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Abstract

We present S*Former, a novel approach to training
Vision Transformers for Semi-Supervised Semantic Seg-
mentation (S*). At its core, S*Former employs a Vi-
sion Transformer within a classic teacher-student frame-
work, and then leverages three novel technical ingredients:
PatchShuffle as a parameter-free perturbation technique,
Patch-Adaptive Self-Attention (PASA) as a fine-grained fea-
ture modulation method, and the innovative Negative Class
Ranking (NCR) regularization loss. Based on these regu-
larization modules aligned with Transformer-specific char-
acteristics across the image input, feature, and output di-
mensions, S*Former exploits the Transformer’s ability to
capture and differentiate consistent global contextual infor-
mation in unlabeled images. Overall, S*Former not only
defines a new state of the art in §* but also maintains a
streamlined and scalable architecture. Being readily com-
patible with existing frameworks, S*Former achieves strong
improvements (up to 4.9%) on benchmarks like Pascal VOC
2012, COCO, and Cityscapes, with varying numbers of la-
beled data. The code is at https://github.com/
JoyHuYY1412/S4Former.

1. Introduction

Semi-supervised semantic segmentation (S*) aims to re-
lieve the heavy dependence on extensive pixel-level an-
notations by leveraging unlabeled images. Prevailing S*
works [19, 45, 53, 61] employ the teacher-student mecha-
nism [27, 42]: pseudo-labels from a weakly augmented un-
labeled image guide the training of the strongly augmented
counterpart. Despite significant progress, recent works that
rely on ConvNet-based segmenters [53, 55, 56] seem to
reach a performance plateau, as shown in Fig. 1. Vision
Transformers, having demonstrated their efficacy in super-
vised and other semi-supervised tasks [4, 5, 50], offer a
promising yet under-explored path for advancing S*.

We introduce S*Former, a novel approach that integrates
Vision Transformers into the teacher-student paradigm for
the S* task for the first time (to the best of our knowl-
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Figure 1. Advancements of semi-supervised semantic segmen-
tation (S*) work over time. Our proposed S*Former achieves
significant improvements over previous methods with a limited
number of labeled images. Results are reported on the Pascal
VOC [14] dataset with 1,464 images labeled and 9,118 images
from SBD [18] unlabeled.

edge). Beyond simply substituting backbones from Con-
vNets to Vision Transformers, we emphasize the need for
tailored training mechanisms to fully exploit Vision Trans-
formers in S*. Our empirical findings reveal the critical im-
portance of regularization strategies for Vision Transform-
ers. As illustrated in Figure 2, with suitable regularization
techniques, training with a limited set of unlabeled data can
outperform naive training with a larger unlabeled dataset.
To better exploit Vision Transformers, our primary motiva-
tion is to harness its capabilities in comprehending global
and long-range contexts. This capability ensures a more
consistent understanding of semantic content across various
perturbed instances of unlabeled images. Stemming from
this insight, we propose a suite of regularization techniques
tailored for Vision Transformers, including PatchShuffle,
Patch-Adaptive Self-Attention (PASA), and Negative Class
Ranking (NCR) loss, addressing image, feature, and output
regularization, respectively.

Our proposed components in the S*Former framework
capitalize on the Vision Transformer’s architectural at-
tributes, such as its innate patch-based architecture and
self-attention mechanism. Consequently, we can regularize
S*Former with consistent global and long-range contextual
cues inherent in images. In particular, PatchShuffle chal-
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Figure 2. With diverse training strategies based on the Trans-
former backbone, the performance gain exhibits considerable vari-
ation when obtaining more unlabeled images. Weak: weak im-
age augmentations that are the same as those used for the teacher
model. FD: feature dropout. CutMix: cut and mix regions over
images [54].

lenges the Transformer to reconstruct semantic understand-
ing from a shuffled spatial structure, thereby reinforcing its
reliance on global contextual awareness, while the PASA
module adjusts the self-attention process to prioritize com-
plex and ambiguous areas that are typically challenging for
segmentation. The NCR loss, while not exclusive to Trans-
formers, extends consistency constraints beyond the stan-
dard “positive” pseudo-label and encompasses “negative”
classes to enhance regularization.

Armed with the proposed mechanisms, S*Former not
only pioneers the training of Vision Transformers for semi-
supervised semantic segmentation but does so by overcom-
ing the specific challenges of spatial and class confusion
that have limited the effectiveness of the existing ConvNet-
based methods from a new perspective. Notably, the overall
proposed method is straightforward, yet effective, with no
additional training parameters or memory bank introduced.
We anticipate that our streamlined S*Former approach will
not only establish a new performance benchmark but also
serve as a timely reference point for future research into
semi-supervised semantic segmentation using Transformer
architectures, potentially inspiring innovative methodolo-
gies in this evolving field.

Our contributions are summarized as follows:

* We pioneer the study of training Vision Transformers
for S4, establishing a new effective benchmark in this
domain.

* Without introducing extra trainable parameters, our
proposed S*Former enhances the teacher-student
framework with innovative perturbation and regular-
ization techniques, addressing the consistency regular-
ization unique to the Transformer architecture.

* Our extensive evaluations confirm that S*Former sets
a new state-of-the-art on Pascal VOC 2012, COCO,
and Cityscapes, laying solid groundwork for future re-
search with Transformers in S*.

2. Related Works

Semi-Supervised Learning (SSL). Semi-supervised learn-
ing aims to utilize unlabeled data to improve the model
learned on labeled data. Pseudo-labeling methods [26,

, 49] extend the training dataset by predicting pseudo-
labels for unlabeled data. Notably, Mean Teacher [42] op-
timizes the generation of robust pseudo-labels by employ-
ing an exponential moving average (EMA) of the student
model. Consistency regularization approaches [3, 25, 40]
enforce the model to yield consistent predictions for differ-
ent perturbed versions of the same unlabeled image. Pre-
vailing SSL methods [2, 41] combine the two existing tech-
niques and predict improved pseudo-labels. Specifically,
FixMatch [41], proposes to inject strong perturbations to
unlabeled images and supervise the training process with
predictions from weakly perturbed ones. This paper focuses
on how different types of perturbations can be systemati-
cally exploited in semi-supervised vision tasks, going be-
yond the established weak-to-strong paradigm.

Semi-Supervised Semantic Segmentation (S*). Based
on the teacher-student architecture [27, 52, 53, 61], some
works aim to improve the quality of pseudo-labels by sta-
bilizing the teacher model with multi-head [15, 21, 31] or
cross-head supervision [9, 24, 46], or adopting contrastive
learning [1, 44, 59], uncertainty-based thresholding [23,

], and class-imbalance learning [16, 19]. Other works
focus on injecting strong perturbations into the student to
avoid confirmation bias [28]. In practice, strong data aug-
mentation [17, 47, 52, 56]/feature perturbations [3 1, 35, 53]
are applied to the input images/features of the student. Re-
cent state-of-the-art S* methods [19, 31, 37, 45] combine
the two strengths by imposing stronger augmentation and
generating better pseudo-labels. Our work extends these ad-
vances by incorporating Vision Transformers and introduc-
ing a novel image augmentation strategy, attention adjust-
ment mechanism, and regularization loss function, thereby
establishing a new direction for S* methods.

Vision Transformers. Vision Transformers have recently
been embraced in various computer vision domains, includ-
ing image classification [8, 13], object detection [7, 60], se-
mantic segmentation [10, 48, 57], and other high-level vi-
sion tasks [29, 36, 51], thanks to their ability to model long-
range dependencies among elements [22, 32, 33]. In this
work, we use ImageNet [39] pre-trained Vision Transform-
ers for semantic segmentation, i.e., DeiT [57] and MiT [48]
as our backbone models. Recently, some works [20, 58] in
semi-supervised semantic segmentation have attempted to
introduce the Vision Transformer as a parallel branch to the
ConvNet model. Our paper is the first, to the best of our
knowledge, to explore the training of Vision Transformers
instead of ConvNets for semi-supervised semantic segmen-
tation.
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