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Adversarial Dense Contrastive Learning for
Semi-Supervised Semantic Segmentation
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Abstract— Semi-supervised dense prediction tasks, such as
semantic segmentation, can be greatly improved through the use
of contrastive learning. However, this approach presents two key
challenges: selecting informative negative samples from a highly
redundant pool and implementing effective data augmentation.
To address these challenges, we present an adversarial contrastive
learning method specifically for semi-supervised semantic seg-
mentation. Direct learning of adversarial negatives is adopted to
retain discriminative information from the past, leading to higher
learning efficiency. Our approach also leverages an advanced
data augmentation strategy called AdverseMix, which combines
information from under-performing classes to generate more
diverse and challenging samples. Additionally, we use auxiliary
labels and classifiers to prevent over-adversarial negatives from
affecting the learning process. Our experiments on the Pascal
VOC and Cityscapes datasets demonstrate that our method
outperforms the state-of-the-art by a significant margin, even
when using a small fraction of labeled data.

Index Terms— Semi-supervised learning, semantic segmenta-
tion, adversarial contrastive learning, data augmentation.

I. INTRODUCTION

AS ONE of the fundamental computer vision tasks,
semantic segmentation plays a key role in a broad

range of applications such as autonomous driving, compu-
tational photography, augmented reality and medical imag-
ing. It involves pixel-wise classification of an image into a
set of target categories. Deep learning-based models have
shown notable advancements in semantic segmentation [1],
[2], [3], [4], [5]. However, training a strong model for seg-
mentation relies on large amount of finely-annotated data.
Getting pixel-level labels is very costly and has become
a major bottleneck in many applications. Our focus is on
semi-supervised scenario where the training data contains a
small set of labeled ones and a large set of unlabeled ones.
We aim at fully exploiting the benefit of both labeled and
unlabeled data in a unified framework. Various techniques
have been presented for semi-supervised learning (SSL) [6],
[7], [8], [9], [10]. Generally, traditional semantic segmentation
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in semi-supervised settings tends to utilize spatially nearby
information while ignoring the global context. To mitigate this
issue, it is natural to resort to methods, which are efficient
in extracting class-level semantics from a global context,
to enhance the model.

In recent years contrastive learning [11], [12], [13], [14],
[15] has received tremendous attention due to its prominent
performance in self-supervised learning. The basic idea is
to utilize InfoNCE [16] to maximize the mutual information
between different views. It learns good feature representations
by pulling together similar sample pairs while pushing apart
dissimilar ones. Hence the downstream tasks benefit from
the more discriminative representations. This characteristic
of contrastive learning complements the class-level infor-
mation to traditional semi-supervised semantic segmentation
and enhances the performance of segmentation models [17].
However, combining semi-supervised semantic segmentation
with contrastive learning also faces the challenges from con-
structing hard negative samples and designing proper data
augmentation.

Negative samples are critical ingredients in contrastive
learning and it is desirable to contrast the queries with hard
negative samples from different classes. Some researchers deal
with this challenge by adopting a large batch [12], which
nevertheless suffers from the large computational overhead.
Alternatively, others maintain a memory bank or queue of
negative samples [11], [18] and update a small portion in each
iteration. In particular, adversarial contrastive learning [19],
[20], [21], [22], [23] stands out not only in image classi-
fication but also in several dense prediction tasks. Instead
of updating a small portion of negatives in each iteration,
AdCo [20] proposed to directly learn the negative adversaries
through min-max optimization. Compared with other methods,
it enables continuous tracking of the rapid changes in the
feature representations without need for a large batch size and
avoids disposal of rich information in the past by the queue-
based method.

As an extended work of AdCo [20], this paper explores the
benefits of adversarial contrastive learning for dense predic-
tion in semi-supervised settings. We construct hard negative
samples by solving a minimax problem w.r.t. to the InfoNCE
based loss. On one side, the optimization of the segmentation
model learns to minimize the contastive loss; on the other
side, the updates for the whole memory bank of negative
samples play against the segmentation model so as to mine
hard negative samples. As a consequence, the segmentation
model can efficiently discriminate queries against adversarially
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hard negatives which are learned by the memory bank. How-
ever, direct application of adversarial contrastive learning to
dense prediction in semi-supervised setting can raise new con-
cerns. There is a chance that adversarial contrastive learning
pushes negatives across class boundaries towards the positive
anchors due to over-adversarial gradient updates [24]. For
dense prediction, the false negative problem can be more
severe with many fine-grained instances such as pixels, patches
and objects. The false negatives are likely to undermine the
model and harm its performance in the absence of supervised
labels. Though it is natural to think of using the segmentation
head to track false negatives in the memory bank, it poses
a new risk: the head usually relies on neighboring pixels for
prediction, but negatives in the memory bank are not neces-
sarily related to each other. This can cause biased detection
of over-adversarial negatives. To address this false-negative
challenge in such adversarial contrastive learning framework,
we utilize an auxiliary classifier to generate ‘auxiliary labels’
on top of a class-wise memory bank storing negative keys.
We propose to timely update auxiliary labels and identify
‘pseudo’-false negatives when their labels flip to the same
category of the corresponding queries, and further replace
those ‘pseudo’-false negatives with reliable ones from the
current mini-batch. The false negatives can be effectively
alleviated by supervision from auxiliary labels. In addition,
we adopt an informative sampling strategy for memory bank
initialization which leads to more efficient adversarial training.
The involved negative keys are actively sampled from reliable
representations. To avoid under/over-confident samples and
better leverage convincing ones, queries and positive keys
are sampled from thresholded representations based on the
confidence of associated logits.

The design of proper data augmentation is another crucial
component in contrastive learning. A proper data augmenta-
tion is expected to generate positive counterparts by creating
non-essential variations but reserving essential features of the
input w.r.t. the downstream task [12], [25]. Specifically, proper
data augmentation is desired to force the learned representa-
tions to focus on features related to semantic segmentation
under the circumstance of large sample redundancy. In liter-
ature, many advanced augmentations have been presented for
image classification, such as [26] and [27], while approaches
for semantic segmentation are under-explored. Moreover, uni-
form sampling, which is adopted by many traditional works
in semi-supervised learning, is prone to causing sample insuf-
ficiency on under-performing classes (i.e. classes where the
segmentation model has compromised performance), espe-
cially when the dataset is imbalanced over classes. Considering
that samples from under-performing classes are natural compo-
nents of hard negatives contrasting queries, such insufficiency
can further undermine the efficiency of adversarial contrastive
learning for a segmentation model. To this end, we design
an advanced data augmentation method named AdverseMix
for semantic segmentation in semi-supervised settings. As a
data mixing strategy, AdverseMix emphasizes the impor-
tance of sampling instances from under-performing classes.
Built on class-wise ‘Copy-and-Paste’ operations which retain
boundary information of instances, AdverseMix assigns higher

probability to select samples from under-performing classes by
timely tracking class accuracy metric. This keeps the contours
of instances from under-performing classes being intact and
preserves the boundary pixels which are usually hard for
models to segment correctly. AdverseMix also leverages the
inter-class correlation and actively chooses images containing
more semantically related classes to mix. The composite
images entail novel and challenging samples, which encourage
generalization to under-performing patterns and thus improve
the efficiency of adversarial contrastive learning.

The key contributions of our work include the following:
• We propose an adversarial contrastive learning method for

semi-supervised dense prediction. An auxiliary classifier
is designed to instantly track and exclude potential false
negatives which is critical for dense prediction.

• We present an advanced data mixing method termed
AdverseMix which fully exploits information from minor
classes and stitches more diverse yet challenging sam-
ples. The composite images consist of more semantically
closed patterns which provide incentives to contrastive
learning.

• We informatively sample negative keys of high quality
to initialize the memory bank, as well as to replace the
excluded ‘pseudo’-false negatives. This not only allevi-
ates biased issue in adversarial contrastive learning, but
also promotes efficiency in dense prediction which is
typically characterized by high sample-redundancy.

• Extensive experiments have shown significant gains of
our method over state-of-art approaches for a wide range
of labeled data fractions, without incurring extra compu-
tation at inference.

II. RELATED WORK

A. Semi-Supervised Learning

For semi-supervised learning, various algorithms have been
proposed to exploit the knowledge from unlabeled data, such
as VAT [28], 5 model [29], mean teacher [30] and dual stu-
dent [31], etc. Dual Student [31] generates perturbed outputs
for the same input via two networks with different initializa-
tions and enforces consistency training. Temporal Model [29]
enforces consistency between outputs and associated self-
ensembles. Mean Teacher [30] yields the target samples via
exponential moving average. MixMatch [32] performs entropy
minimization on unlabeled data while retains consistency with
the help of MixUp, and this method is further extended by
ReMixMatch [33] using distribution alignment and augmen-
tation anchoring. In FixMatch [34], consistency regularization
is maintained by a pair of weak-strong data augmentation and
sample confidence is realized by a simple threshold.

Semi-Supervised Semantic Segmentation: Training mod-
els for dense prediction is usually bottlenecked by the
demand for sufficient informative pixels, and SSL on seman-
tic segmentation (e.g. [35], [36], [37], [38], [39], [40]) can
significantly alleviate this with marginally compromised per-
formance. To exploit the unlabeled data, adversarial learning
and consistency training are leveraged for semi-supervised
segmentation. AdvSemiSeg [39] utilizes a discriminator to
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provide additional supervision to unlabeled samples. CCT [35]
proposed to perturb outputs of decoders for consistency regu-
larization, while DCC [38] enforces context-aware consistency
to mitigate contextual bias. Data mixing methods are used
jointly with mean-teacher framework in [40] and [41] showing
impressive gains. Self-training based approach [36] selectively
re-trains the model by picking more reliable data in priority.
PseudoSeg [42] proposes a unique redesign of the pseudo-
labeling strategy, generating well-calibrated structured pseudo
labels for training with unlabeled data. ECS [37] introduces
a secondary network, termed the “corrector,” to identify and
rectify incorrect predictions made by the primary segmentation
network. On top of consistency preservation, our method
adopts contrastive learning to enhance the representation com-
pactness at the class level.

B. Contrastive Learning

Contrastive learning has shown its strength in shrinking the
gap between supervised and unsupervised learning (e.g., [11],
[12], [14], [25], [38], [43], [44]). SimCLR [12] proposed to
use data augmentation and nonlinear projection head to learn
representations in a contrastive manner. SwAV [14] simulta-
neously clusters the data while enforcing consistency between
cluster assignments produced for different views. Particularly,
negative samples play a critical role in contrastive learning.
MoCo [11] regularly updates the memory bank with negatives
from every mini-batch. A Hard negative mixing approach
was presented in [45] to make contrasting more efficient.
Instead of direct sampling of negatives, AdCo [20] proposed an
adversarial contrastive learning algorithm to learn harder nega-
tives. VLT [46] enhances the robustness of segmentation under
the framework of vision-language transformer via masked
contrastive learning. Further, for dense prediction tasks,
DenseCL [47] and PixPro [48] proposed dense self-supervised
learning methods by optimizing a contrastive loss, while
SemiContrast [49] and Reco [17] implemented contrastive
learning on semi-supervised semantic segmentation with a
class-wise memory bank. PC2Seg [50] incorporates pixel-
level l2 loss and pixel contrastive loss to enhance label-space
consistency. Different from previous works on contrastive
aided semi-supervised learning, we focus on hard negatives
and proper data augmentation as two key challenges therein.
We further propose adversarial training and design a proper
data augmentation to address the two challenges respectively.

In addition, we notice that some non-contrastive meth-
ods (e.g. [13], [51]) have recently gained popularity among
researchers. BYOL [13] designed two networks to learn from
each other and achieved impressive performance without neg-
ative samples. SimSiam [51] achieved similar performance
with asymmetric structure and a stop-gradient operation. Our
work aims to enhance semi-supervised semantic segmentation
using contrastive learning, and we defer the integration of
non-contrastive methods to future research.

C. Data Augmentation

Data augmentation has been a de facto standard as a
preprocessing for computer vision tasks (e.g. [12], [25], [52]).

Fig. 1. Our semi-supervised semantic segmentation framework.
AM: AdverseMix; DA: data augmentation; AdCo: adversarial contrastive
learning. Note that our scheme does not increase computational complexity
in the inference loop.

It mitigates the issue of limited data, prevents the model from
overfitting and improves the model’s generalization capability.
Geometric and color-space transformation based augmentation
methods are commonly used, such as random cropping, resiz-
ing, horizontal flipping and blurring, etc. Many recent works
explored the benefit of data mixing based methods. Mixup [27]
conducted convex combination of pairs of images and labels;
Cutmix [26] replaced pixels in a rectangular area of an image
with one from another; Classmix [41] did copy and paste of
the whole objects of an image to another one which preserves
the object boundaries. Based on ‘Copy-and-Paste’ operations,
our proposed data mixing strategy actively generates new yet
challenging samples which force the model to improve on
under-performing classes.

III. THE PROPOSED METHOD

Suppose that the dataset is composed of a subset of fully
annotated data and a subset of unlabeled ones. We denote the
labeled subset as Dl = {(xl,i , yl,i )}

Nl
i=0 where xl,i and yl,i

are the i-th image and pixel-level annotation, respectively.
Likewise, we denote the unlabeled subset as Du = {(xu, j )}

Nu
j=0,

where xu, j is an unlabeled image. In practice, Nl ≪ Nu . Our
goal is to construct a framework for semantic segmentation
based on Dl and Du , to take full advantage of both labeled
and unlabeled data.

A. Preliminaries

Sohn et al. [34] leveraged consistency and confidence to
propose a simple framework for semi-supervised learning
which can be adapted to semantic segmentation task.

1) Supervised Branch: For a training batch from labeled
data {(xl,i ), yi }

B
i=1, weak data augmentation is applied to

each data sample xl,i . The features are extracted through an
encoder f (·) and pixel-wise predictions ŷl,i are generated
by a classifier φ(·). The pixel-wise cross-entropy loss Lce,l
is computed based on the predictions and the ground-truth
segmentation. As marked in Fig. 1, we denote this part by
supervised branch in our model.
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2) Unsupervised Branch: As proposed in [34], consistency
is kept by the combination of teacher-student model and
strong-weak data augmentation on unlabeled data, and con-
fidence is forced by introducing a hard-threshold on model
predictions. Within a teacher-student framework, the encoder
and the classifier in the supervised branch constitute the
student model, and the teacher model is constructed as
the exponential-moving-average (EMA) [30] of the student
model. For a training batch from unlabeled data {(xu,i )}

B
i=1,

strong augmentations are applied to each data sample xu,i
and the student model takes the resultant augmented sample
as the input; correspondingly, the teacher model takes the
weakly-augmented data sample as the input. Then the teacher
model’s predictions are made from the EMA encoder fm(·)

and the associated classifier φm(·). A hard-threshold [34] is
applied to the model predictions and the resultant one-hot
pseudo-labels are used to supervise the student model by
training with a cross-entropy loss Lce,u . As plotted in Fig. 1,
we denote this part by unsupervised branch in our model.

3) Disadvantages: Although solely applying the above
framework in a semi-supervised dense prediction setting can
enforce model invariance to the non-essential augmentation
and enhance consistency, the learned embeddings may fail to
improve on contrastive property. For a semantic segmentation
model, pixel-wise predictions are possible to be biased towards
the class of their neighbors, in which case rare objects and
pixels on the object boundary are easy to be mislabeled.
Meanwhile, the increase in inter-class separability over the
entire dataset can relax over-reliance on neighboring pixels
under aforementioned situation and regularize the model such
that the learned representations are semantically compact.
Hence, it is beneficial to introduce contrastive learning to
enforce higher discriminativeness in the intermediate feature
space. It is also noticed that natural datasets are imbalanced
over classes, and models are prone to being compromised
on those tail classes. Sampling in the uniform way can lead
to sample insufficiency for those under-performing classes.
Without sufficient samples from under-performing classes,
the learned features may not well represent corresponding
semantics.

B. Contrastive Learning

1) Contrastive Loss: To enhance the discriminativeness of
feature embeddings, contrastive learning can be adopted on
both supervised- and unsupervised-learning part [53] to force
the representations of similar sample pairs to stay close to
each other while forcing dissimilar ones to be far apart. Here
we use the InfoNCE loss [16] as the contrastive loss Lcont for
dense prediction as:

Lcont =
1
|C |

∑
c∈C

1
|Rq

c |

∑
ri∈Rc

q

1
|R+c |

∑
r+j ∼R+c

− log

×
exp (sim(ri , r+j )/τ)

exp (sim(ri , r+j )/τ)+
∑

r−k ∼R−c

exp (sim(ri , r−k )/τ)
.

(1)

where Rq
c is the set of pixel level queries/anchors ri from class

c, R+c is the set of positive keys r+j , R−c is the set of negative
keys r−k , sim(·) denotes the cosine similarity, C is the set of
all classes in a dataset, | · | is the set cardinality, and τ is the
temperature.

In each iteration, the gradients of Lcont are computed and
propagated back w.r.t. the queries. We note that the gradients
for vectors engaged in cosine similarity are as follows,

∂sim(u, v)
∂v

=
∂

∂v

u · v
||u||||v||

=
u

||u||||v||
−

sim(u, v)v
||v||2

=
1
||v||

(ū − sim(u, v)v̄), (2)

where || · || is the L2 norm and r̄ denotes the L2-normalization
of r . Eq. 2 can be geometrically interpreted as the normalized
new information vector provided by v̄ to ū, which is perpen-
dicular to the direction of u.

Following the above derivative, the gradients over the
queries can be derived as

∂Lcont

∂ri
=

1
τ

1
||ri ||

1
|R+c |

∑
r+j ∼R+c

×

[
− (1− p(r+j |ri ))

(
r̄+j − sim(ri , r+j )r̄i

)
+

∑
r−k ∼R−c

p(r−k |ri )

(
r̄−k − sim(ri , r−k )r̄i

)]
,

(3)

where p(r+j |ri ) and p(r−k |ri ) represent the probability of the
sample r+j and r−k being positive to ri , respectively, that is,

p(r+j |ri ) :=
exp (sim(ri , r+j )/τ)

exp (sim(ri , r+j )/τ)+
∑

r−k ∼R−c

exp (sim(ri , r−k )/τ)

p(r−k |ri ) :=
exp (sim(ri , r−k )/τ)

exp (sim(ri , r+j )/τ)+
∑

r−k ∼R−c

exp (sim(ri , r−k )/τ)
.

(4)

And queries are updated with a learning rate ηθ :

ri ← ri − ηθ
∂Lcont

∂ri
.

Eq. 3 suggests that queries will be updated towards the
weighted combination of the positive keys, while being pushed
away from the weighted combination of negatives. The more
likely a positive sample r+j is true with a larger p(r+j |ri ),
the less the query should be pulled towards it as the query
is already sufficiently close to the sample. On the contrary,
the more likely a negative sample r−k is false with a larger
p(r−k |ri ), the query is closer to the sample, and thus should
be more strongly pushed away from it.

2) Structure: Following the structures in [12] for contrastive
learning, on top of the supervised branch and unsupervised
branch, features are extracted by a projection head h(·) from
the output of f (·) for both labeled and unlabeled data,
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i.e. r ∈ {h( f (xl,i )), h( f (xu, j ))}. As in [43], a memory bank
Q can be constructed to store negative samples and is updated
by a small portion in each iteration, while queries and positive
keys are sampled from the current minibatch. The contrastive
loss is then computed through discriminating negative keys
from their positive counterparts.

3) Weakness: However, under the circumstance of dense
prediction, there are two key ordeals for the success of
contrastive learning: (i) mining hard negative samples and
(ii) designing proper data augmentation.

Hard negatives are those samples with the corresponding
class different from anchor class but have representations close
to anchor representation in the feature space. Mining hard
negatives benefits contrastive learning by improving discrimi-
nation on pixels from their counterparts whose categories are
easy to be mislabeled. There are two main methods to mine
hard negative samples: using negatives in the current mini-
batch (e.g. [12]) and maintaining a memory bank (e.g. [11],
as described before). Nevertheless, as pointed in the work of
AdCo [20], the former approach abandons rich information
embedded in negative samples in past batches and usually
a large batch size is required, which increases the memory
usage; the latter approach has a small portion of negatives
updated in each iteration, as a consequence the most critical
negative samples may not be well covered by the memory bank
and the learned features are under-representative. This issue
is exacerbated in dense prediction due to the imbalance over
classes in natural datasets. On one hand, insufficient samples
from rarer objects, which are usually from tail class, may
bias the semantic segmentation towards the class of dominant
neighboring pixels; on the other hand, without actively draw-
ing most representative ones, sample redundancy from head
class may impair the efficiency of the algorithm.

Meanwhile, proper data augmentation is crucial for con-
trastive learning based training. It benefits the learning of
representative and generalizable embeddings by introducing
non-essential variations while retaining essential semantic fea-
tures. Hence, the resultant model can focus on the features
critical for dense prediction. This calls for the design of a
specific data augmentation scheme for semantic segmentation.

Overall, the lack of hard negative samples and proper data
augmentations could hinder efficient representation learning
for dense prediction. To solve the issue of hard negative
samples, we propose contrastive learning with adversarial
training. We also put forward a new data mixing based
augmentation scheme, termed AdverseMix, specialized for
semantic segmentation task.

C. Adversarial Training

1) Adversarial Contrastive Learning: As an extended work
of AdCo [20] which was designed for unsupervised learning
on image classification, we adopt adversarial training on
dense feature maps to directly learn hard negatives, providing
additional discriminative information to learn more expressive
dense representations that can distinguish positive queries from
these adversarial negatives. This part is illustrated in Fig. 2.

First, the memory bank is initialized by employing negative
keys, which are sampled from pixel-level representations of

Fig. 2. Illustration of adversarial contrastive learning with sampling and false
negative replacement.

images within the training set. These representations are
produced by the projection head, denoted as h(·). Once the
memory bank is fully loaded, the negative keys in the memory
bank are directly updated through an end-to-end learning
process. As illustrated in [20], this is equivalent to solving
a minimax problem such that both the encoder parameters θ f
and memory bank Q reach an equilibrium w.r.t. the loss L:

θ∗f , Q∗ = arg min
θ f

max
Q

L(θ f , Q)

Then, on top of updating encoder weights through the
gradients of contrastive loss w.r.t. the queries as in Eq. 3, we
calculate the gradients of negative samples in the memory bank
using p(r−k |ri ) (cf. Eq. 4),

∂Lcont

∂r−k
=

1
τ

1
|R+c |

∑
r+j ∈R+c

p(r−k |ri )

||r−k ||

(
r̄i − sim(ri , r−k )r̄

−

k

)

and following the minimax rule, the negative keys get updated
given a learning rate ηN :

r−k ← r−k + ηN
∂Lcont

∂r−k
.

This implies that the memory bank is updated towards the
weighted combination of the queries, where the weights are
proportional to the probability of the negatives being false.
This update process makes it more difficult for the model
to accurately distinguish the queries from learned negative
samples, forcing the model to improve its discrimination
capability.

Concern of False Negatives: In spite of its benefits, adver-
sarial contrastive learning could introduce an additional risk of
learning false negatives. As interpreted above, hard negatives
are updated towards the anchor along the direction perpen-
dicular to the negative keys. Over-adversaries could happen
if the update pushes the negative too close to the query and
the resultant vector becomes positive to the query in reality,
which is viewed as a false negative. Those false negatives
participate in contrastive learning in the next iteration and
could mislead the model as a consequence. This issue is exac-
erbated in semi-supervised dense prediction since in semantic
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segmentation, there are abundant pixels from correlated classes
(semantically coupled pairs such as bikes and persons, spa-
tially close pairs such as terrain and vegetation) which usually
have proximate representations in feature space. There is a
higher chance for negatives from those classes to be pushed too
close to their counterparts by aggressive updates, and hence,
the encoder is compromised. To mitigate this issue, we build an
auxiliary classifier for detection and propose to replace those
detected false negatives.

2) False Negatives and Auxiliary Classifier: The rea-
son for building the auxiliary classifier is threefold. First,
during adversarial training, some negatives may become
over-adversarial as they get too close to positive queries.
These over-adversarial negatives would become false negatives
as they cross the class boundaries. This problem could be
exacerbated particularly in dense prediction tasks as it is easier
to have more false negatives at pixel level.

Second, the main classifier φ works on the feature map
produced by the encoder, where pixel predictions often rely
on convolutional filters with receptive field covering the neigh-
boring pixels. However, the learned negatives in the memory
bank are independent of each other, i.e., it is not necessary
to suppose they are from the same real image. Thus it is
impossible to directly apply the pixel-level classifier φ to
predict their (pseudo-)labels.

Third, for the dense prediction, we need such an auxiliary
classifier to predict auxiliary-labels to detect and replace the
false negatives in the memory bank.

To address these issues, we propose a simple yet effec-
tive auxiliary classifier ψ consisting of 1 × 1 convolutional
networks without involving neighboring pixels. During adver-
sarial training, the auxiliary classifier keeps track of the
auxiliary-labels of negative adversaries and detects r−k as a
‘pseudo’-false negative w.r.t. its anchor ri if arg maxψ(r−k ) =
arg maxψ(ri ). We keep the initial classes of such ‘pseudo’-
false negatives, sample a new set from these classes with high
confidence scores over the current mini-batch, and replace
these ‘pseudo’-false ones with reliable ones. In this way,
the ‘pseudo’-false negative replacement also keeps the same
number of negatives for each query class in the memory bank.

For training the auxiliary classifier, we select most uncertain
samples measured by the difference between top-2 predicted
class probabilities, similar to [54]. The auxiliary classifier is
trained on both labeled and unlabeled features with a cross-
entropy loss. The associated losses are denoted by Laux,l and
Laux,u respectively, and overall auxiliary loss is computed as
Laux = Laux,l + Laux,u .

3) Informative Sampling: As aforementioned about the con-
cerns in semi-supervised framework (cf. III-A), uniform sam-
pling may lead to learning insufficiency on under-performing
classes. Meanwhile, hard negatives can be mined not only
during adversarial training, but also at memory bank ini-
tialization, which requires to sample informative negatives.
Hence, we actively sample pixel-level representations at three
separate stages: query and positive key sampling, memory
bank initialization, and ‘pseudo’-false negatives replacement.
Queries and Positives Sampling. At each iteration, we sam-
ple queries and positive keys involved in contrastive loss.

To remove data redundancy, we utilize a pair of low and
high thresholds for selecting highly confident samples and
removing non-informative over-confident ones, respectively.
Memory Bank Initialization. In order to reflect semantic rela-
tion in the memory bank initialization, we assign the number
of sampled negatives from class c j w.r.t. query class ci |i ̸= j
proportionally to the inter-class similarity between (ci , c j ).
The inter-class similarity is calculated based on class-level rep-
resentation prototypes. Once the memory bank is fully loaded
with negatives of high confidence, each sampled query from
class ci will be contrasted with a group of these negatives.
‘Pseudo’-False Negatives Replacement. To maintain the
same relationship between semantic classes, we replace
‘pseudo’-false negatives by new reliable ones from their initial
classes. As illustrated in Fig. 2, this step is executed instantly
after gradient updates and false negative detection, with new
negatives filled in at the same positions of replaced ones.

The overall algorithm for contrastive learning with adversar-
ial training is summarized in Algorithm 1 and demonstrated
in Fig. 2. We denote this part by ‘AdCo branch’ in Fig. 1.
We also remark that, during inference or evaluation stage, the
data will only be processed within the inference loop in Fig. 1.

Algorithm 1 Contrastive Learning With Adversarial Training

D. AdverseMix

For dense prediction tasks, the problem of long-tailed
classes and their relations in feature space are under-explored
in many mixing-based augmentation approaches. As illus-
trated in Fig. 3, we propose a novel paradigm of data
augmentation method termed AdverseMix by selecting hard
images with under-performing classes to mix with those that
tend to be confused with the former in the feature space.
In other words, the AdverseMix will generate mixed images
containing masked regions of both under-performing classes
and their easy-to-confuse counterparts. This will push the
classifier to distinguish the under-performing classes from their
most-confusing counterparts, thereby focusing on the most
adversarially hard cases in training the model.

Specifically, we denote the set of label classes contained in
a labeled image xl,i by Al,i and the set of pseudo-label classes
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Fig. 3. The diagram of AdverseMix. Note that the selected hard classes –
rider, bicycle, and traffic sign – from image xa have a high correlation to
instances in image xb .

contained in an unlabeled image xu,i by Au,i , with | · | the set
cardinality. The most recent IoU value of class c evaluated in
the training set is denoted by IoUc.

First, we select foreground images with under-performing
classes from unlabeled data. Based on the IoU value, we define
a score to measure the difficulty level for each unlabeled
image xu,i , i.e. αi :=

1
|Au,i |

∑
c∈Au,i

1
IoUc

. We select hardest
images with top-ncp α-values and denote them by {xuh }.
We generate another view x ′uh

of xuh to augment the selected
hard images from under-performing classes. By excluding ncp
easiest images by xue , we construct the set of hard unlabeled
images over the current mini-batch by XA = {xu}∪{x ′uh

}\{xue }

as the hard foreground image set. For each image xa from XA,
half of its classes are sampled based on their difficulty level

1
IoUc

, c ∈ Aa , yielding the set of hard classes Aas , and their
pixel mask ma .

Second, we mix these hard foreground images with the
images that contain the easy-to-confuse classes in the feature
space. We view the set of all images in the current mini-batch
as the background image set and denote it by XB = XA ∪

{xue }∪{xl}. For each pair of images (xa, xb) ∈ XA×XB |xa ̸=xb ,
we evaluate their class-level similarity sa,b by averaging the
cosine similarities between the set of classes Aas and Ab from
xa and xb.

sa,b =
1

|Aas ||Ab|

∑
ci∈Aas ,c j∈Ab

sim(ci , c j ), (5)

where Ab is the set of classes from xb. In practice, we use
class-level representation prototype of each class for this calcu-
lation. Then a background image xb is sampled proportionally
to the scores, and the mixed image is generated by ‘copy-and-
paste’ operation: xnew = xa⊙ma+xb⊙(1−ma). A diagram of
AdverseMix is illustrated in Fig. 3. It shows that AdverseMix
selects pixels from harder classes, e.g. the bicycle, the rider
and traffic signs in image xa , and the paired one xb has
classes most relevant to those selected classes, e.g., the street
background in this example. The mixed images provide new
yet challenging contents which can be leveraged by contrastive
learning. Thus the model’s generalization capability is further
improved.

In addition, we remark that during ‘copy-and-paste’, there
is a chance that pixels from xa cover all pixels from certain

Algorithm 2 AdverseMix

class in xb. This may cause the resultant composite images to
be less close in semantics if the covered class in xb is the key
class correlated to selected classes in xa . Hence, we modifyAb
in Eq. 5 to Abs := {c j |c j ∈ yb⊙ (1−ma)} given the mask ma
associated with selected hard classes from xa . To this end,
Abs excludes xb’s classes whose associated instances are fully
covered by ma . Furthermore, we notice that the majority of
images in datasets like Pascal VOC [55], contain single or
very few objects, while other datasets like Cityscapes [56],
consist of images comprising a larger number of instances. For
the former type of datasets, pasted pixels from xa sometimes
greatly change the shape of the contextual object in image xb
due to significant overlapping. The resultant composite image
may bias the learning process towards unnatural patterns. Less
strong performance on Pascal VOC than on Cityscapes has
been reported by ClassMix [41]. We simply shrink the selected
objects from xa and copy them to one of the four quadrants
in xb where least non-background pixels from xb will be
covered. In this way, the new image will alleviate the excessive
information loss from xb.

The algorithm of AdverseMix is summarized in
Algorithm 2. We present an ablation study of the effect
of the number of augmented views ncp on the performance
in the experiment.

IV. EXPERIMENTAL RESULTS

A. Implementation Details

1) Datasets: We conduct experiments on Pascal VOC
2012 [55] and Cityscapes [56] datasets. Pascal VOC con-
tains 21 classes. Its training set comprises 10582 images,
with 1464 finely annotated and the rest coarsely annotated.
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TABLE I
SEMANTIC SEGMENTATION MIOU FOR PASCAL VOC val DATASET. “[]”: NUMBER OF LABELED IMAGES; “V2”: DEEPLABV2; “V3+”:

DEEPLABV3+; †: USING MULTI-SCALE AND HORIZONTAL FLIPPING DURING INFERENCE

It has 1449/456 images for validation and testing. Cityscapes
consists of 19 classes of finely annotated images with high res-
olution. It contains 2975/500/1525 training/validation/testing
images, respectively.

2) Network Structure: We adopt DeepLabv3+ [57] as our
baseline model with ResNet-50/101 [58] pretrained on Ima-
geNet [59] as the backbone. The encoder and projection head
both have 256 output channels. The model is evaluated on
val set with single-scale as well as multi-scale inference with
horizontal flipping [60]. We adopt the mean Intersection-over-
Union (mIoU) as the evaluation metric.

At unsupervised branch, we implement random resizing,
cropping and horizontal flipping for weak data augmentation;
on top of that, Gaussian blurring is additionally used for
strong augmentation. At supervised branch, we utilize random
resizing, cropping, horizontal flipping and color jittering as the
default augmentation. Images are randomly cropped to size
320× 320 for Pascal VOC and size 720× 720 for Cityscapes.
The batch size is 8 for Cityscapes and 16 for Pascal VOC.
We run experiments on 2 Nvidia Tesla V100 cards, except
for Cityscapes with ResNet-101 backbone where 2 Nvidia
A100 cards are used. Synchronous BatchNorm is adopted for
multi-GPU training. We set initial learning rate η0 as 0.02 for
Pascal VOC and 0.05 for Cityscapes. The learning rate of the
backbone is 10 times smaller. We adopt a polynomial learning
rate schedule with a decay factor 0.9. We use SGD optimizer
with momentum 0.9, adopt weight decay as 0.0001 and set the
number of training epochs as 300. We first train the encoder f
for the first 5 epochs by optimizing cross-entropy loss Lce,l
alone (supervised branch in Fig. 1), then train both supervised
and unsupervised branches jointly for the next 10 epochs.
After that, we train all branches jointly to the end. We use
adversarial training with ‘pseudo’-false negative replacement
and AdverseMix with ncp = 1 by default.

B. Main Results

We extensively compare our method with recent approaches
and underline the best result in tables. Table I compares

different semi-supervised methods for various rates of labeled
data from Pascal VOC: 0.57%, 1/16, 1/8 and 1/4 and full
set. We also compare with supervised-only baseline. Both
single-scale and multi-scale inference results are provided. For
works adopting memory bank based contrastive learning, our
method outperforms SemiContrast [49] and Reco [17] across
all partition rates, indicating the effectiveness of adversarial
training of negatives and AdverseMix. Compared with Reco,
our method with ResNet-101 backbone achieves 2.29% gain
at 1/8 split. Particularly, our method achieves impressively
large gain at smaller partition rates (10.1% gain at 0.57%
split). Our method also surpasses ST++ [36], a self-training
based method, by 2.5% mIoU at 1/4 split benchmark with
ResNet-101 backbone. Interestingly, we observe that by using
only 1/4 labeled data, our method can achieve comparable
performance with supervised training on the whole dataset.
If having access to the whole fully annotated data, our method
can achieve additional gains with contrastive learning, which
is consistent with [53].

Comparison is also made on different splits of labeled
images for Cityscapes: 1/30, 1/16, 1/8, 1/4 and full set.
In Table II, all methods are based on ResNet-50 backbone.
We observe that our method outperforms DCC [38] by 5.9%
and PC2Seg [50] by 3.5% at 1/8 split benchmark, respec-
tively. In addition, for both datasets, our method consistently
achieves large gains over different partition rates. Especially,
at the regime of extreme low number of labeled images,
the proposed method promotes the supervised-only baseline
with a larger margin. With 1/16 labeled data on Pascal
VOC, our method with ResNet-50 backbone boosts mIoU
by 8.5% (63.9% vs 72.4%) compared with supervised-only
baseline. Similarly on Cityscapes, with 1/30 labeled data, our
method provides a significant gain of 14% (55.3% vs 69.3%)
over supervised-only baseline. In Table III we deliver the
comparison results on Cityscapes using ResNet-101 backbone.
We note some recent published works (e.g., [62], [63]) on this
topic. We don’t include them since they utilized extra deep
stem network structure, OHEM auxiliary loss, and larger crop
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TABLE II
SEMANTIC SEGMENTATION MIOU FOR CITYSCAPES val DATASET. “V3+0”: DEEPLABV3+; †: USING MULTI-SCALE AND

HORIZONTAL FLIPPING DURING INFERENCE; ‡: WITH DATA SELECTION

TABLE III

SEMANTIC SEGMENTATION MIOU (%) FOR CITYSCAPES val DATASET. “X-65”: XCEPTION-65 [57]; “R-101”: RESNET-101 [58];
“V2”: DEEPLABV2 [65]; “V3”: DEEPLABV3 [60]; “V3+”: DEEPLABV3+ [57]; †: USING MULTI-SCALE AND

HORIZONTAL FLIPPING DURING INFERENCE; ‡: WITH DATA SELECTION

size of images on Cityscapes dataset. At low partition rate
regime, our method has a gain over PC2Seg [50] by 7.7% for
1/30 split, which shows resembling performance on aforemen-
tioned dataset. When data partition rate is 1/8, we achieve a
gain of 2.9% mIoU over BSBN-based method [64] which used
Xception-65 [57] as backbone. Our method even improves
by 0.5% over supervised baseline when the full dataset is
given.

C. Ablation Study

1) Impact of Adversarial Contrastive Learning and
AdverseMix: In this part we illustrate the effectiveness of
the proposed AdCo branch and AdverseMix. As showcased in
Table IV(a), we compare our proposed method with three base-
lines. The first one only optimizes the supervised loss Lce,l
(denoted by Sup); the second one optimizes Lce,l + λu Lce,u
except that there is no any data mixing method at unsupervised
branch (denoted by Semi (NDM)); the third one adopts Class-
Mix [41] as data mixing on top of the second baseline (denoted
by Semi (CM)). As presented in Table IV(a), our method
outperforms the Semi (NDM) baseline by 2.73% and 3.65%
on 1/16 Cityscapes and 1/16 Pascal VOC respectively; the
gains are 1.90% and 3.10% over the Semi (CM) baseline.

TABLE IV
ABLATION OF EACH COMPONENT OF THE PROPOSED METHOD FOR

SEMI-SUPERVISED SEMANTIC SEGMENTATION. “NDM”: NO
DATA MIXING; “CM”: CLASSMIX; “AM”: ADVERSEMIX;

“ADCO”: ADVERSARIAL CONTRASTIVE LEARNING;
“CITY”: CITYSCAPES; “VOC”: PASCAL VOC

This demonstrates the performance improvement brought by
the modules of AdCo branch and AdverseMix jointly.

Furthermore, we check the individual contribution by
the AdCo branch and AdverseMix separately. As shown
in Table IV(b), besides the full proposed method Semi(AM+
AdCo), we also consider removing either the AdCo branch
(denoted by Semi (AM)) or the AdverseMix data mixing
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TABLE V
ABLATION STUDY ON SOME HYPERPARAMETER SELECTION

module (denoted by Semi (Adv)). The experiment is on 1/4
Pascal VOC and 1/30 Cityscapes. The comparison between
Semi(AM) and Semi(AM+AdCo) shows that the implemen-
tation of adversarial contrastive learning branch on top of
an SSL setting with AdverseMix (Semi(AM)) provides an
mIoU gain by 1.13% on 1/4 Pascal VOC and 1.61% on 1/8
Cityscapes, respectively. Similarly, the comparison between
Semi(AdCo) and Semi(AM+AdCo) presents that, for 1/4 Pascal
VOC and 1/8 Cityscapes, 1.05% and 0.94% improvement
on mIoU for can be achieved by implementing AdverseMix
on top of a data-mixing-free SSL setting with adversarial
contrastive learning branch. The joint use of AdverseMix and
the AdCo branch enhances the supervised-only baseline with
a gain of 4.41% on 1/4 Pascal VOC, and at the low split rate
regime for Cityscapes, the two modules together provide a
gain of 14.07% over supervised-only baseline. This indicates
that, both adversarial contrastive learning and AdverseMix
effectively benefit model training, and the combination of the
two results in graceful synergy between each other, which
also works better than the nontrivial Semi (CM) baseline.
Since in [20], adversarial contrastive learning has already been
shown to outperform pure memory bank based methods such
as MoCo [11] and MoCo v2 [43], we omit further comparison
between our method and other memory bank based methods
in this work.

2) Memory Bank Size: Table V(a) provides a comparison
of different number of negatives from the memory bank
assigned to per query in the AdCo branch. The experiment
is on Pascal VOC of 1/4 split rate and with ResNet-101
backbone. As the table indicates, increasing the number of
negatives steadily improves performance, which is consistent
with previous research on self-supervised learning [11], [20].
Due to resource limits, we use memory bank size 512 by
default.

3) Auxiliary Classifier: In Table V(b), we show the effec-
tiveness of auxiliary classifiers in tracking ‘pseudo’-false
negative keys, by comparing our method to the baseline
without kicking-out ‘pseudo’-false negatives. We aim to cal-
culate a detection rate which measures the percentage of
false negatives captured by auxiliary classifier being true false
negatives. In practice, the experiment is on Cityscapes 1/8

data partition, where a memory bank with a total of 155,648
negatives is employed. In each current mini-batch, we collect
the ground-truth label for each representation output by the
project head. For the baseline method which does not take
care of over-adversaries, we use the trained auxiliary classifier
to detect potential ‘pseudo’-false negatives. We estimate the
ground-truth label for each detected ‘pseudo’-false negative
by searching its nearest neighbor among representations from
the current mini-batch and using the label of the nearest
neighbor as the estimated ground-truth label. We collect veri-
fied ‘pseudo’-false negatives as those determined to have the
same class as their positive counterparts by nearest neighbor
estimation. Thus the detection rate is calculated as the ratio
of verified ‘pseudo’-false negatives over all tracked ‘pseudo’-
false negatives. The high detection rate shows that auxiliary
classifier can provide high accuracy on distinguishing ‘pseudo-
false ones for learned negatives in the memory bank. We also
compare the rate of detected ‘pseudo’-false negatives (denoted
by flipped neg. rate in Table V(b)) for the case with and
without auxiliary classifier after gradient updates on adver-
sarial negatives during training. As Table V(b) indicates, with
‘pseudo’-false negative replacement, the over-adversaries are
mitigated by a large portion.

4) Number of Crops in AdverseMix: As mentioned in
Sec. III-D we generate another view(s) of the hardest image(s)
to bootstrap the challenging patterns in the composite images.
The impact of the number of crops ncp is presented in
Table V(c). The comparison between one-crop case and no-
crop case indicates that augmenting another view of hardest
image (cf. Sec. III-D) is beneficial for learning under-
performing patterns, while the comparison between one-crop
case and four-crop case implies that too many crops may
compromise the model performance. We hypothesize that with
excessive augmented crops, more images are deemed as ‘eas-
ier’ ones which are factually nontrivial. Hence, features from
‘easier’ images are not engaged in the new composite images
and the model cannot efficiently leverage information from
those images. The model performance is thus undermined.
By default, we set ncp as 1. For the semi-supervised baseline,
the total number of passes through the EMA encoder and
classifier is equivalent to the batch size. AdverseMix with
ncp = 1 introduces only one extra pass, which slightly
increases the computational load.

D. Visualization Results

1) Predicted Labels: In Fig. 4, we plot the predicted
segmentation masks of our method and compare them with
DCC [38] and the supervised-only baseline. It is observed
that our method has better prediction precision than others,
particularly on instance pairs such as juxtaposed car and
truck, adjacent bicycles and poles. We hypothesize that these
spatially and semantically correlated patterns are particu-
larly bootstrapped by AdverseMix; adversarial training also
generates challenging negative pairs and forces the model
to enhance performance on such adversarially hard patterns
through contrastive learning. Similar results are observed on
the segmentation predictions for Pascal VOC 1/8 data partition
in Fig. 5. The comparison between our method, DCC [38] and
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Fig. 4. Cityscapes segmentation examples of different methods. Our method
generates better predictions at boxed area, particularly for adjacent bicycles
and poles (left boxed area in the first column), juxtaposed car and truck (left
boxed area in the middle column), car of unusual shape (left boxed area in
the right column).

Fig. 5. Pascal VOC segmentation examples of different methods. Our method
is compared with supervised-only baseline and DCC [38].

the supervised-only baseline reveals that our method works
better on various complicated situations, including composite
patterns (row 1: equestrian and horse), cluster of instances
(row 3: a flock of sheep), scene shot from an atypical angle
(row 5: rider and bicycle), and object of unusual shape (row
6: train rounding the bend).

Fig. 6. Visualization of features (i.e. the input to the classifier) using
t-SNE [70] on Cityscapes with 1/8 split. a) is trained with supervised-only
baseline; b) is produced with aforementioned semi-supervised baseline with
ClassMix as data mixing strategy; c) is our method with adversarial contrastive
learning and AdverseMix. We observe more distinct separation on semantic
classes by our method.

Fig. 7. Correlation heatmap on class-wise representation prototypes for
Cityscapes 1/8 partition by our method.

2) Embedding Space: In Fig. 6, we plot the t-SNE visu-
alization of features at the input of the main classifier on
Cityscapes 1/8 split, and compare it with aforementioned
ClassMix [41] based method. We observe that the features by
ClassMix has a higher degree of separation than supervised-
only baseline. Compared with ClassMix, our method learns
an increased number of completely separated clusters, and
generates more compactly-concentrated features. In addition,
the corresponding inter-class correlation between class-level
prototypes is presented in Fig. 7. The comparison between
Fig. 6c and Fig. 7 indicates that the entangled group of
semantic classes in t-SNE plot is likely to include those of high
correlations in Fig. 7 (class pairs in brighter color), e.g. rider,
person, bicycle and motorcycle (semantically correlated) as
well as pole, building, wall and fence (spatially adjacent).
We hypothesize that because adversarial contrastive learning
and AdverseMix work in synergy to generate challenging
patterns and force the model to improve on under-performing
semantic classes, we can even observe graceful separation on
some hard class pairs, such as car vs truck, bus vs train. How-
ever, there still remain some classes not well distinguished,
e.g. wall vs building, and we speculate that such patterns are
beyond the capability of the model at 1/8 data partition.

V. CONCLUSION

In this work we propose a joint design of adversarial training
and AdverseMix for application of contrastive learning to
semi-supervised semantic segmentation. For the purpose of
mining hard negative samples, we impose direct learning
of negative adversaries in contrastive learning. Considering
the false negative issue which is critical for dense predic-
tion, we employ an auxiliary classifier to instantly identify
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the over-adversarial negatives, which are timely tracked and
replaced by new reliable samples. We also present an infor-
mative sampling approach for memory bank initialization and
‘pseudo’-false negative replacement, leading to more efficient
adversarial training. To address the challenge of proper data
augmentation for dense prediction and enable efficient extrac-
tion of informative features from under-performing classes,
we propose AdverseMix that generates more diverse yet
challenging samples. Extensive experiments demonstrate the
strength of our scheme for a wide range of labeled fractions.
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