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Abstract

State-of-the-art techniques in weakly-supervised semantic
segmentation (WSSS) using image-level labels exhibit se-
vere performance degradation on driving scene datasets such
as Cityscapes. To address this challenge, we develop a new
WSSS framework tailored to driving scene datasets. Based
on extensive analysis of dataset characteristics, we employ
Contrastive Language-Image Pre-training (CLIP) as our base-
line to obtain pseudo-masks. However, CLIP introduces two
key challenges: (1) pseudo-masks from CLIP lack in rep-
resenting small object classes, and (2) these masks contain
notable noise. We propose solutions for each issue as fol-
lows. (1) We devise Global-Local View Training that seam-
lessly incorporates small-scale patches during model train-
ing, thereby enhancing the model’s capability to handle
small-sized yet critical objects in driving scenes (e.g., traf-
fic light). (2) We introduce Consistency-Aware Region Bal-
ancing (CARB), a novel technique that discerns reliable and
noisy regions through evaluating the consistency between
CLIP masks and segmentation predictions. It prioritizes re-
liable pixels over noisy pixels via adaptive loss weighting.
Notably, the proposed method achieves 51.8% mloU on the
Cityscapes test dataset, showcasing its potential as a strong
WSSS baseline on driving scene datasets. Experimental re-
sults on CamVid and WildDash2 demonstrate the effective-
ness of our method across diverse datasets, even with small-
scale datasets or visually challenging conditions. The code is
available at https://github.com/kOu-id/CARB.

Introduction

Recent advancements in weakly supervised semantic seg-
mentation (WSSS) using image-level labels have demon-
strated impressive results, achieving performance levels of
over 90% compared to full supervised models on the PAS-
CAL VOC dataset (Lee, Kim, and Shim 2022; Yoon et al.
2022). Given this success, it is crucial to transfer the WSSS
framework to driving scenes, which are a significant sce-
nario in semantic segmentation. Obtaining pixel-level labels
in driving scenes is prohibitively expensive, making label-
efficient training methods imperative in this context. For
instance, Cityscapes required 1.5 hours per image (Cordts
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et al. 2016), while PASCAL VOC required 239.7 seconds
per image (Bearman et al. 2016).

However, when applied to driving scene datasets like
Cityscapes, WSSS models exhibit significant performance
degradation. Akiva and Dana attributed this issue to the spe-
cific characteristics of the dataset, such as small object size,
a high number of objects in each image, and limited diver-
sity in object appearance (Akiva and Dana 2023). However,
they only reported this tendency implicitly. In our study, we
explicitly compare the driving scene datasets to the existing
benchmark datasets (i.e., PASCAL VOC and MS COCO).
As a result, we find that the driving scenes datasets lack
negative samples and exhibit a remarkably high level of co-
occurrence among classes. This poses a challenge in identi-
fying individual objects through image classification, which
hinders the effectiveness of common WSSS baselines, such
as class activation mapping (CAM).

Recently, Contrastive Language Image Pre-training
(CLIP), a model trained on a massive set of 400 million
image-text pairs, has remarkably performed in open vocabu-
lary classification. Using the open vocabulary classification
ability of CLIP, we can avoid the characteristic of the dataset
degrading the classifier’s performance. As a result, as op-
posed to CAM, the seed mask generated by CLIP better
distinguishes the object regions on the driving dataset like
Cityscapes. Despite the potential, it often fails to identify
small objects and produces noisy masks (Fig. 3 (a)).

In this paper, we present a novel WSSS framework for
driving scene datasets, to address the above two challenges
inherent in CLIP. Considering CLIP as a baseline mask gen-
erator, we propose (1) global-local view training to han-
dle small-sized objects and (2) Consistency-Aware Region
Balancing (CARB) to mitigate the negative effects of noisy
pseudo-masks. Firstly, we found a unique property of CLIP:
it offers considerably different pseudo-masks across input
scales. Based on this observation, we use both a local view
(i.e., a small-sized patch) and a global view (i.e., an original-
sized image) during model training for accurately detecting
small but critical objects in driving scenes (e.g., traffic light).

Next, we propose CARB, which suppresses the erroneous
region of pseudo-masks to train the segmentation model.
Specifically, we divide the noisy pseudo-mask into consis-
tent and inconsistent regions according to prediction consis-
tency between the segmentation model and CLIP. The incon-
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Figure 1: Dataset statistics for Cityscapes, CamVid, MS COCO, and PASCAL VOC. (a) Counting the number of images given
by the number of classes in a single image. (b) Histogram of co-occurrence ratio between classes. (¢c) The number of positive

and negative images for each class.

sistent region contains more false predictions than the con-
sistent region, resulting in a higher loss. This discrepancy
in the magnitude of loss values leads to a negative impact
on the overall training process. To mitigate this, we propose
a strategy to balance the losses from both regions, thereby
suppressing the high loss of the inconsistent region.

In summary, we examine the distinct characteristics of
driving scenes over the commonly evaluated datasets and
highlight the issue of ineffective CAM-based approaches in
these scenes. We introduce a new WSSS framework utiliz-
ing pseudo-masks generated from CLIP, suggesting global-
local view training to handle small-sized objects and CARB
to mitigate the negative effects of noisy pseudo-masks.

We demonstrate that the proposed method achieved
51.8% mloU on the Cityscapes dataset, showcasing the po-
tential as a strong WSSS baseline for driving scenes. The
effectiveness of the proposed method was confirmed on
CamVid representing a small-scale dataset, and on Wild-
Dash2 containing more visually challenging scenes (e.g.,
diverse weather and lighting conditions). Owing to its ad-
vantage in performance and simple training, our method can
serve as a valuable baseline for future research to address
the challenges of WSSS in the driving scenes.

Related Work

Earlier Works in WSSS. Most WSSS techniques using
image-level labels utilize CAM (Zhou et al. 2016). Due
to its sparse coverage, recent studies have focused on ex-
panding discriminative regions (Jiang et al. 2019; Wei et al.
2018; Choe and Shim 2019). In terms of using global-
local view, L2G (Jiang et al. 2022) strengthened classifier
learning by using local attention. This method was also
used to widen the discriminative region. Recently, some
approaches have attempted to solve co-occurrence prob-
lem by incorporating additional information (Lee et al.
2021, 2022; Xie et al. 2022). However, most of exist-
ing methods were only evaluated on PASCAL VOC (Ev-
eringham et al. 2015) or MS COCO (Lin et al. 2014).
Akiva and Dana. 2023 conducted evaluations on more
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complex datasets like Cityscapes (Cordts et al. 2016) and
ADE20k (Zhou et al. 2019), but only revealed the perfor-
mance limitations of existing WSSS studies. Wang, Ma, and
You. 2020 introduced a clustering-based approach in driv-
ing scene datasets, while they only achieved a marginal im-
provement. Unlike most WSSS studies, we analyze distinct
characteristics of the driving scene datasets compared to ex-
isting benchmark datasets and suggest a new direction for
WSSS in driving scene scenarios.

CLIP-based Segmentation. CLIP (Radford et al. 2021) is
a framework trained on a large amount of image-text pairs.
Several attempts have been made to utilize the characteris-
tics of the multimodal embedding space in the field of seg-
mentation (Ding et al. 2022; Wang et al. 2022b). In WSSS,
CLIMS (Xie et al. 2022) employed the embedding spaces by
optimizing the mask based on the similarity between masked
image and text embedding. CLIP-ES (Lin et al. 2023) gen-
erates seed masks in Grad-CAM manner (Selvaraju et al.
2017). Then, it refines masks with class-wise attention-based
affinity of the CLIP image encoder.

Existing studies (Li et al. 2022a; Xu et al. 2022) have
also shown a significant improvement in zero-shot and few-
shot segmentation by leveraging CLIP’s zero-shot ability.
Recently, MaskCLIP (Zhou, Loy, and Dai 2022) has been
proposed to create dense masks from CLIP with category
information at the dataset level rather than the image level.
We employ MaskCLIP to extract dense labels from images
and further propose a training strategy for handling the noise
present in its pseudo-masks.

Uncertainty  Estimation. Estimating the  uncer-
tainty (Kendall and Gal 2017) has been discussed in
deep learning since deep neural networks learn to ap-
proximate probabilistic models. Focusing on semantic
segmentation, the Feng et al. utilizes an ensemble of models
that are initialized differently to separate the uncertainty
region. In a similar vein, several methods (Oh, Kim, and
Ham 2021; Zhang et al. 2020) utilized a combination
of confidence thresholding and consistency between the
CRF-refined mask and the original mask to define a reliable



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Global-local View Training

Consistency-Aware Region Balancing (CARB)

CARB w/ local

Resize & cropT

f

Input image

Segmentation
network

Prediction of Seg. (S)

[

CARB w/ global

Seed mask
(CLIP generated)

Segmentation output (f)

k : Iteration

enque Queue (Q°) deque 7 :Queue size

k S
— 4 L] [

Loss of M©

Consistent region (M€) Av9(Q°) Avg @)
vg vg!

enque deque
Lk —— A
i Lk k2| - |k
oss of M!

L I Queue (QY)

Inconsistent region (M*)

Avg (Q9)
Avg(QY)
Adaptive weight for LF

—L=Litw-Lf —w=

Training loss

Figure 2: Overall framework of proposed method. (Global-local View Training) CLIP gives different pseudo masks for cropping
and resizing. (CARB) The pseudo-mask is divided into the consistent / inconsistent regions and the high loss of inconsistent

regions is suppressed via adaptive region balancing.

region. ST++ (Yang et al. 2022) identifies reliable images
by utilizing the results of previous checkpoints. Recently,
several methods suggest pixel-level entropy to measure the
pixel-level uncertainty (Hu, Sclaroff, and Saenko 2020;
Huynh et al. 2022; Li et al. 2022b; Wang et al. 2022a).

Statistics of Datasets

In this section, to identify the cause of the poor performance
of existing WSSS methods on driving scenes, we com-
pare the characteristics of two types of datasets: standard
benchmark datasets (e.g., PASCAL VOC and MS COCO)
and driving scene datasets (e.g., Cityscapes and CamVid).
Specifically, we investigate the histograms of 1) the num-
ber of classes per image, 2) the co-occurrence ratio between
classes, and 3) the number of positive/negative samples per
class (Fig. 1).

The distinct difference between the two types of datasets
is the number of classes in a single image. Although existing
benchmark datasets have only one or two classes in most im-
ages, driving scene datasets typically contain eight or more
classes in a single image, as in Fig. 1 (a). Next, we calcu-
late the frequency ratio of co-occurrence between every pair
of classes and plot a histogram of those ratios in Fig. 1 (b).
Even worse, these classes in driving scenes often appear to-
gether, causing contextual bias. It is clearly different from
PASCAL VOC and MS COCO.

Another critical point is the scarcity of negative samples
in driving scene datasets. Negative samples are important
learning signals for training the image classifier. As shown
in Fig. 1 (c), existing datasets have a sufficient number of
negative samples, but some classes in driving scene datasets
have extremely few or zero negative samples. Most seri-
ously, road and car in CamVid always appear in all training
images and cannot be distinguished using only image-level
labels. Understanding these characteristics is essential for
developing productive approaches for WSSS using image-
level labels in driving scene applications.
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(a) Pseudo-mask (CLIP)

(b) Resize x 2

(c) Crop 1/4 (d) Resize X 2 and Crop 1/4

Figure 3: Pseudo-masks after resizing and cropping. (a) The
original CLIP mask. (b) CLIP mask with resize ratio 2. (c)
The concatenation of quarter-size cropped CLIP masks (d)
The mask applying both operations. For visual clarity, we
modify color palette of motorcycle to cyan in this figure.

Method
Global-local View Training

Owing to the specific nature of driving scenes, certain
classes such as roads are consistently large, and others like
traffic light remain small in size. Since the driving scenes
capture road environments with a wide range of depth in
each image, object sizes vary significantly with distance
even within the same class, such as car. In Fig. 3 (a), we ob-
serve that the pseudo-masks generated by the CLIP model
exhibit notably high quality for relatively large objects but
poor quality for small objects. We conjecture that this per-
formance degradation may occur from the training mecha-
nism of CLIP (i.e., it mainly concentrate on salient objects
corresponding to text prompt rather than small objects).
Building upon this observation, we manipulate the rel-
ative object size within the input by adjusting the image
scale and field-of-view (FOV). We then analyze the resul-
tant changes in the pseudo-mask obtained from CLIP. In
Fig. 3 (b), when the input is scaled to twice its original size,
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(a) Pseudo-mask (CLIP)

(b) Prediction of Seg.
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Figure 4: The characteristics of two different masks. (a) The
mask from CLIP contains small and blob-like noisy regions.
(b) The output mask from the segmentation network is more
systematic. We identify reliable regions (c) based on predic-
tion consistency between (a) and (b).
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Figure 5: Changes in (a) loss and (b) area of consistent/in-
consistent regions during training. Adaptive region balanc-
ing is applied from 16K iteration, affecting the training dy-
namics.

the pseudo-mask exhibit more accurate and fine-grained re-
sults along the object boundaries. Additionally, reducing the
FOV by half (i.e., the network only observes one-quarter
of the input at a time) leads to noticeable changes in the
pseudo-mask, particularly pronounced for smaller objects
such as motorcycle (c.f., Fig 3 (c)). This simple case study
unveils distinctive characteristics associated with each ad-
justment.

Summarizing, we observed distinct responses of CLIP to
cropping (changing FOV) and resizing (changing scales). (1)
Resizing improves the localization at fine-grained areas such
as edges. (2) Cropping enhances the classification of small
objects. Capitalizing on the distinctive effects of cropping
and resizing, we synergistically incorporate both augmenta-
tions into our approach. By jointly leveraging these func-
tions, we enhance pseudo-mask performance, particularly
for small objects.

Inspired by this observation, we have developed a new
method called Local View Sampling. This technique lever-
ages the conventional augmented input known as the global
view, commonly used for training segmentation networks.
We extract a patch of a specific size (typically small) from
an arbitrary position inside the global view. Then, the patch
is resized randomly before passing it through CLIP. We ob-
tain the local pseudo-mask by calculating the similarity of
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local features from the image encoder and text embedding
as follows:

( Fl. ¢
[easimil

where F! is the feature from CLIP with a local view image,
t is text embedding of CLIP. The local view only contains
semantic information in a small, confined, area, so it can
fully exploit locality from CLIP. This empowers the pseudo-
mask of the local view to better focus on small objects. We
leverage the masks of both views to train the segmentation
model. The loss for the global-local view training is com-
puted by cross-entropy loss for each region as follows:

M = arg max ), (D

1 1
L=~ D ylogfis, ©))
i,j€local
L :,LZ &log fi; 3)
g |Mg| Z] y g 2,79

where 4! and 38 are one-hot labels of M! and M8, respec-
tively. M& and M! are the global pseudo-mask and the local
pseudo-mask, respectively. f € RE*H*W g the probability
of segmentation network. The total loss for the global-local
view training is £ = Lg + L.

Consistency-aware Region Balancing

We identify noisy regions in the pseudo-mask created by
CLIP. Fig. 4 showcases an example of a pseudo-mask con-
taining small and blob-like noisy regions, randomly scat-
tered on the image.

Conversely, training a segmentation network with pseudo-
masks removes the randomly scattered noise of CLIP’s
pseudo-mask in the output, resulting in systematic predic-
tions. (e.g., road in Fig. 4 (b)) However, the segmentation
prediction has misclassified pixels that were originally cor-
rect in the pseudo-mask. In particular, we observe that the
trained segmentation model produces an indistinct boundary
of the object even worse than the pseudo-mask generated by
CLIP (e.g., sidewalk in Fig. 4 (b)).

Owing to the unique properties of the trained segmenta-
tion model and CLIP, we leverage both models to benefit
from their respective advantages. However, since the predic-
tion of the segmentation model is already incorporated in
the model, directly computing the loss using the segmenta-
tion prediction does not provide new evidence for training.
To address this, we indirectly employ the segmentation pre-
diction to distinguish the pixels of the pseudo-mask from
CLIP. Specifically, utilizing prediction consistency, we re-
gard the pixel as reliable if they are consistent and noisy if
the predictions from the two models are inconsistent:

M = {P,;|Pij = Si;}, )
M = {P;|P;; # S}, )
where M€ and M correspond to consistent and inconsistent
regions, respectively. P € CH*W and § € CH*W are the

pseudo-mask from CLIP and the prediction of the segmen-
tation network, where C'is a set of classes. Furthermore, we
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apply label filtering when generating .S to prevent mispre-
diction with non-existent classes in the image.

The consistent and inconsistent regions are recalculated in
each iteration to update the segmentation model. As training
progresses, we notice that the size of the consistent region
changes, resulting in performance improvement of the seg-
mentation model (Fig. 5 (b)).

To understand the effects of consistent and inconsistent
regions, we separately calculate the cross-entropy loss of

each side:
1
M| > yelog fi,
%,

ﬁc = - (6)

1 i
L;= —MX; y'log fi;, 7

where y© and 3! are one-hot labels of M and M!, respec-
tively. f € REXHXW iq the probability of segmentation
network. We observe that inconsistent regions have much
higher loss values than consistent regions in Fig. 5 (a). If we
treat the training loss equally across all regions, the network
is overly influenced by the high loss produced from the in-
consistent regions. Therefore, we suggest assigning different
weights to the losses of consistent and inconsistent regions
while taking into account the noise level of the data. It helps
prevent the conventional cross-entropy loss from being vul-
nerable to noise in the training data.

To this end, we devise an adaptive region balancing
method that dynamically adjusts the loss of the inconsistent
region by monitoring the loss profiles in both the consistent
and inconsistent regions during training. Specifically, we in-
troduce two fixed-size queues which track the losses of the
two regions, denoted as L. and L;, respectively. We then
compute the average loss from each queue. We use the ratio
of two average losses as the weight for the cross-entropy loss
of the inconsistent region, denoted as w, which is multiplied
by the loss of the inconsistent region. The CARB training
loss is £L = L. + w - L;. This balancing ensures that the
training is less influenced by the inconsistent region.

While one might consider that the loss from inconsistent
regions can be simply neglected, our observations reveal that
the inconsistent regions still possess useful learning signals.
Notably, we observe that labels of highly correlated object
classes (i.e., the classes sharing visual properties like bus and
car) exist within the inconsistent region. Overlooking those
pixels impedes the label imbalance problem. The Cityscapes
dataset, for instance, includes classes like rider (a subset of
person), bus, and truck (subsets of car) that are susceptible
to such confusion. Considering these challenges, we present
a region-balancing method designed to harness meaningful
information even from inconsistent regions.

Overall Training. The proposed method consists of two
stages. In the first stage, we warm up the baseline segmenta-
tion model with global and local views generated from CLIP
masks. This step ensures that the segmentation network suf-
ficiently learns the regular patterns of the target dataset. In
the second stage, we refine the segmentation network utiliz-
ing CARB. We apply CARB for both global and local views.
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Method mloU

Base 40.1
+ CARB 45.7
+ Local 45.1
+ Local + CARB 50.6
+ Dual 45.8
+ Dual + CARB 52.1

Table 1: Ablation study of the proposed modules. The ac-
curacy (mloU) is evaluated on the Cityscapes validation set.
The best score is in bold throughout all experiments.

Experiments
Experimental Setup

Dataset & Evaluation Metric. For performance evalua-
tion, we utilized the well-known Cityscapes (Cordts et al.
2016), CamVid (Brostow, Fauqueur, and Cipolla 2009), and
WildDash2 (Zendel et al. 2022), which are autonomous driv-
ing datasets. The Cityscapes dataset consists of 2,975 train-
ing, 500 validation, and 1,525 test images with fine anno-
tation. It contains a total of 30 classes, and 19 classes are
evaluated for public assessment while the rest are void. The
CamVid dataset consists of 367 training, 101 validation, and
233 test images, containing a total of 32 classes. In our ex-
periments, only 11 classes are evaluated by following the
convention of previous research (Wang, Ma, and You 2020).
The WildDash2 dataset consist of 3,618 training, 638 vali-
dation, and 812 test images, containing a total of 25 classes.
In all experiments, we solely utilized image-level labels for
training. The image-level labels are acquired from pixel-
level labels of each dataset. Mean Intersection over Union
(mlIoU) was used as the evaluation criterion, a popular and
standard metric for semantic segmentation.

Implementation Detail. We employed ViT-B/16 (Doso-
vitskiy et al. 2021) as the image encoder for the CLIP,
and ResNet50 (He et al. 2016)-based DeepLab-ASPP (Chen
et al. 2017) as the segmentation network. The last convo-
lutional layer of ASPP was replaced with text embedding
of CLIP. The segmentation network was initialized with an
ImageNet pre-trained model provided by MMSeg (Contrib-
utors 2020). Considering class definition and object words
connoting actual objects, we replaced the vegetation and ter-
rain class names with free and grass, respectively. Further-
more, we changed the person class to pedestrian, since it is
a superset of the rider. For generating pseudo-masks from
CLIP, we adopt MaskCLIP (Zhou, Loy, and Dai 2022).

Ablation Study

Effects of Each Module. We evaluate the effectiveness of
each component of our method in Tab. 1. When we train
the segmentation model with additional local view sam-
pling (Local), it shows a remarkable improvement of 5.0%p.
This implies that additional information from local patches
through cropping and resizing provides rich learning sig-
nals. CARB alone contributed an impressive improvement
of 5.6%p, indicating that adaptively re-weighting the loss
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Figure 6: Segmentation results (mloU) on Cityscapes vali-
dation set depending on (a) the crop size (b) the weight. We
set the length of one side to 512 and varied the length of the
other side between 128 and 512. Yellow star indicates the
experiment using 256 x 256 patch.

Method val test
DeepLab-ASPP (Full supervision) 78.3  75.8
AffinityNet 8.2 -
SEAM 17.3 -
1-Stage 11.8 -
Wang, Ma, and You 242 249
CAM 33.0 322
AMN 175 178
CLIMS 18.1 18.0
CLIP-ES 354 350
Ours 52.1 51.8

Table 2: Segmentation results (mloU) on Cityscapes.

according to its reliability plays a critical role in learning
with noisy pseudo-masks. By combining local view sam-
pling and CARB (Local + C ARB), a substantial improve-
ment of 10.5%p was achieved. Instead of Local, we added a
slight modification named Dual, by re-creating the mask of
global views depending on the augmentation using CLIP for
each iteration. This modification yielded a 0.7%p gain over
Local. Interestingly, our Dual + C ARB method shows a
1.5%p improvement compared to Local + C ARB, indicat-
ing synergy between various-sized mask creations and our
noise-handling strategy.

Effects of the Crop Size and Resize Ratio. In our em-
pirical investigation, it was consistently observed that ver-
tically long rectangular patches exhibited superior perfor-
mance in terms of crop sizes compared to patches of other
sizes. This finding is supported by Fig. 6. We conjecture
this tendency in the driving scene dataset comes from ver-
tically long structures such as pole and traffic light. Also,
the 512x512 patches for local views are more effective than
the 256 x256. These experiments suggest that, while the lo-
cal view represents a smaller portion of the overall scene,
excessively small sizes may not benefit from the attention
layers equipped in CLIP.

We evaluated our local view sampling under variable re-
size ratios. Under the fixed ratio from 0.5 to 2.0, we observe
the best performance of 52.1% at the ratio of 1.0 while a sig-
nificant drop with other ratios. However, when focusing on
classwise performances under various resize ratios, we con-
firmed that a large resize rate benefits the performance of
small classes, such as traffic light and rider. Meanwhile, the
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performance of the large classes, such as sidewalk and wall,
is decreased. Due to the performance trade-off across differ-
ent classes, we set a random value between 1.0 and 2.0 as the
resize ratio. Our choice leads to the overall best performance
in both small and large classes.

Effects of Adaptive Region Balancing. We compare our
adaptive region balancing strategy with a fixed weighting
strategy, where the loss weight for the inconsistent region
(w) is set to a specific value (c.f., Fig. 6 (b)). When chang-
ing the fixed weight w gradually from O to 0.5, we observe
the best score at the weight of 0.1 and a significant drop with
other values. Although the highest performance of the fixed
weight strategy is similar to that of our method (51.06% for
fixed strategy and 52.1% for our method), it requires a hy-
perparameter search for the optimal weight using the valida-
tion dataset. In contrast, our method does not require such a
search, making it more suitable for WSSS scenario.

Quantitative Comparisons

Remarks on Comparisons. Existing WSSS methods fo-
cus on handling object-centric datasets such as PASCAL
VOC 2012. Therefore, their methods are primarily designed
to distinguish relatively simple object shapes with similar
scales, which is still a valuable research direction. Given this
dataset mismatch, direct comparisons between our method
and existing WSSS approaches might not be entirely fair,
as they cater to distinct dataset characteristics. Nevertheless,
by adapting established WSSS methods to driving scenes,
we intend to show that the existing framework is ineffective
for our application scenario.

Existing WSSS Methods. Existing methods can be par-
titioned into CAM-based methods (i.e., an image classifier
for generating the pseudo-masks) and CLIP-based meth-
ods (i.e., CLIP for generating the pseudo-masks). Among
them, we choose several representative methods such as
(1) AffinityNet (Ahn and Kwak 2018), (2) SEAM (Wang
et al. 2020), (3) 1-Stage (Araslanov and Roth 2020), (4)
SEC (Kolesnikov and Lampert 2016), (5) Wang et al. (Wang,
Ma, and You 2020), (6) CAM (Zhou et al. 2016), and (7)
AMN (Lee, Kim, and Shim 2022). To compare with CLIP-
based WSSS, we reproduce the driving scene results of (8)
CLIMS (Xie et al. 2022) and (9) CLIP-ES (Lin et al. 2023),
both of which use the same level of information, CLIP, as
our method.

Cityscapes. Tab. 2 presents the performance of our pro-
posed CARB compared to other methods in driving scenes.
Specifically, our approach achieves 51.8% on the Cityscapes
test set, which outperforms the Wang, Ma, and You by
26.9%p and previous CLIP-based WSSS technique by
16.8%p. Additionally, we observed that our method consis-
tently performs better than CLIP-ES in every class. Fig. 7
showcases qualitative examples of segmentation results on
the Cityscapes. Notably, CARB successfully eliminates mis-
classified sidewalk regions on the sky class (see the first and
second rows). These results visually confirm that our method
correctly captures each class and successfully reduces the
prediction errors.
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(a) Input image (b) Ground-truth

(c) CLIP-ES

(d) Ours

Figure 7: Qualitative results on Cityscapes validation set. (a) Input image, (b) Ground-truth, (c) CLIP-ES, and (d) Our method.

Method val test
DeepLab-ASPP (Full supervision) 81.6  74.9
SEC - 2.5
AffinityNet 11.0 155
Wang, Ma, and You 235 304
CAM 9.6 6.6
AMN 10.7 7.6
CLIMS 2.7 43
CLIP-ES 41.7  39.6
Ours 55.7 50.5

Table 3: Segmentation results (mloU) on CamVid.

CamVid. The CamVid dataset has a much smaller num-
ber of training images compared to Cityscapes, with only
367 images. Additionally, it is not possible to differentiate
between the car and road classes using only image-level la-
bels, as they appear in all images. However, our method can
distinguish them by utilizing the pre-trained image-text in-
formation from the CLIP model. Tab. 3 shows that the per-
formance of CAM-based methods (e.g., SEC, AffinityNet,
Wang, Ma, and You, and CLIMY) is considerably low while
our method achieves significantly higher performance. This
demonstrates that our proposed approach can address the
problem even when the scale of the dataset is small and has
severe contextual bias.

WildDash2. Since the WildDash2 dataset possesses ex-
tremely high diversity, it is generally challenging even
for the fully supervised model. A classifier-based WSSS
method such as CLIMS performs poorly, 1% in mloU,
which is worse than a random guess. This poor performance
is caused by difficulties in training the classifier due to class
imbalance and complex class distribution. Since CLIP-ES
and our method are built upon CLIP for generating the
pseudo masks, both methods provide relatively reasonable
performances. Our method achieves considerably high per-
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Method Result
DeepLab-ASPP (Full supervision) 54.0
CAM 15.2
AMN 18.8
CLIMS 1.0
CLIP-ES 24.7
Ours 32.2

Table 4: Segmentation results (mloU) on WildDash2 val set.

formance compared to CLIP-ES, with the performance gain
primarily observed in small classes such as billboard, rider,
bicycle, and road marking.

Conclusion

This paper addressed the limitations of conventional CAM-
based, weakly-supervised semantic segmentation (WSSS)
methods when handling the driving scene datasets. To break
the performance bottleneck of the CAM-based methods, we
utilized CLIP as the pseudo-mask generator. Then, we pro-
posed global-local view training, which exploits the charac-
teristics of CLIP generating diverse masks depending on the
relative object sizes. We also propose a novel training strat-
egy, namely consistency-aware region balancing (CARB).
It distinguishes between reliable and noisy regions utiliz-
ing prediction consistency and then suppresses the latter re-
gions during training. By incorporating these two compo-
nents, our method successfully (1) learns to segment small
objects and (2) heavily relies on reliable regions while effec-
tively handling challenging objects from noisy regions. Ex-
tensive experiments demonstrate that each component of our
method contributes to achieving new state-of-the-art perfor-
mances on the Cityscapes, CamVid, and WildDash?2 datasets
in WSSS. Our study introduces a new approach address-
ing the challenges posed by driving datasets and suggests
a promising direction for future research in WSSS.
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