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Abstract

The key to semi-supervised semantic segmentation lies in
how to fully exploit a large amount of unlabeled data to im-
prove the model’s generalization performance. Most meth-
ods are lured into the trap of taking each class independently
(i.e., class-independent consistency) and neglecting the fact
that there exist semantic dependencies among classes. In this
paper, we analyze the bottlenecks of class-independent con-
sistency inherent in previous methods and offer a fresh per-
spective of cooperative game theory to explicitly encourage
class-consensus alignment (i.e., class-consensus consistency)
between the teacher (weak augmented view) and student net-
work (strong augmented view). We formulate classes as play-
ers in an cooperative game to model their interpretable con-
sensus and shed light on the possibility of closer collaboration
between consensus themselves and consistency regulariza-
tion, yielding more comprehensive and effective supervision
signals. To this end, we carefully design the class-consensus
consistency without introducing any external knowledge to
model class structure information which renders better inter-
pretability, and further, prepend relaxed class-consensus con-
sistency (RCC) to unlock the potential of modeling class con-
sensus by relaxing the strict alignment of direct class consen-
sus values to ranking alignment. Extensive experimental re-
sults on multiple benchmarks demonstrate that RCC performs
favorably against state-of-the-art methods. Particularly in the
low-data regimes, RCC achieves significant improvements.

Introduction
Semantic segmentation is a fundamental task that has
achieved conspicuous achievements attributed to the recent
advances in deep neural network (Long, Shelhamer, and
Darrell 2015) with widespread applications such as visual
understanding (Everingham et al. 2010), autonomous driv-
ing (Feng et al. 2020), etc. However, its data-driven nature
makes it laborious and time-consuming to gather massive
pixel-level annotations as training data. To alleviate the data-
hunger issue, considerable works (Wang et al. 2023b; Yang
et al. 2022a; Hu et al. 2021) have turned their attention to
semi-supervised semantic segmentation. Since only limited
labeled data is accessible, how to fully exploit vast unlabeled
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data to improve the model’s generalization performance is
thus extremely challenging.

Recently, the teacher-student scheme (Tarvainen and
Valpola 2017) encapsulating pseudo-labeling (Lee et al.
2013; Arazo et al. 2020) and the consistency regulariza-
tion paradigm (Laine and Aila 2016; Bachman, Alsharif, and
Precup 2014) has dominated this field credited to their sim-
plicity yet competitive performance. The core idea is to con-
struct consistency regularization to align the pseudo labels
generated by the teacher network under weakly augmented
perturbation view with the prediction of the student network
featuring strongly augmented perturbation view (where the
teacher and student can be identical).

The supervision signal constituted by consistency in-
volves hard pseudo labeling (selectively recruiting the
classes with the highest confidence for training (Chen et al.
2021a)) and soft pseudo labeling (retaining scores for all
classes as soft pseudo-labels to measure deviation under
the presence of KL divergence (Ke et al. 2020) in Fig-
ure 1 (a)). Despite their promising results, these methods are
lured into the trap of taking each class independently (i.e.,
class-independent consistency) and neglecting the fact that
semantic dependencies exist among classes (i.e., class con-
sensus). For example, the class truck and car featuring high
class consensus share similar visual patterns (e.g., wheels)
with each other. In this case, the i.i.d. assumption manifested
in the class-independent consistency tends to be hysteresis
to comprehensively probe unlabeled data. To make matters
worse, the negative impact is inevitably amplified by in-
built low-data regimes of semi-supervised semantic segmen-
tation, compromising the capability of the model. Therefore,
it is highly desirable to characterize the class consensus, that
is, leverage the inter-class relationship to model structure
information in pursuit of additional supervision to comple-
ment pure class-independent consistency.

In this paper, we analyze the bottlenecks of class-
independent consistency inherent in previous methods and
offer a fresh perspective of cooperative game theory to ex-
plicitly encourage class-consensus alignment (i.e., class-
consensus consistency) between the teacher network (weak
augmented view) and student network (strong augmented
view). We formulate classes as players in a cooperative game
to model their interpretable consensus and shed light on the
possibility of closer collaboration between consensus them-
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Figure 1: Illustration of our motivation. (a) The supervision signal constituted by consistency involves hard pseudo labeling
and soft pseudo labeling. However, these methods are lured into the trap of taking each class independently. (b) We do not
introduce any external knowledge to harness the inter-class relationship to model structure information in pursuit of additional
supervision, from a fresh perspective of cooperative game theory. (c) The model inclines to be more susceptible to confusion
when classes with high consensus co-occur (the coalition of classes), compared to the case when the model independently
discriminates each class in the coalition.

selves and consistency regularization, yielding more com-
prehensive and effective supervision signals for robust semi-
supervised semantic segmentation. Intuitively, if two classes
share similar semantic concepts, their collaboration tends
to confound the model. That is, the model inclines to be
more susceptible to confusion when classes with high con-
sensus co-occur (the coalition of classes), compared to the
case when the model independently discriminates each class
in the coalition. As shown in Figure 1 (c), given the pres-
ence of the class road, the model is capable of making the
decision about the class of pixel p when the single class en-
tity appears individually in the coalition {car, truck}, com-
pared to discriminating the entire coalition, shedding light
on the high consensus between car and truck tends to ex-
acerbate the model’s prediction uncertainty (which can be
easily measured by prediction entropy). Motivated by this
spirit, we construct the class coalition and develop to quan-
tify the trend of interaction (i.e., class consensus) within a
coalition via the game-theoretic interactions (i.e., Shapley
interaction (Grabisch and Roubens 1999; Ren et al. 2021),
which is one of the most popular theories in cooperative
games) for its simplicity and efficiency. Shapley interaction
measures the additional outcome brought by the coalition
compared with the case in which the players work individu-
ally. In a nutshell, when a coalition has high Shapley interac-
tion (high class consensus), it manifests a significant impact
on the model’s uncertainty (high prediction entropy). Thus,
we can use the Shapley interaction to value possible class
consensus which renders better interpretability.

To this end, we carefully design the Class-consensus Con-
sistency (CC) without introducing any external knowledge
to harness the inter-class relationship to model structure in-
formation in pursuit of additional supervision, instead of tak-
ing each class independently. In specific, we take classes as
players and prediction entropy as the characteristic function

in the cooperative game. Then, we use the Shapley interac-
tion to reason about the trend of interactions inside the coali-
tion the players constitute, aiming to learn class consensus
to span the semantic space (as shown in Figure 1 (b)). It nat-
urally comes into mind to construct supervision signal on
top of class-consensus consistency in the form of L2 dis-
tance and so on. However, as a significant departure from
the regular class-independent consistency which enjoys the
constraints from the ground truth of labeled data as reli-
able support, class-consensus consistency stems from unsu-
pervised optimization in a data-driven manner, compressing
the reliability of its values. To this end, we prepend Relaxed
Class-consensus Consistency (RCC) to strive to further un-
lock the potential of modeling class consensus, by relaxing
the strict alignment of direct class consensus values to rank-
ing alignment (considering that under noise interference, the
relative comparability of values typically does not change,
that is, the inbuilt noise-resistance capability of ranking). By
constraining the ranking consistency of class consensus be-
tween the teacher and student networks, RCC enjoys spe-
cial bonus from more comprehensive and effective super-
vision signals, enabling better description of data distribu-
tion, and achieving better exploration of unlabeled data. We
find that explicitly encouraging class-consensus alignment
brings remarkable improvement to already very strong pure
class-independent consistency.

In this work, our contributions can be summarized as fol-
lows: (1) We analyze the bottlenecks of class-independent
consistency inherent in previous methods and offer a fresh
perspective on cooperative game theory to explicitly en-
courage class-consensus alignment. (2) We carefully design
the class-consensus consistency without introducing any ex-
ternal knowledge to model class structure information in
pursuit of additional supervision which renders better in-
terpretability, and further, prepend relaxed class-consensus
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Algorithm 1: Pseudo algorithms of RCC.

1: Inputs: Labeled Set Dl = {(xl
i,y

l
i)}N

l

i=1, Unlabeled Set
Du = {xu

i }N
u

i=1 (Nu ≫ N l)
2: Define: Teacher Network fT , Student Network fS ,

Weak Augmentation aug(·), Strong Augmentation
Aug(·)

3: Output: Student Network fS
4: for each batch of (xl

i,y
l
i), x

u
i in Dl, Du do

5: # Labeled Data:
6: Calculate Lsup for fS by Equation 1
7: ▷ Supervised loss
8: # Unlabeled Data:
9: Obtain pseudo-labels from fT by Equation 2

10: Calculate Lreg for fS by Equation 3
11: ▷ Class-independent Consistency
12: Calculate class consensus Jw

ij and Js
ij for fT and fS

respectively by Equation 7
13: Calculate LRCC for fS by Equation 10
14: ▷ Relaxed Class-consensus Consistency
15: Gradient backward Lsup + Lreg + λLRCC

16: ▷ Update Model
17: end for

consistency (RCC) to unlock the potential of modeling class
consensus by relaxing the strict alignment of direct class
consensus values to ranking alignment. (3) Extensive experi-
ments on three challenging benchmarks demonstrate that our
RCC outperforms state-of-the-art semi-supervised semantic
segmentation methods. Particularly in the low-data regimes,
RCC achieves significant improvements.

Related Work
Semi-supervised Semantic Segmentation. The devel-
opment of general semi-supervised learning and vari-
ous types of semi-supervised semantic segmentation algo-
rithms (Liang et al. 2023; Na et al. 2023; Sun et al. 2024)
have brought significant benefits. These algorithms lever-
age the mature combination of pseudo-labeling (Chen et al.
2021a; Hu et al. 2021; Wang et al. 2022) and consistency
regularization (Lai et al. 2021; Zhong et al. 2021; Ouali,
Hudelot, and Tami 2020; Chen and Lian 2022) to improve
performance. More recently, UniMatch (Yang et al. 2022a)
acknowledges the characteristics of semantic segmentation
tasks and incorporates appropriate data augmentations into
FixMatch (Sohn et al. 2020), resulting in a concise yet pow-
erful semi-supervised semantic segmentation baseline. De-
spite the promising results achieved by these methods, they
often overlook the fact that semantic dependencies exist
among different classes and tend to treat each class inde-
pendently (Chen et al. 2021a; Ke et al. 2020). In this paper,
we analyze the limitations of class-independent consistency
found in previous methods and propose a novel perspective
based on cooperative game theory to explicitly encourage
class-consensus alignment.
Shapley Interaction. The Shapley interaction(Shapley
2020) was initially introduced in cooperative game the-

ory (Chalkiadakis, Elkind, and Wooldridge 2022; Ferguson
2020) with the Shapley value. The core of the cooperative
game theory is to allocate different outcomes to game indi-
viduals fairly and reasonably. The Shapley value has been
theoretically demonstrated as the unique metric for impar-
tially estimating each player’s contribution in a coopera-
tive game while ensuring the fulfillment of specific desirable
axioms (Winter 2002; Marichal and Mathonet 2011). With
solid theoretic foundations, Shapley interaction has recently
been studied in the field of model interpretability (Datta,
Sen, and Zick 2016; Lundberg and Lee 2017; Zhang et al.
2021; Ren et al. 2021; Rozemberczki et al. 2022; Djenouri
et al. 2023), but there is a little exploration in the application
of deep learning. In this work, we use the Shapley interac-
tion to value possible class consensus, harnessing the inter-
class relationship to model structure information in pursuit
of additional supervision for robust semi-supervised seman-
tic segmentation.

Method
In this section, we first formulate the typical teacher-student
scheme of the semi-supervised semantic segmentation task
and introduce the Shapley value & Shapley interaction of
game theory in preliminaries. Then, we detail how the Shap-
ley interaction can be applied to semi-supervised semantic
segmentation to value potential class-class consensus. Fi-
nally, the relaxed class-consensus consistency loss is devised
to harness the inter-class relationship for more effective su-
pervision signals. In Algorithm 1, we present the pseudo al-
gorithm of RCC to clearly summarize our method.

Preliminaries
Teacher-student Scheme. Given a labeled set Dl =
{(xl

i,y
l
i)}N

l

i=1 and an unlabeled set Du = {xu
i }N

u

i=1,
where Nu ≫ N l, semi-supervised semantic segmentation
aims to train a segmentation model with limited labeled
data and vast unlabeled data. The popular teacher-student
scheme (Sohn et al. 2020; Yang et al. 2022a) consists of a
teacher network fT and a student network fS . The student
network is guided by two sources of supervision, including
the ground truth for the labeled data and the pseudo-labels
generated by the teacher network for the unlabeled data. The
teacher network can either be identical to the student net-
work or an exponentially moving average (EMA) version of
it. In specific, for the labeled data, the supervised loss Lsup

can be formulated as:

Lsup =
1

N l

N l∑
i=1

1

HW

HW∑
j=1

ℓce
(
yl
ij , fS(x

l
i)j

)
, (1)

where H and W represent the height and width of the in-
put image, ℓce denotes the standard pixel-wise cross-entropy
loss. For the unlabeled data, the teacher network takes
the weak augmented view aug(xu

i ) as input and generates
pseudo-labels ŷu

i for the student network as:

ŷu
ij =

{
argmax fT (aug(x

u
i ))j , cuij > γ

ignore index, otherwise , (2)
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where cuij = max fT (aug(x
u
i ))j represents the confidence

of the teacher prediction for j-th pixel in i-th input and γ de-
notes the confidence threshold to exclude unreliable pseudo-
labels from training. As result, we can obtain the consistency
regularization loss Lreg as:

Lreg =
1

Nu

Nu∑
i=1

1

HW

HW∑
j=1

ℓce
(
ŷu
ij , fS(Aug(xu

i ))j
)
, (3)

where Aug(·) means the strong augmentation. The model
can learn reliable information from unlabeled data by impos-
ing consistency regularization. The overall loss of the typical
teacher-student scheme is L = Lsup + Lreg .
Shapley Value & Shapley Interaction. The Shapley
value (Shapley 2020) is a classic metric in a cooperative
game. Considering a game with a set of players N =
{1, 2, ...}, a characteristic function ϕ(·) is implemented to
map any subset T ⊆ N of players to a score, modeling
the outcome of a game when players in T participate in.
Formally, the Shapley value S(u|N ) measures the average
marginal contribution of player u across all combinations of
the players in N :

S(u|N ) =
∑

T ⊆N/{u}

P (T ) [ϕ(T ∪ {u})− ϕ(T )] , (4)

where P (T ) = 1
2|N|−1 denotes the likelihood of T being

sampled and N/{u} denotes removing player u from N . It
is the unbiased estimation for the contribution of player u
w.r.t.overall players N .

In a cooperative game, some players tend to form a coali-
tion and participate in the game together. The players in the
coalition might well interact with each other, which brings
additional contributions to the game. The Shapley inter-
action, derived from the Shapley value, measures the ad-
ditional contributions brought by the coalition compared
with the case in which the players work individually. For-
mally, for a subset of players T , we consider [T ] as a coali-
tion, which is viewed as a single player in the game. The
Shapley interaction for coalition [T ] is defined as:

J([T ]) = S([T ]|N )−
∑
u∈T

S(u|N/T ∪ {u}). (5)

Intuitively, J([T ]) reflects the trend of interactions inside
players T . The higher value of J([T ]) indicates that play-
ers in T interact better with each other.

Class Consensus
The typical teacher-student scheme directly imposes the
consistency between the prediction of the student model and
the pseudo-label generated by the teacher model, overlook-
ing the relationship between classes. Inspired by game the-
ory, we creatively propose to measure the inter-class rela-
tionship (i.e., class consensus) by Shapley interaction. In
specific, we take all K classes as the players N and the pre-
diction entropy as the characteristic function ϕ(·). For the
prediction p ∈ RK of a pixel, the entropy w.r.t.a subset of
classes T is defined as:

ϕ(T ) = −
∑
u∈T

p̃u log p̃u, p̃u =
exp(pu)∑

u∈T exp(pu)
. (6)

From Equation 4 and Equation 5, the Shapley interaction of
classes u and v (i.e., class consensus between u and v) is:

J([u, v]) = S([u, v]|N )−S(u|N/v)−S(v|N/u)

=
∑

T ⊆N/{u,v}

1

2K−2
[ϕ(T ∪ {[u, v]}) + ϕ(T )

− ϕ(T ∪ {u})− ϕ(T ∪ {v})].
(7)

For example, suppose we have three classes in total: car,
truck and road. Given the pixel of the wheel, the model will
confidently determine whether it belongs to the car (truck)
or road category, i.e., the prediction entropy ϕ({car, road})
(ϕ({truck, road})) is small. However, when the model needs
to make a three-class classification among car, truck and
road, it becomes uncertain, i.e., the prediction entropy
ϕ({car, truck, road}) is large. According to Equation 7,
J([car, truck]) will be a relatively large value, which is in
line with the reality that car and truck share high semantic
consensus. Intuitively, the co-occurrence of two classes with
a high semantic consensus will confuse the model, leading
to a large Shapley interaction. This is why we use Shapley
interaction to measure the class consensus.

Relaxed Class-consensus Consistency
After defining the class consensus, we can obtain a set
of J ij = {J([u, v])} (|J ij | = CK

2 ) for each pixel xij .
Straightforwardly, we can impose the consistency between
the class-consensus Jw

ij of the teacher network and the Js
ij

of the student network resorting to L2 distance as:

LCC =
1

Nu

Nu∑
i=1

1

HW

HW∑
j=1

ℓL2

(
Jw

ij ,J
s
ij

)
. (8)

However, unlike regular class-independent consistency,
which enjoys the constraints from the ground truth of la-
beled data as reliable support, class-consensus consistency
stems from unsupervised optimization in a data-driven man-
ner, making the strict alignment full of noise. To unlock
the potential of modeling class consensus, we propose the
relaxed class-consensus consistency by relaxing the strict
alignment of direct class consensus values to ranking align-
ment:

ℓrk (J
w,Js) =

CK
2∑
k

[
1− min(R(k,Jw),R(k,Js))

max(R(k,Jw),R(k,Js))

]
,

(9)

LRCC =
1

Nu

Nu∑
i=1

1

HW

HW∑
j=1

ℓrk
(
Jw

ij ,J
s
ij

)
, (10)

where ℓrk is a ranking order-based loss function and
R(k,J) refers to the ranking of the instance k in the class
consensus list J . Obviously, the ranking function R(k,J) is
non-differentiable, resulting in the inability to be optimized
with gradient-based approaches. Rewrite R(k,J) as:

R(k,J) = 1 +
∑
l ̸=k

I{J l − Jk}, (11)
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Method ResNet-50 ResNet-101
1/16(92) 1/8(183) 1/4(366) 1/2(732) Full(1464) 1/16(92) 1/8(183) 1/4(366) 1/2(732) Full(1464)

Sup.-only 44.0 52.3 61.7 66.7 72.9 45.1 55.3 64.8 69.7 73.5

FixMatch 60.1 67.3 71.4 73.7 76.9 63.9 73.0 75.5 77.8 79.2
iMAS − − − − − 68.8 75.3 79.1 80.2 82.0

AugSeg 64.2 72.1 76.1 77.4 78.8 71.0 75.4 78.8 80.3 81.3
DGCL − − − − − 70.4 77.1 78.7 79.2 81.5
CSS 68.0 71.9 74.9 77.6 − − − − − −

LOGICDIAG − − − − − 73.2 76.6 77.9 79.3 −
NP-SemiSeg 65.7 72.3 75.7 77.4 − − − − − −

DAW 68.5 73.1 76.3 78.6 79.7 74.8 77.4 79.5 80.6 81.5
Switch 70.7 74.5 76.4 77.6 78.1 − − − − −

UniMatch 67.4 71.9 75.3 78.0 79.3 73.5 75.4 78.7 80.2 81.9

RCC (Ours) 71.8 74.7 76.9 78.9 80.3 75.3 77.9 79.8 81.0 82.1
∆ ↑ +27.8 +22.4 +15.2 +12.2 +7.4 +30.2 +22.6 +15.0 +11.3 +8.6

Table 1: Quantitative results of different SSL methods on Pascal classic set. We report mIoU (%) under various partition
protocols and show the improvements over Sup.-only baseline. The best is highlighted in bold.

Method ResNet-50 ResNet-101
1/16(662) 1/8(1323) 1/4(2646) 1/16(662) 1/8(1323) 1/4(2646)

Sup.-only 62.4 68.2 72.3 67.5 71.1 74.2

FixMatch 70.6 73.9 75.1 74.3 76.3 76.9
ST++ 72.6 74.4 75.4 74.5 76.3 76.6
U2PL − − − 77.2 79.0 79.3

AugSeg 74.6 75.9 77.1 77.0 77.3 78.8
iMAS 75.9 76.7 77.1 77.2 78.4 79.3
CFCG 75.0 77.1 77.7 76.8 79.1 79.9

NP-SemiSeg 73.4 76.5 76.7 − − −
DAW 76.2 77.6 77.4 78.5 78.9 79.6

UniMatch 75.8 76.9 76.8 78.1 78.4 79.2

RCC (Ours) 76.9 78.1 78.1 79.1 79.4 80.2
∆ ↑ +14.5 +9.9 +5.8 +11.6 +8.3 +6.0

Table 2: Quantitative results of different SSL methods on Pascal blender set. We report mIoU (%) under various partition
protocols and show the improvements over Sup.-only baseline. The best is highlighted in bold.

where I(·) serves as an Indicator function which equals to 1
when J l−Jk > 0. To make LRCC differentiable, we utilize
a sigmoid function in place of the Indicator function.

Finally, the overall learning objective of our RCC is de-
rived as:

L = Lsup + Lreg + λLRCC , (12)

where the λ is the trade-off weight.

Experiments
Experimental Setup
Datasets. (1) PASCAL VOC 2012 (Everingham et al. 2010)
is an object-centric semantic segmentation dataset, contain-
ing 20 object classes in the foreground and a background
class with 1,464 and 1,449 finely annotated images for
training and validation, respectively. Many researches (Chen
et al. 2021b; Hu et al. 2021) augment the original training set

(i.e., classic) with additional 9,118 coarsely annotated im-
ages in SBD (Hariharan et al. 2011) to get a blender training
set. (2) Cityscapes (Cordts et al. 2016) is an urban scene
understanding dataset consisting of 2,975 images for train-
ing and 500 images for validation. The initial 30 semantic
classes are re-mapped into 19 classes for the semantic seg-
mentation task.
Implementation Details. For a fair comparison, we
use ResNet-50/101 (He et al. 2016) pretrained on Ima-
geNet (Krizhevsky, Sutskever, and Hinton 2012) as the back-
bone and DeepLabv3+ (Chen et al. 2018) as the decoder.
The crop size is set as 513×513 for PASCAL and 801×801
for Cityscapes, respectively. We adopt stochastic gradient
descent (SGD) optimizer with an initial learning rate of
0.001 for PASCAL and 0.005 for Cityscapes. Polynomial
Decay learning rate policy is applied throughout the whole
training. The strong augmentation Aug(·) contains random
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color jitter, grayscale and Gaussian blur. The weak augmen-
tation aug(·) consists of random crop, resize and horizontal
flip. For computational efficiency, we focus on the consensus
between the top-4 classes for each pixel, based on our obser-
vation that in every prediction, the top-4 classes have occu-
pied almost all weight. We set the trade-off weight λ = 0.2
for all experiments. The model is trained for 80 epochs on
PASCAL and 240 epochs on Cityscapes with a batch size of
8, using 8× RTX 3090 GPUs.

Comparison with State-of-the-art Methods
We utilize the widely adopted consistency regularization
framework UniMatch (Yang et al. 2022a) as our baseline,
where both the teacher and student networks are identi-
cal. We conduct evaluations of our method across the PAS-
CAL datasets (classic and blender) as well as the Cityscapes
dataset, employing both ResNet-50 and ResNet-101 back-
bones across various partition protocols. Our evaluations in-
volve exhaustive comparisons with SOTA methods (Sohn
et al. 2020; Zhao et al. 2023a,b; Wang et al. 2023d,a; Liang
et al. 2023; Wang et al. 2023c; Na et al. 2023; Yang et al.
2022b; Wang et al. 2022; Li et al. 2023a,b; Ma et al. 2023).
The consistently dominant performance under all partition
protocols with different backbones on all datasets proves the
effectiveness of RCC.
Results on PASCAL. Table 1 and Table 2 illustrate the com-
parison between our method and the SOTA methods on both
the PASCAL classic and blender datasets. In contrast to the
supervised-only (Sup.-only) model, our approach demon-
strates notable performance enhancements, indicating effec-
tive utilization of information from unlabeled data. Further-
more, consistent and significant performance improvements
are observed compared to the baseline method, UniMatch.
Specifically, employing our approach yields performance
scores of 71.8% and 75.3% under 1/16(92) partition on the
classic set with ResNet-50 and ResNet-101 backbones, re-
spectively, resulting in a boost over the baseline by 4.4% and
1.8%. These findings underscore the potent information ex-
traction capabilities of our RCC, especially in scenarios with
extremely limited labeled data.
Results on Cityscapes. Table 3 tabulates a comparative
analysis of RCC against state-of-the-art (SOTA) methods
on the Cityscapes dataset. Notably, utilizing the ResNet-
50 backbone, RCC demonstrates significant performance
improvements over the Sup.-only model by 12.4%, 7.7%,
6.2%, and 3.2% under 1/16, 1/8, 1/4, and 1/2 partition pro-
tocols, respectively. Moreover, compared to the recent and
competitive contrastive method Co-Train (Li et al. 2023b),
our approach maintains superiority in performance. For in-
stance, with the ResNet-101 backbone under the 1/16 par-
tition protocol, our method exhibits a 2.3% performance
improvement, underscoring its superiority over contrastive
learning techniques.
Qualitative Results. We assess the qualitative results of our
method against various state-of-the-art competitors on the
PASCAL dataset. As shown in Figure 2, RCC displays no-
tably enhanced segmentation performance, particularly evi-
dent in capturing fine-grained details, such as the depiction
of objects like clustered dogs and the man on horseback.

UniMatchImage Ground Truth AugSegU2PL RCC (Ours)

Figure 2: Qualitative comparison with different methods.
Significant improvements are marked with yellow boxes.

Leveraging the relaxed class-consensus consistency, RCC
demonstrates superior capabilities across most scenarios.

Ablation Study and Analysis
To look deeper into our method, we perform a series of ab-
lation studies on PASCAL classic set under 1/16 (92) parti-
tion protocol with ResNet-50 to analyze our RCC. Note that
our baseline is UniMatch (Yang et al. 2022a), which relies
on pure class-independent consistency.
Effectiveness of Components. As tabulated in Table 4, we
report the performance under 1/16 (92) and Full (1464) par-
tition protocol to justify the correctness and effectiveness of
each component. Note that CC represents class-consensus
consistency equipped with supervision signal constructed by
L2 distance, and Relaxed serves to relax the strict align-
ment (e.g., L2 distance) of CC to ranking alignment. In other
words, CC and Relaxed constitute our final model RCC
(relaxed class-consensus consistency). (1) From the com-
parison between the 1st row and 2nd row of Table 4, we
find that the introduction of class consensus to model class-
consensus consistency (L2 loss in default) in pursuit of ad-
ditional supervision achieves clear performance gains (e.g.,
2.8% in mIoU under 1/16 (92) partition protocol). We con-
clude that the performance gain comes from explicitly en-
couraging class-consensus alignment (class-consensus con-
sistency) between the teacher and student network equipped
with the cooperative game theory. (2) The addition of relax-
ing the strict alignment of direct class consensus values to
ranking alignment (2nd vs.3rd row) also contributes to a re-
markable performance gain compared with in Table 4 (e.g.,
1.6% in mIoU under 1/16 (92) partition protocol). The im-
provements can be mainly ascribed our RCC enjoys the in-
built noise-resistance capability to further unlock the poten-
tial of modeling class consensus, enabling a better descrip-
tion of data distribution.
Analysis of Constructed Loss. To explore the effectiveness
of different strategies to construct supervision signal (i.e.,
loss) on top of class-consensus consistency (CC), we con-
duct experiments in Table 5. Among them, L2, CE, and KL
belong to the strict alignment of direct class consensus val-
ues based on class-consensus consistency. However, as a sig-
nificant departure from the regular class-independent consis-
tency which enjoys the constraints from the ground truth of
labeled data as reliable support, class-consensus consistency
stems from unsupervised optimization in a data-driven man-
ner, compressing the reliability of its values. Therefore, we
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Method ResNet-50 ResNet-101
1/16(186) 1/8(372) 1/4(744) 1/2(1488) 1/16(186) 1/8(372) 1/4(744) 1/2(1488)

Sup.-only 63.3 70.2 73.1 76.6 66.3 72.8 75.0 78.0

FixMatch 72.6 75.7 76.8 78.2 74.2 76.2 77.2 78.4
AEL 74.0 75.8 76.2 − 75.8 77.9 79.0 80.3

AugSeg 73.7 76.4 78.7 79.3 75.2 77.8 79.5 80.4
iMAS 74.3 77.4 78.1 79.3 − − − −
ESL − − − − 75.1 77.1 78.9 80.4

Co-Train − 76.3 77.1 − 75.0 77.3 78.7 −
NP-SemiSeg 73.0 77.1 78.8 78.7 − − − −

Switch − − − − 76.8 78.4 79.4 80.5
DAW 75.2 77.5 79.1 79.5 76.6 78.4 79.8 80.6

UniMatch 75.0 76.8 77.5 78.6 76.6 77.9 79.2 79.5

RCC (Ours) 75.7 77.9 79.3 79.8 77.3 78.7 80.3 80.9
∆ ↑ +12.4 +7.7 +6.2 +3.2 +11.0 +5.9 +5.3 +2.9

Table 3: Quantitative results of different SSL methods on Cityscapes. We report mIoU (%) under various partition protocols
and show the improvements over Sup.-only baseline. The best is highlighted in bold.

Baseline CC Relaxed mIoU(92) mIoU(1464)

✓ 67.4 79.3

✓ ✓ 70.2 79.9

✓ ✓ ✓ 71.8 80.3

Table 4: Ablation studies of different components on PAS-
CAL classic.

prepend the Relaxed strategy to relax the strict alignment
to ranking alignment (considering that under noise inter-
ference, the relative comparability of values typically does
not change, that is, the inbuilt noise-resistance capability of
ranking), achieving a distinctively best performance.
Analysis of Efficiency. Table 6 summarizes the training ef-
ficiency of our RCC compared to other competing methods.
U2PL (Wang et al. 2022), a classic and competitive method
based on contrastive learning, shares the same design phi-
losophy as ours in seeking more supervision signals to ex-
plore unlabeled data. Note that we report the reproduced re-
sults for U2PL based on our baseline (i.e., UniMatch). We
can vividly observe that our RCC achieves a clear lead over
U2PL, both in terms of performance and efficiency. Com-
pared to the baseline, RCC has an acceptable decrease in
training efficiency, outweighed by the substantial improve-
ment achieved attributed to the modeling of class consensus.
Hyperparameter Evaluations. (1) In fact, if we consider
the consensus between all K classes, the complexity is un-
acceptable. Therefore, we calculate the top-N class con-
sensus in each prediction. In the implementation, we take
top-N classes in predictions of the teacher network and re-
trieve predictions of the student network for the correspond-
ing classes. We take ablation experiments on N (Table 7),
showing the best trade-off between performance and cost is
achieved with N = 4. (2) λ controls the relative importance

CC mIoU

L2 70.2

CE 69.9

KL 70.0

Relaxed 71.8

Table 5: Ablation of
losses on CC.

Method mIoU FPS

Baseline 67.4 9.87

U2PL 69.5 7.18

RCC (Ours) 71.8 8.23

Table 6: Efficiency of RCC and
other competitors.

N mIoU FPS FLOPs (G)

3 70.3 9.21 917.3
4 71.8 8.23 928.2
5 72.0 7.36 959.7
6 71.9 6.51 1051.5

Table 7: Ablation of Top-N .

λ mIoU

0.1 70.5
0.2 71.8
0.5 71.5
1.0 70.0

Table 8: Ablation of λ.

of the relaxed class-consensus consistency loss; our model
achieves much better performance when λ = 0.2 as shown
in Table 8.

Conclusion
In this paper, we analyze the bottlenecks of class-
independent consistency and offer a fresh perspective on
cooperative game theory to explicitly encourage class-
consensus alignment. We carefully design the class-
consensus consistency to model class structure information
in pursuit of additional supervision, and further prepend re-
laxed class-consensus consistency (RCC) to relax the strict
alignment of direct class consensus values to ranking align-
ment. Extensive experimental results on challenging bench-
marks show the effectiveness our proposed RCC.
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