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Abstract

Semi-supervised semantic segmentation has attracted con-
siderable attention as it alleviates the need for extensive
pixel-level annotations. However, existing methods often
overlook the potential optimization conflict between super-
vised and unsupervised learning objectives, leading to sub-
optimal performance. In this paper, we identify this under-
explored issue and propose a novel Pareto Optimization
Strategy (POS) to tackle it. POS aims to find a descent
gradient direction that benefits both learning objectives,
thereby facilitating model training. By dynamically assign-
ing weights to the gradients at each iteration based on the
model’s learning status, POS effectively reconciles the in-
trinsic tension between the two objectives. Furthermore,
we analyze POS from the perspective of gradient descent
in random batch sampling and propose the Magnitude En-
hancement Operation (MEO) to further unleash its poten-
tial by considering both direction and magnitude during
gradient integration. Extensive experiments on challeng-
ing benchmarks demonstrate that integrating POS into ex-
isting semi-supervised segmentation methods yields consis-
tent improvements across different data splits and architec-
tures (CNN, Transformer), showcasing its effectiveness.

1. Introduction

Semantic segmentation, which aims to predict a specific
semantic class for each pixel, has achieved remarkable
success due to recent advances in deep neural networks
in computer vision [8, 16]. It has widespread applica-
tions [9, 25, 30, 36, 44, 45, 47, 54], such as visual un-
derstanding [13, 55] and autonomous driving [2]. How-
ever, its data-driven nature makes it labor-intensive and
time-consuming to gather the massive pixel-level annota-
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tions required for training data. To alleviate this data-hunger
issue, considerable research has turned attention to semi-
supervised semantic segmentation. The challenge lies in ef-
fectively leveraging limited labeled data in conjunction with
a large amount of unlabeled data to improve the model’s
generalization performance for robust segmentation.

Recently, the teacher-student network scheme has dom-
inated this field due to its simplicity yet competitive per-
formance. In this scheme, the student network is guided
by two separate sources of supervision signals: (1) the
ground truth for labeled data (yielding supervised loss),
and (2) the pseudo labels generated by the teacher network
for unlabeled data (forming unsupervised learning objec-
tive). Specifically, the unsupervised loss is constructed in
the form of consistency regularization, that is, the teacher
network generates pseudo labels with weak augmentation
perturbations to instruct the counterparts from the student
network under the presence of strong augmentation pertur-
bations, following the smoothness assumption [7].

However, behind the promising performance, we reveal
a risk that is ignored by previous methods: the optimiza-
tion direction of student network parameters is governed by
both supervised and unsupervised learning objectives. This
means that the student network is expected to simultane-
ously minimize both learning objectives, but usually, there
may not exist a set of parameters that can satisfy this goal.
In other words, supervised and unsupervised objectives may
conflict during the optimization process. Taking the widely-
used Pascal dataset [13] under 366 partition protocols as an
example, Figure 1 (a) illustrates the negative cosine simi-
larity between gradients derived from supervised and un-
supervised losses, indicating that indeed existing undesir-
able conflicts in optimization direction during training. Pre-
vious methods [39, 46, 60] tend to resort to heuristically
assigning equal and fixed gradient weights, which are dis-
connected from the learning status, to instill the student
network (supervised and unsupervised losses are summed
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Figure 1. Gradient analysis of different optimization strategies in semi-supervised semantic segmentation. (a) Gradient Conflict: The cosine
similarity between gradients derived from supervised (gsup) and unsupervised (gunsp) losses, indicating the existence of optimization
conflicts. (b) Uniform Strategy: The minimum cosine similarity between the integrated gradient (gun:r) (equal and fixed weights) and
the supervised (gsup) or unsupervised (gunsp) gradient, showing the inability to reconcile contradictory directions. (c) POS (Ours): The
minimum cosine similarity between the integrated gradient from POS (gpos) and the supervised (gsup) or unsupervised (gunsp) gradient,

demonstrating POS’s ability to maintain non-negative cosine similarity and effectively balance the optimization of both objectives.

equally). We refer to this strategy as the uniform strategy
and visualize the minimum cosine similarity between the
gradients integrated by this strategy and those originating
from the supervised and unsupervised losses respectively,
to measure the degree of conflict. As shown in Figure 1 (b),
this strategy is fragile to the variations of the two losses
throughout the training process, failing to reconcile their
contradictory directions and thus suffering from potential
optimization risks (i.e., negative cosine similarity indicat-
ing gradient conflicts). This is a corollary of the lack of
sophisticated consideration and the ad hoc control of gra-
dient weight hyperparameters, compromising the model’s
capability. Therefore, it is highly desirable to balance the
conflict gradients, that is, fo harmonize the two losses and
strive towards one unified goal.

In this paper, we aim to tackle the under-explored prob-
lem of optimization conflict in semi-supervised seman-
tic segmentation, and offer a Pareto optimization perspec-
tive [6, 41], to strive to empower the integrated gradient to
resonate favorably with both supervised and unsupervised
losses against conflict. In specific, we prepend a dedicated
Pareto Optimization Strategy (POS) to enable gradient inte-
gration, which aims to formally find a steep gradient direc-
tion that benefits both learning objectives to balance con-
flicting gradients, thereby facilitating model training. As
the variations of the two losses evolve throughout the train-
ing process, POS dynamically assigns different weights to
the gradients at each iteration in pursuit of perceiving the
learning status of the model. This is distinct from previous
methods that integrate gradients in a manually fixed manner,
thus being brittle to the model’s learning process, resulting
in inferior performance. Note that the integrated gradient
weights derived from mathematical derivation are theoreti-

cally guaranteed to converge towards Pareto optimality by
reconciling the intrinsic tension between supervised and un-
supervised gradients. This is supported by the observation
(depicted in Figure 1 (c)) that the integrated gradients from
POS maintain non-negative cosine similarity with the gra-
dients of both supervised and unsupervised losses.

Furthermore, we take a step further to understand POS
from the perspective of gradient descent in random batch
sampling during the semi-supervised learning process, re-
vealing its tight connection with the model’s capability. Fig-
ure 3 illustrates the static distribution of gradient magni-
tudes from supervised and unsupervised losses, indicating
that the unsupervised gradient magnitude is smaller than the
supervised one with a smaller batch sampling covariance.
We conjecture that the underlying reason might be the dis-
crepancy in learning difficulty: training with labeled data,
which has true ground truth (explicit external learning ob-
jectives), is more challenging; while training with unlabeled
data relies on pseudo label predictions from the teacher net-
work, which is inherently homologous to the student net-
work (implicit supervision signals with common-mode bi-
ased noise), is relatively easier. This allows labeled data
to dominate the training process, which is also confirmed
by [52]. In light of this observation, we further analyze and
empirically verify that POS may lead to a sharp minima,
despite its superior performance compared to the uniform
strategy, potentially limiting the further optimization of the
model. Then, we propose the Magnitude Enhancement
Operation (MEO) to further unleash the potential of POS,
which takes the direction and magnitude into account dur-
ing gradient integration to enable the model to converge to a
flatter minima, thereby enhancing performance. In this way,
POS, equipped with MEO, favors a better capacity to inte-
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grate gradients, fulfilling conflict-free optimization condi-
tions, coupled with enhanced magnitude for enhanced gen-
eralization, leading to improved segmentation performance.

In this work, our contributions can be summarized as fol-
lows: (1) We reveal the under-explored optimization con-
flict issue in semi-supervised semantic segmentation, where
supervised and unsupervised learning objectives may have
contradictory optimization directions. (2) We propose a
novel Pareto Optimization Strategy (POS) to tackle the op-
timization conflict issue by finding a descent gradient direc-
tion that benefits both learning objectives. Then, we further
enhance POS with the Magnitude Enhancement Operation
(MEO) to improve segmentation performance. (3) Exten-
sive experiments on challenging benchmarks demonstrate
that integrating POS into existing semi-supervised segmen-
tation methods yields consistent improvements across dif-
ferent data splits and architectures (CNN, Transformer),
showecasing its effectiveness.

2. Related Work

Semi-Supervised Learning. Semi-supervised learning [ 14,
40, 66] (SSL) has emerged as a pivotal paradigm in machine
learning, bridging the gap between supervised and unsu-
pervised learning by leveraging a small amount of labeled
data in conjunction with a large pool of unlabeled data. Re-
cently, deep learning-based SSL methods have made signif-
icant progress. Their core technical mechanisms encom-
pass two main strategies: bootstrapped label generation
via prediction confidence (pseudo-labeling) [1, 5, 28, 62]
and consistency regularization [27, 50, 51, 57] across per-
turbations. The former alleviates the scarcity of annota-
tions by utilizing the network’s outputs on unlabeled data
as proxy labels, effectively addressing the issue of limited
labeled data. The latter enhances the model’s generaliza-
tion robustness by enforcing stable representations across
various data perturbations, such as random cropping and
color jittering. Current SSL methods [3, 4, 15, 42, 59] have
demonstrated the synergy between consistency regulariza-
tion and pseudo-labeling, which generates pseudo-labels
from weakly augmented unlabeled images for strongly aug-
mented versions of the same images. It is worth noting that,
although the aforementioned methods have achieved break-
through progress in image classification tasks, their pixel-
wise classification assumptions fundamentally conflict with
the dense prediction requirements of semantic segmenta-
tion, leading to a decline in pixel-level accuracy when di-
rectly transferred.

Semi-Supervised Semantic Segmentation. Semi-
supervised semantic segmentation [35, 38, 48, 49] has
achieved remarkable progress through hybrid approaches
combining pseudo-labeling and consistency regulariza-
tion [26, 65]. Representative works like UniMatch [60]
adapt FixMatch [42] with domain-specific augmentations,

establishing strong baselines for SSL. Subsequent advance-
ments focus on four key directions: (1) Data augmen-
tation innovation: Advanced augmentation strategies ex-
pand the effective search space. AugSeg [64] enhances
RandAugment [11] with controlled randomness, while
iMAS [63] introduces adaptive augmentations guided by
model states. (2) Teacher network optimization: Meth-
ods like Switch [39] address EMA coupling through dual-
teacher ensembling. This direction emphasizes improved
knowledge distillation mechanisms. (3) External knowl-
edge integration: LOGIC [32] employs symbolic reasoning
for error mitigation, while SemiVL [20] incorporates CLIP
encoders for text-conditional priors, enhancing label quality
through multi-modal reasoning. (4) Consistency enhance-
ment: Novel approaches like RankMatch [37] exploit pixel
correlations, and MPMC [19] incorporates contextual class
information for robust supervision. Recent studies also ex-
plore weighting strategies [43] to optimize unlabeled data
utilization. Differing from prior methods, this work inves-
tigates the inherent conflict in optimizing supervised and
unsupervised learning objectives in semi-supervised tasks.

3. Method

3.1. Preliminaries

Given a labeled set D! = {(z!,yl) lN:ll and an unlabeled
set D" = {z¥}V|, where N' and N denote the number of
labeled and unlabeled images, respectively, and N* > N,
semi-supervised semantic segmentation aims to effectively
leverage limited labeled data in conjunction with numer-
ous unlabeled data to improve the model’s generalization
performance for robust segmentation. As depicted in Fig-
ure 2 , the teacher-student network scheme equipped with a
teacher network f7 and a student network fg has dominated
this field. In this scheme, the student network is guided by
two separate sources of supervision signals, including: (1)
the ground truth for labeled data (yielding supervised loss
Lsup), and (2) the pseudo labels generated by the teacher
network for unlabeled data (forming unsupervised learning
objective L5 sup). The teacher network can be either an ex-
ponentially moving average (EMA) version of the student
network or identical to it. In specific, for the labeled data
x;, the supervised loss L, can be formulated as:

Nl

1 1 HW
l l
Lowp = N1 ; HW ; lee (Y3 fs(@i);) (D

where H and W denote the height and width of the input
image, ¢.. denotes the standard pixel-wise cross-entropy
loss. For the unlabeled data, the teacher network fr takes
the weak augmentation perturbations aug(x}) as input and
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Figure 2. The framework of our proposed Pareto Optimization
Strategy. The student network is guided by two sources of su-
pervision, including the ground truth for the labeled data and the
pseudo-labels generated by the teacher network for the unlabeled
data. Then, we propose a novel Pareto Optimization Strategy
(POS) to tackle the optimization conflict issue by finding a de-
scent gradient direction that benefits both learning objectives. Fur-
thermore, we take a step further to understand POS from the per-
spective of gradient descent in random batch sampling during the
semi-supervised learning process. Finally, we enhance POS with
the Magnitude Enhancement Operation (MEO) to improve seg-
mentation performance.

generates pseudo-labels ¢ for the student network fg as:

K ignore_index, otherwise ’
where ¢}, = max fr(aug(x}')); denotes the confidence

of the teacher prediction for j** pixel and ~ denotes the
confidence threshold to filter unreliable pseudo-labels from
training. In this way, we can obtain the unsupervised loss
L nsup by imposing consistency regularization:

N* HW
1 1 o u
Lunsup = N ; oW ; Lee (yijafS(AUQ(wi ))j) )

3)
where Aug(-) means the strong augmentation. Finally, the
overall loss can be formalized as:

L= Oésﬁsup + Oéuﬁunsupv “)

where a® + o = 1. Typically, the two losses are
summed equally without sophisticated consideration (i.e.,
a® =a" = %), which is referred to as the uniform strategy.

3.2. Pareto Optimization Strategy

Despite the promising performance of previous methods,
we reveal the under-explored optimization conflict issue in
semi-supervised semantic segmentation, where supervised
and unsupervised learning objectives may have contradic-
tory optimization directions, as shown in Figure 1 (a). For-
mally, we denote g and g% as the gradients computed on

each mini-batch S, derived from the supervised loss L.,
and unsupervised loss Ly, s.p, respectively. To effectively
balance these potentially conflicting gradients and harmo-
nize the two losses and strive towards one unified goal,
we draw inspiration from the Pareto optimization [6, 41]
to strive to balance conflicting gradients. In this way, at
each iteration, the gradients are assigned different weights,
and the weighted combination of these gradients forms the
final descent direction that is common to both objectives.
Ultimately, the model parameters converge towards Pareto
optimality by reconciling the intrinsic tension between su-
pervised and unsupervised gradients, in which no objective
can be advanced without harming another objective. Math-
ematically, the Pareto optimization process can be formu-
lated as:
min_[la°gs + a“g§|”
a’,a%e€R (5)
st. a®,a">0,a°+a% =1,

where || - ||? represents Lo norm. The optimization problem
described in Equation 5 is equivalent to finding the min-
imum norm in the convex hull of the family of gradient
vectors {gg}ie{s,u}. The solution to this problem, denoted
as (o, a"), represents the weights assigned to the super-
vised and unsupervised gradients, respectively. The inte-
grated gradient, computed as a°g$ + " g%, satisfies one of
two conditions [12]. If the minimum-norm of the optimiza-
tion problem in Equation 5 is 0, the corresponding param-
eters are Pareto-stationary, which is a necessary condition
for Pareto-optimality. On the other hand, if the minimum-
norm is non-zero, the integrated gradient provides a descent
direction that is common to both supervised and unsuper-
vised objectives. This enables the simultaneous optimiza-
tion of both objectives, allowing the model to effectively
balance the potentially conflicting gradients and achieve a
harmonized optimization process. Note that the optimiza-
tion problem in Equation 5 admits an analytical solution,
which can be derived as follows:

a"=1,a°=0 COSBZ—F‘z%‘T
S
s u\T s
u— (95295 95 s —1_qu otherwise (6)
foz-at]" |
W gz
a*=0,a*=1 COS,BZHTiT,
S

where §3 is the angle between g and g%. During training,
the gradients of the supervised and unsupervised losses are
calculated separately, and thus they can be treated as inde-
pendent. Consequently, the obtained weights (o, a*) can
be conveniently incorporated into the weighted total loss
function (Equation 4). In this way, POS dynamically as-
signs different weights to the gradients at each iteration in
pursuit of perceiving the learning status of the model, com-
pared to the previous methods that integrate gradients in a
manual and fixed manner, resulting in inferior performance.
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3.3. Understand POS from Gradient Descent View

Furthermore, we take a step further to understand POS from
the perspective of gradient descent in random batch sam-
pling during the semi-supervised learning process. Gener-
ally speaking, during the training of the student network
0, the gradient objectives corresponding to the unsuper-
vised/supervised losses in Equations 1 and 3 represent the
full gradients, which is an ideal computation approach.

However, in practical network optimization, the opti-
mization of both losses is instantiated as random gradi-
ent sampling at ¢-th mini- batches S for example, for su-
pervised loss, g% (6(t)) = \SI Z 1 Vo lee (Xi,Y5), and
(Xi,Y;) represents the i-th sample in the mini-batch. When
the batch size is sufficiently large, according to the cen-
tral limit theorem, g¢ is unbiased estimation of full gradi-
ent [21], g%/ (0(¢)) = ‘N,‘ ZlN ! Vo) lee (Xi,Y:), where
N denotes the number of labeled data. For brevity, we omit
the pixel-wise computations and use X; and Y; to represent
the calculations over the entire image, which does not af-
fect the subsequent analysis. Based on this, the gradient
g% (6(¢)) is random variables with covariance ﬁCS:

g3 (6(t)) ~ N (g?v (0(1)). ;c) .o

where C* represents the batch sampling covariance. Simi-
larly,

g% (0(1)) ~ N (g}c (0(1)). 5|C“> ®)

Before further investigating POS from the gradient de-
scent perspective, we analyze the gradient magnitude distri-
butions derived from the supervised and unsupervised learn-
ing objectives. As illustrated in Figure 3(a), the unsuper-
vised gradient magnitude is generally smaller than the su-
pervised one, with a smaller batch sampling covariance. We
conjecture that this discrepancy might stem from the dif-
ference in learning difficulty between the two objectives.
Training with labeled data, which has true ground truth (ex-
plicit external learning objectives), is more challenging. In
contrast, training with unlabeled data relies on pseudo label
predictions from the teacher network, which is inherently
homologous to the student network (implicit supervision
signals with common-mode biased noise), and is relatively
easier. This allows labeled data to dominate the training
process, as also confirmed by [52]. Based on this analysis,
we can make the following remark:

Remark 1. The gradient of the supervised loss tends to
have a larger magnitude and larger batch sampling covari-
ance than the unsupervised loss, statistically.

Based on the observation in Remark 1 that ||g%|| < ||gZ]|
holds statistically, we revisit Equation 6. When cos >

, we have o > o®. Otherwise, we can derive:

(g3 —g%) g%
au _ as — ﬁ _ 1 _
g% — g3l
> 0. (lgsl < lgsl)

.
(85 —8%) g%)

2
g% — g5l

€))

Remark 2. POS tends to assign a larger weight to the gra-
dient derived from the unsupervised learning objective.

Note that this conclusion aligns with Figure 3(b) , in-
dicating that as the variations of the two losses evolve
throughout the training process, POS dynamically assigns
different weights to both gradients, with a greater prefer-
ence for the unsupervised gradient (i.e., a® > % ).

Now, we are ready to further analyze POS from the
gradient descent perspective. First, let’s consider the uni-
form strategy, which integrates gradients by equally sum-
ming them. The final gradient is given by hg (6(t)) =
1g% (0(t)) + 3% (6(t)). Based on Equations 7 and 8, we
can derive the distribution of hg (6(t)) as follows:

I 1 cv+C*
his (0(0) ~ 7 g8 (00 + e (00). 1 C" )
(10)
By applying the final gradient hg (6(¢)) to update 6, we
have:
0(t+1) = 6(t) — nhs (6(2))
= 0(t) — nhy (0(1)) + nes,

where hy (6(t)) = 1g% (0(t)) + g (6(t)) represents
the full gradient, n > O is the learning rate, and ¢, ~

Y

u s . . .
N (O, %) is commonly considered as the noise term

introduced by the mini-batch approximation [67]. For POS,
which dynamically integrates gradients in pursuit of per-
ceiving the learning status of the model, the parameters can
be similarly updated as 6(t + 1) = 6(t) — nh%S (6(¢)),
(a*)?C +(a®)?C® - ;
where (; ~ N (0, T) is the noise term.
Based on Remark 1, the supervised gradient tends to
have a larger batch sampling covariance. Suppose the co-
variance of the unsupervised gradient and the supervised
gradient satisfies kC* = C®, where k > 1. We can then
evaluate the relative magnitude of (; and ¢,. When the co-
variance of (; is smaller than that of ¢, it should satisfy:

(20%)* C" + (20
(a" — %) ((4k +4)a" +2 — 6k) <0

)Pt <CttCr,
(12)

Therefore, when 5 <a" < 2 k +2, the covariance of (;
is smaller than that of €;. Moreover, based on Remark 2,
POS assigns a weight of % < a® < 1 to the unsupervised
gradient. Consequently, we have:
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Figure 3. Visualization of gradient distributions and unsupervised
weights. (a) Gradient magnitude distributions of supervised and
unsupervised branches. (b) Unsupervised weights assigned by
POS during training in a dynamic manner.

< " < 2= the covariance of

(1) For k£ < 3, when 2k+2,

(¢ is smaller than that of €15

(2) When k > 3, we have 2 2k +2 > 1, and thus the covari-
ance of (; is always smaller than that of ¢, regardless of the
value of o™.

Furthermore, as shown in Figure 3 (a), the difference in
covariance between the supervised and unsupervised gradi-
ents is statistically more than 3 times in experiments. This
phenomenon indicates that the scenario where the covari-
ance of (; is smaller than that of ¢, frequently occurs in
practice. In a nutshell, we further analyze and empirically
verify that POS may lead to a sharp minima, despite its su-
perior performance compared to the uniform strategy, po-
tentially limiting the further optimization of the model.

3.4. Magnitude Enhancement Operation

To strive to alleviate the issue discussed above, Then, we
propose the Magnitude Enhancement Operation (MEO) to
further unleash the potential of POS, which takes the direc-
tion and magnitude into account during gradient integration
to enable the model to converge to a flatter minima. Specif-
ically, we first solve the optimization problem in Equation
5 to obtain a* and o, which can provide a conflict-free
direction. Furthermore, to enhance the noise term derived
from random batch sampling, we adopt a simple yet effec-
tive strategy, i.e., enhancing the magnitude of the integrated
gradient. We use the magnitude of the integrated gradient
from the uniform strategy as a reference to adjust the mag-
nitude of our POS gradient to a proper range:

pos _  'gg+a’gy

1 1
= oot Be e+ ey, a3)
57 Jlavgl + asgy| H2 57 258

Based on Remark 2, the smaller multimodal magnitude is
associated with a larger weight. In this case, we can have

= |l3g% + ig¥| /lavgk + a*ggll > 1, which indi-
cates that the noise strength is enhanced. In this way, POS,
equipped with Magnitude Enhancement Operation (MEO),
demonstrates a better capacity to integrate gradients, fulfill-
ing conflict-free optimization conditions, coupled with en-

Table 1. Quantitative results of different SSL. methods on COCO.

Method 1/512 1/256 1/128 1/64 1/32
XC-65

Sup.-only 229 280 33.6 37.8 422
PseudoSeg ik 29.8 37.1 39.1 418 43.6
PC2Segiicevan 299 375 40.1 43.7 46.1
CISC-Rireanros 32.1 402 423 - -
LogicDiagiccvos) 33.1 40.3 454 48.8 50.5
UniMatch V1 icveros 319 389 444 482 498
UniMatch V1+Ours 34.0 403 459 493 50.7
DINOvV2-S

UniMatch V2irpanios) 39.3 454 532 550 57.0

UniMatch V2+Ours 409 46.8 543 562 57.7

Table 2. Quantitative results of different SSL. methods on Pascal.
We report mloU (%) under various partition protocols.

Method 1/16 1/8 1/4 1/2 Full
(92) (183) (366) (732) (1464)

ResNet-101

Sup.-only 45.1 553 648 69.7 735
GTA-Seg\‘\mm's 22] 70.0 732 75.6 784 80.5
PCRveurs 22 70.1 747 77.2 78.5 80.7
iIMAS cveros) 68.8 744 785 79.5 81.2
AugSegu-wu 23 71.1 75,5 78.8 803 814
Diverse CoTicevos 75.7 717 80.1 809 82.0
ESLicevoy 71.0 74.0 78.1 79.5 81.8
LogicDiagcevas 733 767 779 794 -
DAW ineups 2 748 774 79.5 80.6 81.5
DDFPicveros 75.0 78.0 79.5 81.2 82.0
CorrMatchicver 24 764 78.5 794 80.6 81.8
BeyondPixelsircevoy 773 78.6 79.8 80.8 81.7
UniMatch V1cveros 752 772 78.8 79.9 81.2

UniMatch V1+Ours 77.6 78.7 79.7 80.9 81.9

DINOvV2-S
UniMatch V2ireavios) 79.0 85.5 859 86.7 87.8
UniMatch V2+Ours 80.7 86.8 87.2 87.5 88.3

hanced magnitude for improved generalization, leading to
superior segmentation performance.

4. Experiments

4.1. Experimental Setup

Dataset. COCO [33] presents the most challenging sce-
nario with 118k training and 5k validation images across 81
object categories. PASCAL VOC 2012 [13] comprises 20
object classes with 1,464 training and 1,449 validation im-
ages. This is the classic dataset setting. Cityscapes [10]
is an urban scene understanding dataset, containing 2,975
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Table 3. Quantitative results of different SSL methods on
Cityscapes. We report mloU (%) under various partition proto-
cols.

Method 1716 1/8 1/4 172
(186) (372) (744) (1488)
ResNet-101
Sup.-only 663 728 750 78.0
GTA—Seg\\Wm 22 694 720 761 -
PCRpvewres ) 734 763 784 79.1
iIMAS cveras 743 774 781 793
AugSegu VPR23 75.2 77.8 79.6 80.4
Diverse CoTicevos 7577 774 785 -
ESLiccvas 75.1 772 789 80.5
LogicDiagccv 76.8 789 802 81.0
DAW pewirs 2 76.6 784 79.8 80.6
DDFPicver 24 77.1 782 799 80.8
CorrMatchicver 2 773 785 794 804
BeyondPixelszcevos 785 79.2 809 813
UniMatch V1icveros 76.6 77.9 79.2 79.5
UniMatch V1+Ours 776 785 79.8 804
DINOv2-S
UniMatch V2reamras) 80.6 81.9 82.4 82.6

UniMatch V2+Ours 814 827 83.0 832

training and 500 validation images. across 19 categories.
The initial 30 semantic classes are re-mapped into 19
classes for the semantic segmentation task.

4.2. Implementation Details

For a fair comparison, for UniMatch V1, we use ResNet-
101 [16] pretrained on ImageNet [24] as the backbone
and DeepLabv3+ [8] as the decoder. the crop size is set
as 321 x 321 for PASCAL/COCO and 801 x 801 for
Cityscapes, respectively. We adopt stochastic gradient de-
scent (SGD) optimizer with an initial learning rate of 0.001
for PASCAL and 0.005 for Cityscapes. And for UniMatch
V2, we adopt DINOv2-S [17] as the backbone, simple DPT
as the decoder. The crop size is set as 518 x 518 for PAS-
CAL/COCO, and 798 x 798 for Cityscapes, respectively.
We use the AdamW optimizer with weight decay of 0.01
for training. Polynomial Decay learning rate policy is ap-
plied throughout the whole training. The strong augmen-
tation Aug(-) contains random color jitter, grayscale and
Gaussian blur. The weak augmentation aug(-) consists of
random crop, resize and horizontal flip. Further when train-
ing a baseline integrated with our method, we use the same
weak and strong augmentations as used by the correspond-
ing baseline.

4.3. Comparison with State-of-the-art Methods

We integrate POS into two representative SSL frameworks:
UniMatch [60] and UniMatch V2 [61], and evaluate its per-

Table 4. Performance comparison of different components.

Configuration Pascal ‘ coco
92 183 \ 1/512  1/256
Baseline 752 772 | 319 389

Baseline+POS w/o MEO 77.0 78.1 334 39.8
Baseline+POS w/ MEO 77.6 787 | 34.0 40.3

Table 5. Weight Analysis on Pascal in 1/16(92).

| Fixed | Dynamic(POS)
at 2 1 1 -
o’ 1 1 2 -
mloU | 749 752 741 | 77.6

formance with both CNN and Transformer backbones under
various partition protocols, following common practices.
Results on COCO. In Table |, we compare our method
with previous approaches, including PseudoSeg [68],
PC2Seg [65], CISC-R [56] and LogicDiag [32]. Our
method outperforms previous methods on all data splits,
whether using CNN architectures (XC-65) or Transformer
architectures (DINOv2-S). For example, under the 1/512
partition protocol, our performance of our method surpasses
UniMatch by 2.1% and 1.6% on the two architectures.
Results on PASCAL. Table 2 shows the comparison of
our method with the SOTA methods on PASCAL, includ-
ing GTA-Seg [22], PCR [58], iMAS [63], AugSeg [64],
Diverse CoT [31], ESL [34], LogicDiag [32], DAW [46],
DDFP [53], CorrMatch [43], BeyondPixels [ 18]. Compared
with the supervised-only (Sup.-only) model, our method
achieves considerable performance improvements, demon-
strating that our POS can effectively address the optimiza-
tion conflict issue. Moreover, in the label-scarce sce-
nario, e.g., 1/16 (92), our approach achieves 77.6% and
80.7% mloU with the backbone ResNet-101 and DINOv2-
S, boosting the SOTA UniMatch by 2.4% and 1.7%, respec-
tively. These superior results prove that our optimized de-
scent gradient direction can benefit both supervised and un-
supervised learning objectives.

Results on Cityscapes. Table 3 presents a performance
comparison between our method and competitors on the
Cityscapes dataset, demonstrating the consistently superior
performance of our approach. Specifically, compared with
the leading UniMatch, incorporating our POS still yields
improvements of 1.0% and 0.8% on 1/16 split, demonstrat-
ing that the gradient optimization contradiction is indeed an
important issue that existing methods have not explored.
Qualitative Results. We compare the qualitative results of
our method with different methods on the PASCAL dataset
in Figure 4. Our method can effectively distinguish closely
adjacent objects and identify complete object regions (e.g.,
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DAW UniMatch Ours

Figure 4. Qualitative comparison with different methods. Note
that significant improvements are marked with yellow boxes.

the man on horseback and the chair beside the sofa).

4.4. Ablation Study

Effectiveness of different components. In Table 4, we
compare the effectiveness of the proposed POS and MEO
through experiments on two datasets. We validate the im-
portance of each component by adding them in turn to
the baseline [60] with CNN architecture. (1) Compared
to the baseline, the utilization of POS brings obvious im-
provements (e.g., 1.8%, 0.9% on Pascal and 1.5%, 0.9%
on COCO), indicating that POS can enable gradient inte-
gration and effectively find a steep gradient direction that
benefits both supervised learning objectives and unsuper-
vised learning objectives to balance conflicting gradients.
(2) The performance boost brought by MEO demonstrates
that it can further unleash the potential of POS, taking the
direction and magnitude into account during gradient inte-
gration to enable the model to converge to a flatter minima.
Overall, the collaboration of POS and MEO is extremely
beneficial for semi-supervised semantic segmentation and
enhances the performance effectively.

Effectiveness of the dynamic weight. In Table 5, we com-
pare the different assigned weights on the Pascal dataset in
the label-scarce scenario, e.g., 1/16 (92). For a fixed weight
allocation, an equal ratio (e.g., 1:1) of supervised and unsu-
pervised components achieves the best performance, indi-
cating that any fixed bias will lead to suboptimal optimiza-
tion of the model. After using POS for dynamic weight al-
location, the performance improved from 75.2% to 77.6%,
indicating that POS maintains non-negative cosine similar-
ity with the gradients of both supervised and unsupervised
losses, which is beneficial to the overall training process.
Gradient distribution and unsupervised weight analysis.
Figure 3 (a) illustrates the gradient magnitude distributions
of both supervised and unsupervised branches in the model.
The unsupervised gradient tends to have a smaller magni-
tude compared to the supervised gradient. Moreover, the
covariance of the unsupervised gradient (0.110) is signifi-
cantly smaller than that of the supervised gradient (1.584).
This observation aligns with Remark 1. Figure 3 (b) shows
the unsupervised weights assigned by POS throughout the
training iterations. This phenomenon is consistent with Re-

Test Performance (miol)

(b) Test Performance (mIoU)

(a) Trair:ing Loss

Figure 5. Visualization of training loss and test performance
(mloU). Loss landscape visualization of different gradient integra-
tion strategies.

mark 2, implying that POS tends to assign larger weights
to the unsupervised gradient to achieve a balance between
supervised and unsupervised learning. Besides, POS favor-
ably manifests assignment of different weights to perceive
the learning status of the model.

Loss landscape analysis. To take a closer look at the noise
strength of POS during optimization derived by mini-batch
random sampling. Figure 5 presents the loss landscape vi-
sualization [23, 29] of different gradient integration strate-
gies, including the uniform strategy, POS without MEO,
and POS with MEO. The training loss landscape in Fig-
ure 5 (a) reveals that POS with MEO achieves a smoother
and flatter local minimum compared to the other two strate-
gies. This observation suggests that the proposed POS with
MEO approach can effectively converge to a flatter min-
ima, thereby enhancing performance. The test performance
landscape in Figure 5 (b) further validates the superiority of
POS with MEO. The landscape of POS with MEO exhibits
a flatter minima region around the optimal point, indicating
enhanced generalization capability. In contrast, the uniform
strategy demonstrates narrower peaks, implying potential
overfitting issues and reduced generalization performance.
By integrating gradients in a conflict-free manner and en-
hancing the magnitude of the integrated gradient, POS with
MEO can guide the model towards a more robust and gen-
eralizable solution, ultimately leading to improved semi-
supervised learning performance.

5. Conclusion

In this paper, we reveal the under-explored optimization
conflict issue in semi-supervised semantic segmentation,
and propose a novel Pareto Optimization Strategy (POS)
to tackle the optimization conflict issue by finding a de-
scent gradient direction that benefits both learning objec-
tives. Then, we further enhance POS with the Magnitude
Enhancement Operation (MEO) to improve segmentation
performance. Extensive experimental results on challeng-
ing benchmarks show the effectiveness.
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