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Abstract. Weakly-supervised semantic segmentation (WSS) ensures high-
quality segmentation with limited data and excels when employed as
input seed masks for large-scale vision models such as Segment Any-
thing. However, WSS faces challenges related to minor classes since
those are overlooked in images with adjacent multiple classes, a lim-
itation originating from the overfitting of traditional expansion meth-
ods like Random Walk. We first address this by employing unsupervised
and weakly-supervised feature maps instead of conventional methodolo-
gies, allowing for hierarchical mask enhancement. This method distinctly
categorizes higher-level classes and subsequently separates their associ-
ated lower-level classes, ensuring all classes are correctly restored in the
mask without losing minor ones. Our approach, validated through ex-
tensive experimentation, significantly improves WSS across five bench-
marks (VOC: 79.8%, COCO: 53.9%, Context: 49.0%, ADE: 32.9%, Stuff:
37.4%), reducing the gap with fully supervised methods by over 84% on
the VOC validation set. Code is available at https://github.com/shjo-
april/DHR.
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1 Introduction

Semantic segmentation, the process of grouping each pixel in an image into se-
mantic classes, heavily relies on pixel-wise annotations crafted by humans. This
labor-intensive requirement has been a significant bottleneck in scaling segmen-
tation models. Recently, large-scale visual models (LSVMs), such as Grounded
SAM [48], have emerged as compelling alternatives in segmentation tasks, em-
ploying advanced box, point, or scribble supervision with image-text pairs. By
contrast, weakly-supervised semantic segmentation (WSS) utilizes image-level
class labels with images to produce segmentation outcomes. As shown in Fig-
ure [1} recent WSS models [27,[51] outperform existing LSVMs by at least 7%
accuracy on segmentation datasets, such as VOC 2012 17| and COCO 2014 |39].
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Fig. 1: Importance of WSS. (a): Our WSS approach (DHR) outperforms large-scale
vision models with only image-level supervision and 25% of the parameters,
bypassing the need for extensive human annotations (image, text, and box pairs).
(b): Our DHR significantly exceeds Grounded SAM [48], Ferret [61], and recent WSS

models in standard benchmark performances .

WSS research efforts primarily focus on generating pseudo masks
from image-level tags to mimic pixel-level annotations through the propagation
of initial class activation maps (CAMs). Our analysis of discrepancies between
WSS predictions and ground-truth masks, as shown in Figure uncovers a
significant challenge: adjacent pixels from distinct classes (e.g., person and mo-
torbike) often merge, leading to the disappearance of spatially minor classes.
This problem, a result of overlooking class ratios during the propagation pro-
cess, is especially pronounced in areas of inter-class regions. Notably, on the VOC
dataset , adjacent regions constitute 35% of the total area, with 79% being
inter-class regions, while the COCO dataset has 75% adjacent regions, 55%
of which are inter-class. This analysis underscores the importance of addressing
the vanishing problem in neighboring classes to enhance WSS performance.
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Fig. 2: Vanishing problem of adjacent minor classes in WSS outputs. Red
boxes illustrate the false prediction of minor classes in pseudo labels generated from
WSS, e.g., bottle, person, and backpack. Green boxes highlight our DHR outperforming
state-of-the-art baselines in adjacent class regions.
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Fig. 3: Visualization of heatmaps with target points. (a): USS features can
precisely separate between inter-class regions (e.g., animals vs. vehicles) unlike WSS.
(b): Thanks to training image-level class labels, WSS features can discern specific
classes (e.g., dog vs. cat) in the same inter-class region (e.g., animal).

We observe that unsupervised semantic segmentation (USS) features, as high-
lighted in studies , are adept at distinguishing between inter-class regions
(e.g., animal and furniture). Figureshowcases pixel-wise cosine similarity maps
(i.e., heatmaps) comparing WSS and USS features with class points. Specifically,
the inherent difference between USS and WSS features originates from their dis-
tinct learning objectives. In Figure a), USS methods learn visual similarities
(e.g., color and shape) between images without tags, enabling them to distin-
guish inter-class regions with dissimilar appearances (€.g., person vs. motorbike).
Conversely, WSS methods learn class-specific differences with human-annotated
tags, allowing them to discern visually similar classes (e.g., dog vs. cat) within
the same inter-class region (e.g., animals), as shown in Figure b).

To harness the strengths of both USS and WSS features, we introduce a
pioneering seed propagation method termed Dual Features-Driven Hierarchical
Rebalancing (DHR). DHR encompasses three pivotal steps: 1) the seed recov-
ery for disappeared classes in WSS masks, 2) the utilization of USS features
for inter-class segregation, and 3) the fine-grained separation between intra-class
regions using WSS features. In particular, we automatically group inter- and
intra-class regions based on the USS feature correlation matrix to apply sub-
sequent WSS rebalancing in USS-based rebalancing outputs, as visualized in
Figure (a). Consequently, our novel propagation using dual features achieves
class separation across all adjacent classes, as conceptually illustrated in Figure
[4(b). Our key contributions are summarized as follows:

— We identify and tackle the issue of minor classes disappearing in WSS, a
problem that previously needed to be addressed by existing techniques.

— We introduce DHR, a novel method that 1) enhances class distinction through
seed initialization based on optimal transport and 2) leverages USS and WSS
features to separate inter- and intra-class regions.

— DHR achieves a state-of-the-art mIoU of 79.8% on the PASCAL VOC 2012
test set, significantly closing the gap with FSS (84%) and showing versatility
across multiple USS and WSS models.
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Fig. 4: Conceptual illustration of our hierarchical clustering. Left. USS feature
correlation automatically groups inter classes. Right. Using USS features, we categorize
all inter classes (e.g. vehicle and animal) and then separate these intra classes é.g.,

car and bus) per each inter class .g., vehicle) with WSS features.

Our method also proves e ective as a seeding technique for SAM, outper-
forming leading approaches like Grounding DINO [42] and establishing the
potential of WSS in advanced segmentation tasks.

We rst evaluate our DHR and recent WSS methods [27,51] across three
additional benchmarks [4,43,63]. This showcases their adaptability and sets
new standards for future explorations in the eld.

2 Related Work

2.1 Weakly-supervised Semantic Segmentation

Weakly-supervised semantic segmentation (WSS) aims to minimize the quality
gap between pixel-wise annotations and pseudo masks generated with image-
level class labels. Unlike previous WSS studies [9, 11, 15,18, 27, 30, 33,40, 51, 54,
60,66], our research pioneers in addressing the problem of vanishing minor classes
by rebalancing class information in pseudo masks in Table 1.

Table 1: Conceptual comparison of our method with recent approaches.

Properties \ACR ToCo WeakTr CLIP-ES QA-CLIMS FMA MARS Ours
Solving Vanishing Issue of Adjacent Minor Classes 7 7 7 7 7 7 7

Utilizing WSS features to improve the quality of WSS masks 7

Utilizing USS features to enhance the quality of WSS masks 7 7 7 7 7 7

No external datasets and models 7 7 7

Following model-agnostic manner 7 7 7 7 7 7
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Evolution of WSS Pipelines Traditionally, WSS pipelines are composed of
three stages: 1) CAM generation for initial seeds, 2) applying propagation meth-
ods like Random Walk (RW) [1, 2] to generate pseudo masks from CAMs, and
3) training the nal segmentation network ( e.g, DeeplLabv2 [7]). Most stud-
ies have focused on improving CAM performance using WSS feature correla-
tion [10, 16, 26, 55], patch-based principles [24, 25, 35, 62], and enhancing cross-
image information [53, 56,57, 65]. Recent studies [50, 58] employ self-attention
mechanisms from transformer architectures rather than the conventional RW
for propagating initial CAMs. However, the absence of unsupervised features in
these models leads to the disappearance of minor classes during propagation.

Exploiting Unsupervised Features A few methods [27,30] utilize unsuper-
vised features, primarily DINO [5], for improving WSS performance. MARS [27]
leverages advanced USS features from STEGO [19] for binary separation of fore-
ground and background classes to remove biased objects in pseudo labels. How-
ever, relying solely on unsupervised features without WSS features fails to distin-
guish between intra-class regions. Our approach is the rst solution to mitigate
the vanishing problem of adjacent minor classes in WSS outputs by combining
WSS and USS features hierarchically, using each of the strengths to separate
intra- and inter-class regions simultaneously for the rst time.

Integration with External Models Current state-of-the-art approaches [9,
11,15,40,54,60] rely on CLIP [47], large-language models [61], Grounding DINO
[42], or SAM [31] to ne-tune WSS models. However, the dependency on pre-
trained knowledge limits applicability to novel tasks, such as in medical elds,
constraining WSS's scalability. Nevertheless, our approach using both unsuper-
vised and weakly-supervised features outperforms recent WSS methods depend-
ing on advanced supervision and datasets, demonstrating the potential of inte-
grating WSS with USS in overcoming limitations presented by external models.

2.2 Unsupervised Semantic Segmentation

Unsupervised semantic segmentation (USS) is dedicated to developing seman-
tically rich features across a collection of images without relying on any anno-
tations. Depending on whether self-supervised vision transformerse(g., [5,44])
are used, they can be classi ed into two types. First, without initializing pre-
trained vision transformers, conventional approaches [14,22,45] enhance the mu-
tual information across di ering perspectives of the same image. Meanwhile,
Leopart [67], STEGO [19], HP [52], and CAUSE [29] employ self-supervised vi-
sion transformers for initializing spatially coherent representations of images and
train a simple feed-forward network to enhance pixel-level representation. Our
technique is designed to be compatible with any USS approach by leveraging
pixel-level embedding vectors. Thus, our method operates independently from
existing USS frameworks. Based on recent USS models [19, 29], we demonstrate
our method's exibility to consistently improve the performance of existing WSS
models in Section 4.
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2.3 Open-vocabulary Detection and Segmentation

Contrastive Language-lmage Pre-training (CLIP) [47], trained on 400 million
image-text pairs, set a foundation for generating segmentation from free-form
text prompts. Despite advancements with models like MaskCLIP [64] and TCL
[6], they fall short against specialized segmentation models, such as DeepLabv3+
[64] and Mask2Former [12], which utilize precise mask annotations for training.
Recently, Grounding DINO [42] and Ferret [61] have pushed the envelope by
integrating box annotations and leveraging language models to enhance detec-
tion performance. The introduction of SAM [28, 31], a zero-shot segmentation
model using conditional prompts like points, marks a signi cant stride in em-
ploying open-vocabulary tasks, with Grounded SAM [48] leading the charge by
merging two capabilities of Grounding DINO [42] and SAM [31]. Still, these
models face challenges in generating accurate seeds from multi-tag inputs due
to their reliance on limited tag ranges in training captions. Our analysis reveals
that advanced WSS models, including our DHR approach, outperform these
open-vocabulary models in multi-class predictions (see Figure 1 and Table 2).
Incorporating DHR with SAM for the nal re nement also boosts segmentation
accuracy, showcasing WSS's indispensable role in navigating multi-tag segmen-
tation scenarios.

3 Method

In this section, we introduce our method, DHR (D ual Features-Driven H ierarchical
R ebalancing), which aims to address the challenges of vanishing classes in exist-
ing WSS methods. We outline an overview of DHR in Figure 5 for a comprehen-
sive understanding of our framework. Section 3.1 delves into the background of
conventional seed propagation techniques and our setup, highlighting the limi-
tations that our method seeks to overcome. The core of our contribution (DHR)

is presented in Section 3.2, where we detail how we tackle the disappearance of
inter- and inter-class regions through a novel rebalancing strategy. We round o
with Section 3.3, discussing DHR's training objectives.

3.1 Background: Conventional Seed Propagation

To train segmentation models, previous WSS studies [2, 26] generate pseudo
masks by expanding initial seeds obtained from class activation maps (CAMSs).
These CAMs are extracted from weakly-supervised feature maps™s = E ws (1),
produced by an image encoder within the WSS network, using the target image

| as input. Mathematically, the process of propagating CAMs is described as

M P2 = R (PP (AR ); (1)

where Arws represents the CAMs, PP2%¢()) indicates conventional seed prop-
agation techniques [1, 21, 34] such as Random Walk [2]. The process further
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Fig.5: Overview of DHR . Our framework unfolds in three steps, recovering van-
ished classes by replacing pixels of input WSS mask with OT-based CAMs for seed
initialization. We then employ a hierarchical approach to propagate restored seeds,

using unsupervised feature maps for the inter-class segregation €.g., kitchenware) and

weakly-supervised features for the intra-class di erentiation ( e.g., bottle and cup). Fi-

nally, our balanced masks are used to train the segmentation model recursively.

incorporates R¢ (), boundary correction tools such as CRF [32] and PAMR [3],
to produce a segmentation output with C class channels, resulting in the nal
WSS maskMbase 2 RC H W - Although this propagation approach covers a
su cient foreground region compared to CAMs, it leads to the disappearance of
adjacent minor classes in Figure 2.

3.2 Dual Features-Driven Hierarchical Rebalancing (DHR)

For our DHR to easily integrate with other WSS methods, we aim to re ne pre-
propagated WSS masksM P2%¢ during the segmentation learning phase rather
than replacing existing propagation tools. Our DHR approach comprises three
steps; this presents a new propagation mechanisr®°'s (') with reconstructing
vanished-class regions.

Step 1: Optimal Transport-based Seed Initialization To restore minor-
class regions that vanish during the traditional propagation process, we revisit
CAMs Arws utilized before the propagation P3¢, As shown in Figure 6(a),
we rst observe that Optimal Transport (OT) [46] e ectively minimizes the
occurrence of false positives (FP) in regions adjacent to the target classes:

M seed — Rc(for (Apws) A gus); @)

— . Puw Pc ’ .
wherefor (S) :=argmin |} iz Ti 1 s;) H(T) represents the opti-
T

mal transport matrix T for performing OT based on the input heatmapssS (e.g.,

CAM). Here, is a regularization parameter set to 0.1 andH ( ) denotes the en-
tropy term. Finally, the recovered minor-class regions fromM ¢¢¢ are integrated

with M P2%€ tg initialize the WSS mask MM 2 R H W in Figure 6(b).
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Fig. 6: lllustration of recovering minor-class regions from CAMs with OT.

(a): OT reduces false positives in adjacent class regions €.g., bottle vs. bicycle). (b):
The input WSS mask often misses most minor-class areas {.e., person) in the red
box. By contrast, re ning CAM seeds with OT eliminates overlapping areas, restoring
minor-class regions that have previously vanished, as indicated in the green box.

Step 2: USS Feature-based Rebalancing For Inter-class Regions The
bottom part (blue) in Figure 7 shows the second step of DHR. We obtain unsu-
pervised feature mapsFYs from the target image |, dened as F* = E s (I)
with dimensionsH W  D,s. We apply class-level average pooling (CAP) to
FUs using the initial mask M M  producing USS centroids for each class, de-
noted asV{s = CAP (FUS;M "t ) with dimensions C Ds. This leads to the
creation of the USS-based masl&!s:

éus = fOT (SUS) SUS; (3)

where Sj® := ReLU (sim (F;**; V")) in RC is the result of updating the initial

mask M "t by clustering around USS centroidsV ", aiding in the distinct cat-

egorization of inter-class regions €.g., kitchenware and furniture). sim( ) is the
cosine similarity. The re ned outcome, §U, is the result of applying OT-based
optimization to this updated mask. We describe CAP in Appendix A.1.

Step 3: WSS Feature-based Rebalancing For Intra-class Regions In
the last stage of DHR, we re ne the mask S!S with weakly-supervised feature
mapsF"S = E ws (1), sizedR" W Duws for the precise intra-class segregation,
as shown in Figure 7. Following the second step, we generate WSS centroids
VWS = CAP (F"s;M ™Mt ) in R® by applying CAP to F%“s with M ™"  The nal

re ned mask 89 is then formed:

S = for (S™) 8% Ligm (v vusys | 4)

where S'® := ReLU (sim (Fj**;V"®)) in RC creates a WSS-based clustered mask

for the intra-class distinction. Combined with 8 through for (S¥s)  &Us, it
could enhance the further di erentiation across all class regions. Consequently,
the nal mask $% balances both intra- and inter-class distinctions. The prun-
ing operator 1jsim (vus v us)> | applies WSS rebalancing for high-correlated USS
centroids, thereby leveraging the strengths of WSS and USS features. Lastly, we
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Fig. 7: Visualization of hierarchical rebalancing based on dual features. From
initialized seeds M ™  with restored minor-class regions obtained in the rst step of
Section 3.2, USS features are used for inter-class grouping, while WSS features are
sequentially applied for intra-class separation within each inter-class region. Here, WSS
is conditionally applied to cases with high USS correlation ( i.e., classes that USS cannot
distinguish), successfully di erentiating both inter-class and intra-class pixels.

employ the same boundary correction toolRc () in (1) used in existing WSS
studies to generate the nal segmentation maskM 9" :

M = Re(8") = Rc(PM™ (Arw)) (5)

Contrary to former approaches likeR ¢ (P25¢(Agws )) in (1)) which apply awed
propagation P3¢ our DHR initiates a new propagation, P°"s | incorporating
dual feature maps from USS (Step 2) and WSS (Step 3) to discern inter- and
intra-class regions for all class rebalancing. We add the speci ¢ example related
to the pruning operator 1, (vus vus)> i Appendix A.2.

3.3 Recursive Learning

The last section presents our training strategy using re ned masksM . To
train both WSS encoder and decoder parameters, we combine two di erent losses
following previous methods [3, 26, 50]:

Liotar = Lcls(‘QCIS;YCIS)"' Lseg(mseg;Mdh) (6)

where Lgs and Lseg denote the multi-label soft margin loss and the per-pixel
cross-entropy loss, respectively. We apply global average pooling (GAP) and
sigmoid  to predict class labels, denoted a¥ s = (GAP (Agws)). The nal
segmentation output M ¢ = D s (F"$) is obtained from the WSS decoder. As
a result, our DHR iteratively re nes initial WSS masks, utilizing WSS features to
separate inter- and intra-class regions. This process has continuously enhanced
the quality of WSS outputs through recursive updates by the WSS network.
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