges, a
consistency 1oss Lcoys between the CLIP and DINO outputs,
and a complementary constraint loss Lo based on high-
confidence regions. These three terms jointly form the final
training objective, formulated as:

Etotal = ACseg + )\consﬁcons + )\confﬁconb (3)

where Acons and Acons are weighting hyperparameters that
balance the contributions of the respective loss terms. The
unified decoder fuses image features from CLIP and DINO
and produces the final prediction map Y. To address the
severe foreground-background imbalance commonly observed
in weakly supervised semantic segmentation, we adopt a
weighted combination of balanced cross-entropy and Dice loss
as the base segmentation loss, which simultaneously improves
per-pixel classification accuracy and structural consistency of
foreground regions. This loss is defined as:

Lseg = - Legva + (1 — @) - Lpices €]



where o = 0.7 is a constant weighting factor. The balanced
cross-entropy is computed by separately calculating the cross-
entropy for foreground and background regions and then
averaging them, while the Dice loss strengthens the modeling
of the overall shape of foreground objects.

Since the initial response maps provided by CLIP and
DINO are complementary, their predictions for the same
image should remain consistent, thereby providing stable and
reliable cross-modal supervision to the decoder. To this end,
we introduce a consistency loss that constrains the pseudo-
label predictions from both branches to be close to each other:

‘Ccons — ||PCLIP _ PDINO |’ (5)

where and PP™O denote the response maps from the
two branches, respectively. This loss effectively encourages
the network to rely on regions where both branches agree and
suppresses pseudo-label noise arising from their discrepancies.
To further exploit the complementary strengths of the two
branches in different regions, we introduce a confidence-
based complementary constraint. First, high-confidence masks
MCYP and MP™NO are generated according to activation
strength, indicating the foreground regions where each branch
is highly confident. On this basis, we design the high-
confidence complementary loss as:

‘Cconf _ HMCLIP o (PCLIP _ PDINO)H
+ HMDINO ® (PDINO o PCLIP)H

PCLIP

(6)

where ® denotes element-wise multiplication. By imposing
constraints exclusively on the mutually high-confidence re-
gions of both branches, this loss effectively avoids interfer-
ence from unreliable pixels in the weakly supervised setting,
enabling the two branches to mutually correct and converge
toward consistency within their respective regions of expertise.

IV. EXPERIMENTS AND RESULTS
A. Experimental Settings

Datasets and Metrics. The proposed DCLIP is evaluated
on PASCAL VOC 2012 [20] and MS COCO 2014 [21]. VOC
contains 21 categories (1 for background). Following prior
methods [15], the augmented dataset with 10, 582, 1,449, and
1,456 images are used for training, validating, and testing,
respectively. COCO includes 81 classes, in which 82,081
images are used for training and 40,137 images are for
validating. Mean Intersection-Over-Union (mloU) is used as
the main evaluation metric.

Implementation Details. We employ the ViT-B [35] variant
of CLIP and DINO as the frozen CLIP-DINO backbones. For
the KG module, we use GPT-4 to generate n = 20 descriptions
per category. The number of attribute embeddings B is set
to 112 for PASCAL VOC and 224 for MS COCO. During
training, all images are resized and cropped to 320 x 320
to fit the frozen CLIP-DINO backbones. We train only the
adapter and decoder modules using the AdamW optimizer with
a learning rate of 1 x 10~* and weight decay of 1 x 1072,
During inference, multi-scale testing with scales {0.75,1.0} is

TABLE I
SEGMENTATION COMPARISONS ON VOC AND COCO. NET. IS THE
BACKBONE FOR SEGMENTATION. SUP. IS THE SUPERVISION TYPE. Z:
IMAGE-LEVEL LABELS. SA: SALIENCY MAPS. L: LANGUAGE.

vocC COCO

Method Sup. Net. Val Test Val
Multi-stage WSSS methods.

L2G [22] cver2022 T+ SA | RNIOI 72.1 717 44.2
RCA [23] cver2023 T+SA RN38 722 2.8 36.8
OCR [24] cvpr2023 T RN38 727 720 42.5
BECO [25] cvpr2023 T RN101 737 735 45.1
CTI [26] cver2024 z RN101 741 732 454
CLIMS [8] cvpr2022 Z+L RN101 704 70.0 -
CLIP-ES [9] cvpr2023 T+ L RN101 722 728 454
PSDPM [27] cvpr2024 Z+L RN101 741 749 47.2
CPAL [28] cvpr2024 IT+L RN101 745 747 46.8
Single-stage WSSS methods.

AFA [29] cver2022 T MiT-B1 | 66.0 66.3 38.9
ToCo [14] cver2023 T ViT-B 71.1 722 42.3
DuPL [30] cvpr2024 T ViT-B 733 728 44.6
SeCo [15] cver2024 T ViT-B 740 738 46.7
DIAL [31] eccv-2024 I+L ViT-B 745 749 44.4
WeCLIP [32] cvpr2024 T+ L ViT-B 764 772 47.1
PCRE [33] cver2025 ZT+L ViT-B 755 759 47.2
EXCEL [10] cvpr2025 T+L ViT-B 784  78.5 50.3
DCLIP (Ours) T+ L ViT-B 79.6 79.5 51.4

TABLE II

TRAINING EFFICIENCY COMPARISONS ON VOC TRAIN (CAM) AND VAL
SET (SEG). ALL EXPERIMENTS ARE CONDUCTED ON RTX 3090.

Method ‘ Type  Training Time GPU Seg
CLIMS [8] cvrr2022 M 1068 mins 180G 704
CLIP-ES [9] cvpr2023 M 420 mins 120G 722
MCTformer+ [34] tramr2024 M 1496 mins 180G 740
ToCo [14] cver2023 S 506 mins 179G 71.1
DuPL [30] cver2024 S 508 mins 149G 733
SeCo [15] cvpr2024 S 407 mins 176 G 740
WeCLIP [32] cver2024 S 270 mins 6.2 G 76.4
DCLIP (Ours) S 300 mins 42 G 79.2

(c) WECLIP

(d) EXCEL

(e) DCLIP

Fig. 3. Segmentation visualization of WeCLIP [32], ExCEL [10], and our
method on PASCAL VOC and MS COCO. It can be observed that the
online pseudo-labels generated by DCLIP are significantly more complete
and accurate.

applied. Following previous works, DenseCRF [36] is adopted
as a post-processing step to refine the predictions.
B. Comparisons with State-of-the-art Methods

Performance of Semantic Segmentation. Tab.1 presents
the segmentation comparison between our DCLIP and state-of-



TABLE III
ABLATION STUDY OF DCLIP ON VOC VAL SET.

Conditions KG BCL  Precision Recall mloU
Baseline 83.5 86.2 75.1
w/ KG v 85.6 88.2 76.5
w/ BCL v 86.3 89.8 77.7
DCLIP v v 87.0 89.2 79.2

the-art methods on PASCAL VOC and MS COCO. Our single-
stage DCLIP achieves 79.6% mloU on the VOC validation
set and 79.5% mlIoU on the test set, outperforming even
complicated multi-stage approaches by at least 5.0% and 4.8%
mloU, respectively. Although ExCEL also conducts dense
exploration of CLIP, its performance lags behind ours by
at least 1.2%. On the more challenging COCO benchmark,
DCLIP attains 51.4% mloU on the val set, surpassing the
previous CLIP-based SOTA method ExCEL by a substantial
1.1%.

Qualitative results on PASCAL VOC and MS COCO are
shown in Fig.3. It can be observed that WeCLIP directly
employs the CLIP vision encoder for segmentation and is
therefore primarily constrained by CLIP’s global image—text
alignment mechanism, struggling to capture finer-grained local
semantic structures. Although ExCEL explores CLIP’s dense
knowledge through a patch-level text alignment paradigm, its
feature representation relies entirely on the frozen CLIP back-
bone, making it difficult to guarantee stability and accuracy
in local semantic extraction. In contrast, DCLIP effectively
integrates CLIP’s global semantic perception with DINO’s
fine-grained spatial representation under the joint action of
the Bimodal Complementary Learning module (BCL) and the
Knowledge Graph-based text augmentation module (KG). Fur-
thermore, structured text augmentation substantially improves
vision—language alignment quality.

Training Efficiency Analysis. Tab.2 compares the training
cost of our method with other state-of-the-art approaches on
the PASCAL VOC 2012 dataset. As can be seen, DCLIP
and WeCLIP exhibit considerably shorter training times, while
the training overhead of the remaining methods generally
exceeds 407 minutes. Although WeCLIP requires slightly less
training time than DCLIP, its GPU memory consumption is
at least 47.6% GB higher than ours. Moreover, in terms of
performance, WeCLIP lags behind our method by at least 3.5%
on the CAM score and 3.2% on the final segmentation score.

C. Ablation Studies

Efficacy of Key Components. Ablation studies for DCLIP
are reported in Tab.3. With the ExCEL [10] under our baseline
training setting, segmentation performance reaches only 75.1%
mloU. Introducing the KG module significantly enhances
text—vision alignment by constructing a cross-category at-
tribute relationship graph, filtering background interference
semantics, and generating more discriminative category text
representations, boosting mIoU to 76.5%. On the other hand,
incorporating the BCL module alone leverages the comple-
mentarity of the frozen CLIP and DINO visual encoders

TABLE IV
IMPACT OF HYPER-PARAMETERS. THE RESULTS ARE EVALUATED ON THE
VOC VAL SET.

Parameters | Val

Aconf = 0 71.5

Acons = 0 )‘conf =0.25 77.8
Aconft = 0.5 78.7

Acont = 0 78.9

)\cons =0.25 /\cgnf =0.25 79.2
Aconf = 0.5 79.5

Acont = 0 77.9

>\cons =05 /\c(mf =0.25 79.0
Aconf = 0.5 78.5

and applies bidirectional consistency constraints on high-
confidence regions, effectively mitigating instability caused
by pseudo-label noise and further improving mIoU to 77.7%.
When KG and BCL are jointly integrated into the DCLIP
framework, the semantic enhancement on the text side and
the complementary feature fusion on the vision side establish
a mutually reinforcing optimization mechanism, pushing the
final mIoU to 79.2%, with Precision and Recall reaching
87.0% and 89.2%.

Parameter Analysis. Overall, both A.ons and Acons play
important roles in model performance. When A s = 0, per-
formance gradually improves as Aconf increases, demonstrat-
ing that the high-confidence constraint effectively enhances
pseudo-label quality. However, the absence of the consistency
constraint still limits overall performance. Introducing an
appropriate consistency constraint (Acons = 0.25) leads to opti-
mal performance, with the highest mIoU of 79.5% achieved at
Acont = 0.5. This indicates a strong synergistic effect between
the two constraints. Nevertheless, further increasing A¢ons to
0.5 results in performance degradation, suggesting that an
overly strong consistency constraint may hinder the model’s
ability to utilize complementary information.

V. CONCLUSION

This paper identifies CLIP’s limitation in preserving fine-
grained spatial semantics for dense prediction tasks and intro-
duces DCLIP, a simple yet effective framework for weakly
supervised semantic segmentation (WSSS). To address the
architectural and textual shortcomings of existing approaches,
we propose the Bimodal Complementary Learning module
(BCL) and the Knowledge Graph-based text augmentation
module (KG). Extensive experiments demonstrate that DCLIP
achieves state-of-the-art performance on PASCAL VOC 2012
and MS COCO 2014, while offering new perspectives on
utilizing dense representations from cross-modal pretrained
models in weakly supervised settings.
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