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Abstract

For medical image segmentation, contrastive learning is the dominant practice to
improve the quality of visual representations by contrasting semantically similar
and dissimilar pairs of samples. This is enabled by the observation that without
accessing ground truth labels, negative examples with truly dissimilar anatomical
features, if sampled, can significantly improve the performance. In reality, however,
these samples may come from similar anatomical regions and the models may
struggle to distinguish the minority tail-class samples, making the tail classes more
prone to misclassification, both of which typically lead to model collapse. In this
paper, we propose ARCO, a semi-supervised contrastive learning (CL) framework
with stratified group theory for medical image segmentation. In particular, we
first propose building ARCO through the concept of variance-reduced estimation
and show that certain variance-reduction techniques are particularly beneficial in
pixel/voxel-level segmentation tasks with extremely limited labels. Furthermore,
we theoretically prove these sampling techniques are universal in variance reduction.
Finally, we experimentally validate our approaches on eight benchmarks, i.e., five
2D/3D medical and three semantic segmentation datasets, with different label
settings, and our methods consistently outperform state-of-the-art semi-supervised
methods. Additionally, we augment the CL frameworks with these sampling
techniques and demonstrate significant gains over previous methods. We believe our
work is an important step towards semi-supervised medical image segmentation by
quantifying the limitation of current self-supervision objectives for accomplishing
such challenging safety-critical tasks. '

1 Introduction

Model robustness and label efficiency are two highly desirable perspectives when it comes to building
reliable medical segmentation models. In the context of medical image analysis, a model is said to
be robust if (1) it has a high segmentation quality with only using extremely limited labels in long-
tailed medical data; (2) and fast convergence speed [1, 2, 3]. The success of traditional supervised
learning depends on training deep networks on a large amount of labeled data, but this improved
segmentation/model robustness often comes at the cost of annotations and clinical expertise [4, 5, 6].
Therefore, it is difficult to adopt these models in real-world clinical applications.

Recently, a significant amount of research efforts [7, 8, 9, 10] have resorted to unsupervised or
semi-supervised learning techniques for improving the segmentation robustness. One of the most
effective methods is contrastive learning (CL) [11, 12, 13, 14]. It aims to learn useful representations

!Codes are available on here.

37th Conference on Neural Information Processing Systems (NeurIPS 2023).


https://github.com/charlesyou999648/ARCO

by contrasting semantically similar (positive) and dissimilar (negative) pairs of data points sampled
from the massive unlabeled data. These methods fit particularly well with real-world clinical
scenarios as we assume only access to a large amount of unlabelled data coupled with extremely
limited labels. However, pixel-level contrastive learning with medical image segmentation is quite
impractical since sampling all pixels can be extremely time-consuming and computationally expensive
[15]. Fortunately, recent studies [16, 17] provide a remedy by leveraging the popular strategy of
bootstrapping, which first actively samples a sparse set of pixel-level representation (queries), and
then optimize the contrastive objective by pulling them to be close to the class mean averaged across
all representations in this class (positive keys), and simultaneously pushing apart those representations
from other class (negative keys). The demonstrated imbalancedness and diversity across various
medical image datasets, as echoed in [18], show the positive sign of utilizing the massive unlabeled
data with extremely limited annotations while maintaining the impressive segmentation performance
compared to supervised counterparts. Meanwhile, it can lead to substantial memory/computation
reduction when using pixel-level contrastive learning framework for medical image segmentation.

Nevertheless, in practical clinical settings, the deployed machine learning models often ask for
strong robustness, which is far beyond the scope of segmentation quality for such challenging safety-
critical scenarios. This leads to a more challenging requirement, which demands the models to be
more robust to the collapse problems whereby all representations collapse into constant features
[14, 13, 19] or only span a lower-dimensional subspace [20, 21, 22, 23], as one main cause of such
fragility could be attributed to the non-smooth feature space near samples [24, 25] (i.e., random
sampling can result in large feature variations and even annotation information alter). Thus, it
is a new perspective: how to sample most informative pixels/voxels towards improving variance
reduction in training semi-supervised contrastive learning models. This inspires us to propose a new
hypothesis of semi-supervised CL. Specifically, when directly baking in variance-reduction sampling
into semi-supervised CL frameworks for medical image segmentation, the models can further push
toward state-of-the-art segmentation robustness and label efficiency.

In this paper, we present ARCO, a semi-supervised strAtifed gRoup Contrastive learning framework
with two perspectives (i.e., segmentation/model robustness and label efficiency), and with the
aid of variance-reduction estimation, realize two practical solutions — Stratified Group (SG) and
Stratified-Antithetic Group (SAG) — for selecting the most semantically informative pixels. ARCO
is a group-based sampling method that builds a set of pixel groups and then proportionally samples
from each group with respect to the class distribution. The main idea of our approach is via first
partitioning the image with respect to different classes into grids with the same size, and then
sampling, within the same grid, pixels semantically close to each other with high probability, with
minimal additional memory footprint.

Subsequently, we show that baking ARCO into contrastive pre-training (i.e., MONA [17]) provides
an efficient pixel-wise contrastive learning paradigm to train deep networks that perform well in
long-tailed medical data. ARCO is easy to implement, being built on top of off-the-shelf pixel-level
contrastive learning framework [13, 14, 26, 27, 28], and consistently improve overall segmentation
quality across all label ratios and datasets (i.e., five 2D/3D medical and three semantic datasets).

Our theoretical analysis shows that, ARCO is more label efficient, providing practical means for
computing the gradient estimator with improved variance reduction. Empirically, our approach
achieves competitive results across eight 2D/3D medical and semantic segmentation benchmarks.
Our proposed framework has several theoretical and practical contributions:

* We propose ARCO, a new CL framework based on stratified group theory to improve the
label efficiency and model robustness trade-off in CL for medical image segmentation. We
show that incorporating ARCO coupled with two special sampling methods, Stratified Group
and Stratified-Antithetic Group, into the models provides an efficient learning paradigm to
train deep networks that perform well in those long-tail clinical scenarios.

* To our best knowledge, we are the first work to show the benefit of certain variance-
reduction techniques in CL for medical image segmentation. We demonstrate the unexplored
advantage of the refined gradient estimator in handling long-tailed medical image data.

* We conduct extensive experiments to validate the effectiveness of our proposed method
using a variety of datasets, network architectures, and different label ratios. For segmentation
robustness/accuracy, we show that our proposed method by demonstrating superior segmen-
tation accuracy (up to 11.08% absolute improvements in Dice). For label efficiency, our



method trained with different labeled ratios — consistently achieves competitive performance
improvements across all eight 2D/3D medical and semantic segmentation benchmarks.

* Theoretical analysis &8RC®Ghows improved variance reduction with optimization guarantee.
We further demonstrate the intriguing propertyARCQ@cross the different pixel-level
contrastive learning frameworks.

2 Related work

Medical Image Segmentation. Contemporary medical image segmentation approaches typically
build upon fully convolutional networks (FCN2§] or UNet [30], which formulates the task as a
dense classi cation problem. In general, current medical image segmentation methods can be castinto
two sets: network design and optimization strategy. One is to optimize segmentation network design
for improving feature representations through dilated/atrous/deformable convoli&ioag,[33],

pyramid pooling [34, 35, 36], and attention mechanisms [37, 38, 39]. Most recent works [40, 41, 6]
reformulates the task as a sequence-to-sequence prediction task by using the vision transformer (ViT)
architecture 42, 43]. The other is to improve optimization strategies, by designing loss function

to better address class imbalandé][or re ning uncertain pixels from high-frequency regions
improving the segmentation qualit¢, 46, 47, 48, 49]. In contrast, we take a leap further to a more
practical clinical scenario by leveraging the massive unlabeled data with extremely limited labels
in the learning stage. Moreover, we focus on buildingdel-agnosticlabel-ef ciency framework

to improve segmentation quality by providing additional supervision on the most confusing pixels
for each class. In this work, we question how medical segmentation models behave under such
imbalanced class distributions and whether they can perform well in those challenging scenarios
through sampling methods.

Semi-Supervised Learning (SSL). SSL aims to train models with a combination of labeled, weakly-
labeled and unlabelled data. In recent years, there has been a surge of work on semi-supervised
medical segmentatior8] 9, 50, 48, 16, 51, 52, 17, 10, 53, 54], which makes it hard to present a
complete overview here. We therefore only outline some key milestones related to this study. In
general, it can be roughly categorized into two groups: (1) Consistency regularization was rst
proposed by$5], which aims to impose consistency corresponding to different perturbations into the
training, such as consistency regularizatibg, [57], pi-model [58], and mean-teaches9, 60]. (2)
Self-training was initially proposed ir6[l], which aims at using a model's predictions to obtain noisy
pseudo-labels for performance boosts with minimal human labor, such as pseudo-lahélifg [
model uncertaintyd, 63], con dence estimationg4, 65, 66], and noisy studentf7]. These methods
usually lead to competitive performance but fail to prevasitapsedue to class imbalanceness. In

this work, we focus on semi-supervised medical segmentation with extremely limited labels since the
medical image data is extremely diverse and often long-tail distributed over anatomical classes. We
speculate that a good medical segmentation model is expected to distinguish the minority tail-class
samples and hence achieve better performance under additional supervision on hard pixels.

Contrastive Self-Supervised Learning. Self-supervised representation learning is a subclass of
unsupervised learning, but with the critical distinction that it incorporates “inherent” supervision from
the input data itselfg8]. The primary aim of self-supervised representation learning is to enable the
model to learn the most useful representations from the large amount of unlabelled data for various
downstream tasks. Self-supervised learning typically relies on pretext tasks, including predictive
[69, 70, 71], contextual [72, 73], and generative [74] or reconstructive [75] tasks.

Among them, contrastive learning is considered as a popular approach for self-supervised repre-
sentation learning by pulling the representations of similar instances closer and representations of
dissimilar instances further apart in the learned feature spdcé?, 13, 14]. The past ve years have

seen tremendous progress related to CL in medical image segment&tiaf,[76, 48, 16, 17, 77],

and it becomes increasingly important to improve representation in label-scarcity scenarios. The
key idea in CL [L1, 12, 13, 14] is to learn representations from unlabeled data that obey similarity
constraints by pulling augmented views of the same samples closer in a representation space, and
pushing apart augmented views of different samples. This is typically achieved by encoding a view of
a data into a single global feature vector. Howevergiobal representatiois suf cient for simple

tasks like image classi cation, but does not necessarily achieve decent performance, especially for
more challenging dense prediction tasks. On the other hand, several wodksi®® contrastive



Figure 1:Pipeline overview.Our semi-supervised segmentation mdeebkes a 2D/3D medical
imagex as input and outputs the segmentation map and the representation map. We leverage
a simpli cation of MONA pipeline [L7] which is composed of two stages: (1) relational semi-
supervised pre-training: on labeled data, the student network is trained by the ground-truth labels with
the supervised lodsg,, while on unlabeled data, the student network takesitiggnenedindmined
embeddings from the EMA teacher for instance discriminatigg in the global and local manner,

(2) anatomical contrastive reconstruction ne-tuning: on labeled data, the student network is trained
by the ground-truth labels with the supervised Ibsg,; while on unlabeled data, the student network
takes the representation maps and pseudo labels from the EMA teacher to give more importance to
tail classL contrast €xploit the inter-instance relationsHipy,, and compute unsupervised ldsgsup

See Appendix M for details of the visualization loss landscapes.

learning [50, 23], aim at providing additional supervision to capturing intrinsic spatial structure
and ne-grained anatomical correspondence, while these methods may suffesifigsnimbalance
issues. Particularly, very recent workqg 17] for the rst time demonstrates the imbalancedness
phenomenon can be mitigated by performing contrastive learning yet lacking stability. By contrast, a
key motivation of our work is to bridge the connection between model robustness and label ef ciency,
which we believe is an important and under-explored area. We hence focus on variance-reduced
estimation in medical image segmentation, and show that certain variance-reduction techniques can
help provide more ef cient approaches or alternative solutions for handlitigpseissues, and
improving model robustness in terms of accuracy and stability. To the best of our knowledge, we
are the rst to provide a theoretical guarantee of robustness by using certain variance-reduction
techniques.

3 Methodology

In this section we set-up our semi-supervised medical segmentation problem, introduce key de nitions
and notations and formulate an approach to incorporate strati ed group theory. Then, we discuss
how our proposed ARCO can directly bake in two perspectives into deep neural networksddl)
robustness and (2)label ef ciency.

3.1 Preliminaries and setup

Problem De nition. In this paper, we consider the multi-class medical image segmentation problem.
Speci cally, given a medical image dataget; Y), we wish to automatically learn a segmentator,
which assigns each pixel to their correspondihgelass segmentation labels. Let us denotes the

input sample of thetudentandteachemetworksF ( ) 2, consisting of an encod& and a decoder

D, andF is parameterized by weightg and .

Background. Contrastive learning aims to learn effective representations by pulling semantically
close neighbors together and pushing apart other non-neighbfjrs Among various popular
contrastive learning frameworkBIONPRL7] is easy-to-implement while yielding the state-of-the-art
performance for semi-supervised medical image segmentation so far. The main &N

to discover diverse views.¢., augmented/mined views) whose anatomical feature responses are
homogeneouwithin the same or different occurrences of game class typeavhile at the same time
beingdistinctivefor different class types

The student and teacher networks both adopt th&JRBt[30] or 3D VNet[78] architectures.



Hereinafter, we are interested in showing that certain variance-reduction techniques coupled with CL
frameworks are particularly bene cial in long-tail pixel/voxel-level segmentation tasks with extremely
limited labels. We hence build o&kRC@s a simpli cation of theMONAipeline [L7], without
additional complex augmentation strategies, for derivinghioelel robustnessandlabel ef ciency
proprieties of our medical segmentation model. Figure 1 overviews the high-level work ow of the
proposedARC@amework. TrainingARC@volves a two-phase training procedure: (1) relational
semi-supervised pre-training, and (2) anatomical contrastive ne-tuning. To make the discussion
self-contained, we defer the full details ARC@ the appendix E.

3.2 Motivation and Challenges

Intuitively, the contrastive loss will learn generalizable, balanced and diverse representations for
downstream medical segmentation tasks if the positive and negative pairs correspond to the desired
latent anatomical classes( 16, 17]. Yet, one critical constraint in real-world clinical scenarios

is severememory bottleneckd 5, 16]. To address this issue, current pixel-level CL approaches
[16, 17] for high-resolution medical images devise their aggregation rulesnlitary simulators

i.e,, Naive SamplingNS), that determines the empirical estimate from all available pixels. Despite
the blessing of large learning capacity, such aggregation rulesnaeéable“black boxes”. It is

never well understood which rule existing CL models should use for imprmatel robustness
andlabel ef ciency; nor is it easy to compare different models and assess the model performance.
Moreover, unitary simulators, especially naive sampling, often incur high variances and fail to
identify semantically similar pixels2{], limiting CL stability. As demonstrated in Figure 3, regions

of similar anatomical features should be grouped together in the original medical images, resulting in
corresponding plateau regions in the visualization of the loss landscape. This is consistent with the
observations uncovered by the recent empirical ndings [79, 80].

If we take a uni ed mathematical per-
spective, the execution of simulation can
be represented either throughadaptive
rule, or by aunitary simulation. To tackle
the two critical issues, we look back at
adaptive rules. We hence propose two
straightforward yet effective techniques
— Strati ed Group (SG) and Strati ed-
Antithetic Group (SAG) — to mitigate the
Figure 2. Overview of three sampling methodandesirable high-variance limitation, and
(1) Naive Sampling, (2) Strati ed Group Sampling, angirn to the following idea of sampling the
(3) Strati ed-Antithetic Group Sampling. most representative pixels from groups
of semantically similar pixels. In particu-
lar, our proposed solution is based on strati ed group simulation to adaptively characterize anatomical
regions found on different medical images. This characterization is succinct, and regions with the
same anatomical properties within different medical images are identi ablpractice, we rst
partition the image with respect to different classes into grids with the same size, and then sampling,
within the same grid, the pixels semantically close to each other with high probability, with minimal
additional memory footprint (Figure 2).

In what follows, we will theoretically demonstrate the important properties of such technigues (

SG and SAG), especially in reduced variance and unbiasedness. Here the reduced variance implies
more robust gradient estimates in the backpropagation, and leads to faster and stabler training in
theory, as corroborated by our experiments (Section 4). Empirically, we will demonstrate many
practical bene ts of reduced variances including improved model robustines&ster convergence

and better segmentation quality, through mitigatingadbkapseissue.

3.3 Strati ed Group Sampling

To be consistent with the previous notation, we denote an arbitrary image from the given medical
image dataset as2 X , andP as the set of pixels. For arbitrary function X P! R, we de ne



Figure 3: Loss landscape visualization of pixel-wise contrastivellggsasiwith ARCO-SG&oss plots

are generated with same original images randomly chosen from AGLCLTS [82], MMWHS

[83], LA [84], and MP-MRI, respectivelyz-axis denotes the loss value at each pixel. For each
example of the ve benchmarks, the left subplot indicates that similar anatomical features are grouped
together in the original medical images, as shown by different anatomical regions in different colors.

the aggregation functioH * as: X
1
HX)= — h(x; p): (3.1)
JPJ p2P

As a large cardinality oP prevents ef cient direct computation &f, an immediate approach is to
computeH (x) by rst sam;P_Jing a subset of pixe® P according to certain sampling strategy, and
then computingt?(x; D)= ,p h(x;p)5Dj. SG sampling achieves this by rst decomposing the
pixels intoM disjoint groupsP,,, satisfying[ M_, P, = P, and then samplin,, P ., so that
D = [M_, Di. The SG sampling can then be written as:

1 X 1 X
] X;D)= — - -
sa(x; D) M JDmez

m=1

h(x;p):
Dm

SAG, built upon SG, adopts a similar form, except for an additionally enforced symmeby, on
8m; 9¢n 2P ; suchthatforanp 2 D,

Cn P=p° Cn;forsomep’2Dp:

Herec, denotes the center of the groBp,*. The implementation of SG and SAG involves two

steps: (1) to create groufR ,,gM_, , and (2) to generate eaEh, P . For the latter, we consider

independent sampling within and between groiyes,D, ? D o form 6 m® andp ? p°8 p,

p®2 D, where the variance of SG sampling is as follows.

Lemma 3.1. Suppose in SG sampling, for eath D, is sampled froni V\L_i,th sampling variance
2 and sample sizfDnj = ny. Then the variance satis e‘rzar[rbse] = M 2 nm=n, and

SAG with the same sample size satisves[Msag] 2 Var[®sg].

m=1

To ensure the unbiasedness property, we adopt the setting of proportional groupsi2ek [.e.,
iDmj/jP mj forall m. It turns out that such setting also enjoys the variance-reduction property.

Theorem 3.2(Unbiasedness and Variance of S&G with proportional group sizes is unbiased, and
has a variance no larger than that of NS. ThatIE[}bSG(x)] = H(x), and

X 2
Varsq = Var{ Bns] =~ Ey [P Eg OGP]
m=1

The last term is the intra-group variance, which captures the discrepancy between the pixel groups
fP mg¥_, . Theorem 3.2 guarantees that the variance of SG is no larger than that of NS, and SG

3The pixel-level contrastive lodscontrastiS an example of an aggregation function (up to normalizing constant)
according to Egn. (E.2).

“The choice ofr, is exible. For example, if the convex hull of the pixels By, form a circle, therc,, can
be taken as the geometric center.



has strictly less variance than NS as long as all the pixel groups do not share an equal mean over
h(x; p), which is almost-sure in medical images (See Figure 3). For SAG, Lemma 3.1 guarantees
its variance is of the same magnitude as that of SG, and at worst differs by a factor of 2. Since
the pixel/voxel-level contrastive lods.onirastiS @n aggregation function over pixels by de nition

(E.2), it bene ts from the variance-deduction property of SG/SAG. In Section 4.1, we will see that
such variance reduction allowldRC@ achieve better segmentation accuracy, especially along the
boundary of the anatomical regions (Figure 4).

Training Convergence. We further demonstrate the bene t of variance reduction estimation in terms
of training stability. Speci cally, leveraging techniques from standard optimization th&ayB, 89,
we can show that variance-reduced gradient estimator through SG sampling leads to faster training
convergence. Suppose we have a loss fundtipr) with the model parameter, and use stochastic
gradient descent (SGD) as the optimizer. A gradient estigade rL () is computed at each
iteration. It is well-known that the convergence of SGD depends on the quality of the eggimgate
[87]. Speci cally, we make the common assumptions that the loss function is smooth and the gradient
estimate has bounded variance (More details in Apperl]"ndix A.3), which can be formulated as below:
[

kik () rL (9, Lk  %,); E kg() rL ()K 2
Under these two assumptions, the average expected gradient norm of the learned parameter satis es
the following:

)J hk k2| 1 g
= E krL C —+ =
i ( t) 2 T T

For general non-convex Io&s function, the above implies convergence to some local minimum.

Importantly, the slow rate G= T) depends on standard deviatiog, indicating a faster convergence

can indeed be achieved with a more accurate gradient estimate. This indicates our proposed sampling
techniques demonstrate universality in variance reduction, as they can be applied to a wide range of
scenarios that involve pixel/voxel-level sampling (See Appendix A.3). In Figure 5, we observe that
using SG enables faster loss decay with smaller error bar, showing that it outperforms other methods
in both convergence speed and stability. See Section 4.2 and Appendix A.3 for more details.

4 Experiments

In this section, we present experimental results to validate our proposed methods across various
datasets and different label ratios in Appendix B. We useUlt[30] or 3D VNet[78] as our
backbones. Further implementation details are discussed in Appendix C.

4.1 Main Results

In this subsection, we rst examine whether our propo8&LC®@an generalize well across various
datasets and label ratios. Then, we investigate to what eXiG@oupled with two samplers can
realize two essential properties: (hpdel robustnessand (2)label ef ciency. The quantitative

results for all the compared methods on eight popular datasets: (1) Medical image segmentation
tasks: three 2D benchmarkiss(, ACDC [81], LiTS [82], MMWHS [83]), two 3D benchmarks.¢.,

LA [84], in-house MP-MRI) under various label ratidse(, 1%, 5%, 10%) are collected in Table

1, Table 5 (Appendix G), Table 6 (Appendix H), and Table 9 (Appendix | and J), respectively; (2)
General computer vision tasks: To further validate the effectiveness, we experiment on three popular
segmentation benchmarkse(, Cityscapes{7], Pascal VOC 201298], indoor scene segmentation
dataset — SUN RGB-D9F)]) in the semi-supervised full-label settings. We follow the identical setting
[10Q to sample labelled images to ensure that every class appears suf ciently in our three datasets,
(i.e., CityScapes, Pascal VOC, and SUN RGB-D). The results are collected in Appendix Section
K. Several consistent observations can be drawn from these extensive evaluations with eighteen
segmentation networks.

1 Superior Performance Across DatasetsWe demonstrate th#&RC@chieves superior perfor-
mance across all datasets and label ratios. In speci ¢, our experiments consider three 2D benchmarks

SCodes are available on here.



Table 1: Quantitative comparisons (DSC[%] ASD[voxel] #) across the three labeled ratio settings
(1%, 5%, 10%) on the ACDC benchmark. All experiments are conducte8itas(, 91, 92, 93,

8,94, 9,57, 95, 62, 50, 59, 96, 53, 16, 17] in the identical setting for fair comparisons. Best and
second-best results are colouit#de and red, respectivelYJNet-F (fully-supervided) andUNet-L
(semi-supervided) are considered as the upper bound and the lower bound for the performance
comparison. Note that, Right Ventricle RV, Myocardium! Myo, Left Ventricle! LV. We adopt

the identical data augmentatiore(, random rotation, random cropping, and horizontal ipping) for

fair comparisons.

ACDC
1 Labeled (1%) 3 Labeled (5%) 7 Labeled (10%)
Method Average RV Myo Lv Average RV Myo Lv Average RV Myo LV
UNet-F[30]  915/0.996 90.5/0.606 88.8/0.941 94.4/1.44 915/0.996 90.5/0.606 88.8/0.941 94.4/1.44 915/0.996 90.5/0.606 88.8/0.941 94.4/1.44
UNet-L 40.3/22.7 29.0/254 436/153 48.2/27.5 517/13.1 36.9/30.1 54.9/4.27 63.4/511 795273 659/0.892 829/2.70 89.6/4.60
EM90] 431/18.1 38.7/23.1 420/12.0 487/19.4 59.8/564 44.2/11.1 632/3.23 719257 757/273 68000892 76.52.70 82.7/4.60
ccToi) 48.6/19.2 38.7/280 49.2/148 57.9/17.0 59.1/10.1 44.6/19.8 63.2/6.04 69.4/432 759/3.60 67.2/2.90 77.5/3.32  82.9/4.59
DAN92] 48.9/175 454/19.7 41.0/888 60.4/238 56.4/15.1 47.1/21.7 581/11.6 63.9/11.9 765301 75.7/261 73.3/3.11 80.5/3.31
URP(57] 430/21.1 386/22.8 41.7/144 48.6/260 58.9/8.14 50.1/12.6 60.8/4.10 658/7.71 83.1/1.68 77.0/0.7425082.290.1/3.79
DTq9] 51.7/17.5 39.3/23.3 54.6/9.12 61.3/20.2 56.9/7.59 35.1/9.17 62.9/6.0L 72.7/7.59 84.3/4.04 83.8/372 83.5/4.63 85.6/3.77
DCT93] 49.7/16.4 424204  48.8/10.6 57.9/18.2 58.5/10.8 41.2/21.4 63.9/5.01 705/6.05 78.1/264 70.7/L75 77.7/2.90 85.8/3.26
ICT [95] 42.1/21.0 365185 43.4/111 46.3/335 59.0/659 48.8/11.4 614/459 66.6/3.83 80.6/1.64 751/0.898 80.2/1.53  86.6/2.48
MT[59] 42.9/151 325219 46.2/899 50.1/147 58.3/112 39.0215 58.7/7.47 77.3/472 80.1/233 752/122 79.2/2.32  86.0/3.45
UAMTE] 36.9/152 325219 46.2/899 50.1/14.7 48.3/9.14 37.6/189 50.1/427 57.3/417 81.8/404 79.9/273 80.1/3.32  85.4/6.07
SASSNef94]  42.6/24.8 29.8/347 45.4/13.3 525266 57.8/6.36 47.9/11.7 59.7/451 658/2.87 84.7/1.83 81.8/0.769 82.9/1.73  89.4/2.99
CPg62] 515153 411/17.7 520/7.27 61.4/21.0 61.0/292 43.8/2.95 645/2.84 74.82.95 78.8/341 74.0/195 78.1/3.11 845/5.18
GCL[50] 59.7/143 495/253 60.9/6.28 68.8/11.5 70.6/224 56.5/1.99 70.7/1.67  84.8/3.05 0.BL0/86.90.584 81.8/0.820 92.5/0.849
MC-Net[96] ~ 53.4/17.17 43.0/25.3 51.2/7.41 60.8/15.11 62.8/259 52.7/514 62.6/0.807 73.1/1.81 86.5/1.89 85.1/0.745 84.0/212 90.3/2.81
SS-Net[53] 63.4/2.94 64.7/332 57.0/181 684/370 658/228 575391 657/2.02 74.2/0.896 86.8/1.40 85.4/119 84.3/1.44  90.6/1.57
ACTIONL16] 81.0/3.45 76.9/3.09 78.4/2.07 875517 86.6/120 85.2/0.734 84.7/0.909 89.8/1.97 87.2/1.47 86.1/0.976 85.7/1.11  89.7/2.33
MONRL7] 82.6/1.43 80.2/1.57 79.9/1.10 87.8/143 86.9/L.07 84.7/L.01 85.4/0.731 90.6/1.48 87.7/1.33 86.9/0.687 85.7/L.70  90.5/2.14

ARCO-SA@urs) 84.9/1.47 81.7/1.98 81.9/0.903 90.91.52 87.1/0.848 85.60.414 85.1/0.930 90.64.20 88.5/1.40 87.1/0.635 86.2/1.04 92.2/2.53
ARCO-S(@urs) 85.50.947 81.81.19 83.80.801 90.90.853 88.70.841 88.20.618 85.90.673 91.91.23 89.40.776 90.20.701 86.50.787 91.60.839

Figure 4: Visual results on ACDC with 1%, 5%, 10% label ratidRC@onsistently produce more
accurate predictions on anatomical regions and boundaries compared to all other SSL methods.

(i.e, ACDC [81], LiTS [82], MMWHS [83]), two 3D benchmarksie., LA [84], in-house MP-MRI),

and different label ratiod.€., 1%, 5%, 10%). As shown in Table 1, Table 5 (Appendix G), Table 6
(Appendix H), and Table 9 (Appendix | and J), we observe that our methods consistently outperform
all the compared SSL-based methods by a considerable margin across all datasets and label ratios,
which validates the superior performance of our proposed methods in both segmentation accuracy
and label ef ciency. For example, compared to the second¥&our ARCO-SGnder {1%,

5%, 10%} label ratios achieves {2.9%1.8%', 1.7%¢'}, {3.3%", 1.8%', 1.8%'}, {4.1%", 2.0%',

1.8%'}, {0.3%", 0.3%', 0.5%'}, {2.2%", 0.8%', 0.49'} in average Dice across ACDC, LiTS,

and MMWHS, MP-MRI, and LA, respectively. O#RCO-SA&hieves {84.9%, 87.1%, 88.5%},
{64.1%, 67.3%, 69.4%]}, {86.1%, 88.6%, 89.3%]}, {91.5%, 92.5%, 92.6%}, {73.2%, 86.9%, 89.1%}

in averaged Dice across ACDC, LiTS, MMWHS, MP-MRI, and LA. These results indicate that our
methods can generalize to different clinical scenarios and label ratios.

Across Label Ratios and Robusti ed Methods.To further validate the label ef ciency property
of our ARCQwe evaluate o UARCO-S@ndARCO-SA®@Ith limited labeled training data available
(e.g, 1% and 5%). As demonstrated in Table 1, Table 5 (Appendix G), Table 6 (Appendix H), and
Table 9 (Appendix | and J), our models under 5% label ratios surpass all the compared SSL methods
by a signi cant performance margin. For example, comparadd@\Ave observe our methods to



Table 2: Ablation on component aspect: (1) Table 3: Ablation on loss function: (1) unsu-

tailnessl contrasi (2) diversityL np. pervised losd/nsup (2) global instance dis-
Method DSC[%]  ASD[voxel}# crimination lossl 2% and (3) local instance
Vanilla 293 711 discrimination losd/!9%a'.
ARCO-SA@urs) 84.9 1.47 Method |  DSC[%]' ASDI[voxell#
w/o tailness-SAG 60.9 4.11
AINES ARCO-SA@LUrs) 84.9 1.47
w/o diversity 78.6 1.68 WIO L unsup 81.2 1.87
ARCO-S@®urs) 85.5 0.947 wio L 9o 84.0 2.64
wio tailness-SG 60.9 4.11 wio Lo 83.3 2.63
wi/o diversity 79.3 1.26 ARCO-S@urs) 855 0.947
ARCO-NS 82.6 1.43 W/0 L ynsup 81.9 1.04
wi/o tailness-NS 60.9 4.11 wio L 9o 84.1 2.10
wio diversity 75.2 2.07 wio LIo¢ 83.8 211

push the best segmentation accuracy higher by 0.299% in Dice on ACDC, LiTS, and MMWHS,
MP-MRI, and LA, respectively. For example, the best segmentation accuracy on MMWHS rises
from 87.3% to 89.3%. This suggests that our SSL-based approaches — without compromising the
best achievable segmentation results — robustly improve performance using very limited labels, and
further lead to a much-improved trade-off between SSL schemes and supervised learning schemes by
avoiding a large amount of labeled data.

Similar to our results under 5% label ratio, AMRCO-SBNdARCO-SAGined with 1% label ratio
demonstrate suf cient performance boost compared@NBy an especially signi cant margin, with
up to 0.3% 4.1% relative improvement in Dice. Taking the extremely limited label ratg (%)

as an indicator: (1) on 3D LAARCO-Sé&chieves 2.% higher average Dice, and 6.64 lower average
ASD than the second beStONA2) on LiTS,ARCO-Séchieves 3.% higher average Dice, and 4.7
lower average ASD than the second bd€NAand (3) considering the more challenging clinical
scenariosi(e., 7 anatomical classeARCO-Sé&chieves 5.1% higher average Dice, and 2.26 lower
average ASD than the second-beEDN&n MMWHS. It highlights the superior performanceAiRCO

is not only from improved label ef ciency but also credits to the superior model robustness.

, Qualitative Results. We provide qualitative illustrations of ACDC, LiTS, MMWHS, LA, MP-MRI

in Figure 4, Figure 6 (Appendix G), Figure 7 (Appendix H), Figure 8 (Appendix I), and Figure

9 (Appendix J), respectively. As shown in Figure 4, we observe AREE@ppears a signi cant
advantage, where the edges and the boundaries of different anatomical regions are clearly more
pronounced, such as RV and Myo regions. More interestingly, we found that in Figure 6, though all
methods may confuse ambiguous tail-class samples such as small |I8R@13; SBndARCO-SAG

still produces consistently sharp and accurate object boundaries compared to the current approaches.
We also observe similar results BRCOn MMWHS in Figure 7 (Appendix H), where our approaches

can regularize the segmentation results to be smooth and shape-consistent. Our ndings suggest that
ARC@nproves model robustness mainly through distinguishing the minority tail-class samples.

4.2 Ablation Studies

In this subsection, we conduct various ablations to better understand our design choices. For all the
ablation experiments the models are trained on ACDC with 1% labeled ratio.

Importance of Loss Components. We analyse several critical components of our method in the nal
performance and conduct comprehensive ablation studies on the ACDC dataset with a 1% label ratio
to validate their necessitfirst, at the heart of our method is the combination of three lodsggirast

for tailness andL , for diversity(See Section 3 for more details). We deactivate each component and
then evaluate the resulting models, as shown in Table 2. As is shown, global contrastlvg loss

and nearest neighbor lokg, can boost performance by a large margin. Moreover, incorporating
our methodsi(e., SG and SAG) consistently achieve superior model robustness gains compared
to naive samplingif., NS), both of which suggests the importance of these comporgetsnd

we compare the impact of different loss functiang, unsupervised loss(nsyp global instance

discrimination loss/°"® and local instance discrimination los&E2). As shown in Table 3, using

each loss function consistently achieves signi cant performance gains, which demonstrates positive
contribution of each component to performance gains.



Figure 5: Visualization of training trajectories given bygnirastVs. epochs on ACDC under 10%

label ratio. The proposelRC®& compared in terms of different sampling methods: Naive Sampling
(NS), Strati ed Group (SG) Sampling, and Strati ed-Antithetic Group (SAG) Sampling. The solid

line and shaded area of each sampling method denote the mean and variance of test accuracies over 3
independent trials. Clearly, we observe SG sampling consistently outperforms the other sampling
methods in convergence speed and training stability. SAG slightly outperforms NS.

Importance of Augmentation Components. We further investigate the impact of data augmentation

on the ACDC dataset with a 1% label ratio. As is shown in Table 4 (in Appendix), employing each data
augmentation strategy consistently results in notable performance improvements, underscoring the
ef cacy of these data augmentations. Of NG CO-SABRCO-SGsing all three augmentations and
ARCO-SASRCO-SGsing no augmentation are considered as the upper bound and the lower bound
for the performance comparison. These results show that each augmentation strategy systematically
boosts performance by a large margin, which suggests improved robustness.

Stability Analyses. In Figure 5, we show the stability analysis resultsARRC@ver different
sampling methods. As we can see, our SG and SAG sampling facilitates convergence during the
training. More importantly, SG sampling has stable performance with small standard derivations,
which aligns with our hypothesis that our proposed sampling method can be viewed as the form of
variance regularization. Moreover, loss landscape visualization of different loss functions (Figure 3)
reveals similar conclusions.

Extra Study. More investigations about (1) generalization across label ratios and frameworks in
Appendix L; (2) nal checkpoint loss landscapes in Appendix M; (3) ablation on different training
settings are in Appendix N.

5 Conclusion and Discussion of Broader Impact

In this paper, we propos®#RCCa new semi-supervised contrastive learning framework for improved
model robustness and label ef ciency in medical image segmentation. Speci cally, we propose two
practical solutions via strati ed group theory that correct for the variance introduced by the common
sampling practice, and achieve signi cant performance bene ts. Our theoretical ndings indicate
Strati ed Group and Strati ed-Antithetic Group Sampling provide practical means for improving
variance reduction. It presents a curated and easily adaptable training toolkit for training deep
networks that generalize well beyond training data in those long-tail clinical scenarios. Moreover,
our sampling techniques can provide pragmatic solutions for enhancing variance reduction, thereby
fostering their application in a wide array of real-world applications and sectors. These include but are
not limited to 3D rendering, augmented reality, virtual reality, trajectory prediction, and autonomous
driving. We hope this study could be a stepping stone towards by quantifying the limitation of current
self-supervision objectives for accomplishing such challenging safety-critical tasks.

Broader Impact. Defending machine learning models against inevitable variance will have the great
potential to build more reliable and trustworthy clinical Al. Our ndings show that the strati ed group
theory can provide practical means for improving variance reduction, leading to realistic deployments
in a large variety of real-world clinical applications. Besides, we should address the challenges of
fairness or privacy in the medical image analysis domain as our future research direction.
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Appendix to
Rethinking Semi-Supervised Medical Image Segmentation:
A Variance-Reduction Perspective

Sec. A provides additional theoretical analysis.

Sec. B provides additional details on the training datasets.

Sec. C provides additional details on the implementation.

Sec. D provides details on 2D/3D methods in comparision.

Sec. E provides additional framework details.

Sec. F provides model architecture details.

Sec. G provides more experimental results on the 2D LiTS [82] dataset.
Sec. H provides more experimental results on the 2D MMWHS [83] dataset.
Sec. | provides more experimental results on the 3D LA [84] dataset.

Sec. J provides more experimental results on the 3D MP-MRI dataset.

Sec. K provides more experimental results on three semantic segmentation benchmarks (Cityscapes
[97], Pascal VOC 2012 [98], SUN RGB-D [99]).

Sec. L forms a better understanding of generalization across label ratios and frameworks.
Sec. M provides nal checkpoint loss landscapes.
Sec. N provides additional details on the hyperparameter selection.

A Theoretical Results Details

A.1 Proof of Lemma 3.1

Proof. By de nition of the estimatel?, since the sampling from each group is independent, the
variance can be written as

Var[Bsg] = nflz XX A
m=1 p2D n,
SincejDnj = np, it follows that
Var[rtP = %—?‘“
SG] - - n2 Nm

Note that 2, is the variance of tha(x; p) wherep P, uniformly.

Analysis of SAG.We now consider SAG. Recall that, compared to SG, SAG rst samples?
pixels fromP,,® from eachm = 1; ;M in the same way as SG. SAG then deterministically
picks the resh,, =2 pixels to be the re ection pixels of the rst half (see Figure 2(3)). Let's
choose arbitrary groum and denote by andp® the sampled pixel and its re ection from that
group. Note that the variance pfsatis esVarsac[h(x;p)] = 2, sincep is sampled in a same
way as in the case of SG. Observe that, by symmetry, the varianarafp® should be the same
Varsaclh(x; p)] = Var sac[h(x;p)] = 2. It follows that:

Varsac[h(x; p) + h(x;pO]
= Var sac[h(x; p)] + Var saglh(x; 9] + 2 Covsaclh(x; p); h(x; p9]
4 2;

SFor simplicity, we ignore the rounding issue.
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where the second step holds because the correlation betegn) andh(x; pY) is at most 1. It

follows that: 2 3
M oip 2 X
Var[@sag] = J'.DPWJZ .Dl.z vard " h(x:p)5
m=1 1717 1Pml p2D m
nz 1 X

= B Varfh(x;p)+ h(x:p)]

3
I
s

2
n, 1 nm, ,

2 n2 m
mey N2 NG 2
X 2Nm 5

m

A.2 Proof of Theorem 3.2

Proof of Theorem 3.2Denotewr, = ny, =n, wheren,, = jDj. The unbiasedness is straightfor-
ward: by proportional sampling, the probability that an arbitrary pixel in gi@gpbeing chosen is
equal tojD m j5jPmj. SincejDmj = jPmj, the probability of being chosen is equal across all pixels,
and hence an arbitrary pixpl2 D = [ , Dny is equally likely to be any pixel in the populati¢h

As a result, we have

2 3
X
EMse(x;D)]= E4  h(x;p)5Dj> = Ep[h(x;p)]
p2D
= Hx);

where the rst equality is by the construction I@fse(x; D), the second equality is by symmetry of
p 2 D, and the last inequality is by the above conclusion ghiatequally possible to be any pixel in

P. This nishes the proof thafsg is unbiased.

The variance ofsg is equal to

where 2 is the variance of thé(x;p) whenp D p, uniformly. Under the case of proportional

sampling, i.e.nym / D qjforallm =1; ;M (for simplicity we assume suchy,'s are all
integers), the variance becomes
W n)2 2 b 2
Var[Msg] = Wm n)* & = Wi ?m;

nZ wy N

m=1 m=1

We now consider NS (i.e. naive sampling). By de nition, the random sampling samples pixels
uniformly from the seP of all pixels. Sincen is the total number of pixels sampled, the variance of
the Bys is given as\/ar[rsz] = 2=pwhere ? is the sampling variance if{x; p) givenp P
uniformly. To determine 2, we apply a variance decomposition trick via conditioning. Speci cally,
the sampling from NS is a two-step process: (1) sample the group mdeaxm [M ], (2) sample the
pixel uniformly fromPy, . Applying the law of total variance, we have

var g [h(x;p)]

= E[Var[h(x; p)ljp 2 Pm]+ Var[ E[h(X; p)jp 2 P ]]

b ) b 2
= Wo ht Eg [OGP] Ew OGP]
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As a result, we conclude that, for any imagethe sampling variance of SG estimate and NS estimate
satis es

Var[fys] = Var[ Bsg]

o B OGP Ep D0GPD

which nishes the proof. O

A.3 Further Details on Convergence

We rst make the following assumptions about the loss function and the gradient estimate in our
learning problem.

Assumption A.1(Smoothness) The objective functioh () is L-smooth, i.e.L is differentiable and
kik () rL ( 9k, L(k %,) forall , %inthe domain ofL .

Assumption A.2 (Bounded variance)There exists some§ > 0 such that for all in the domain,
i

E kg( ) rL ()K? 2:

These assumptions are standard in optimization theory and in various se#fings,[89). The rst
assumption allows us to characterize the loss landscape of our learning problem, and the second
assumption ensures the gradient estimate does not deviate largely from the truth, which is essential

for the training to converge. With these two assumptions, it is guaranteed that
1 X _h N 1
= E krL k cC =+
T t=1 ( ) ? T

g
PT

n 0
Proposition 1. Suppose the step sizes in SGD are taken tmipe 1=L; = ( gp T) whereT is

the number of steps. Then under Assumption A.1 and A.2, there exists some c@mEpanding on
L, ,andL, such that
1 X h N 1
— E krL k —+
T . L (ks C T

g
P

Proposition 1 shows that, in expectation, the convergence rate of the average gradient norm consists
of a fast ratel=T and a slow rate = T, with the slow rate being the dominant term. Importantly,

the slow rate depends on the variance of the gradient estimate. This suggests that a variance reduced
gradient estimate allows SGD to reach an approximate local minimum with less iterations, leading to
faster convergence of the training loss. This intuition is corroborated by Fig. 5, where we directly
visualize the training trajectory of contrastive loss versus epoch for three sampling methods. We
observe that SG features a faster loss decay and a narrower error bar, showing that it outperforms
other methods in both the convergence speed and the stability. Furthermore, Proposition 1 indicates
that our proposed sampling techniques are universal, since it applies to all scenarios as long as the
mild assumptions A.1 and A.2 are satis ed. In other words, when it comes to scenarios that involve
pixel/voxel-level sampling on 2D/3D images, utilizing SG/SAG instead of naive sampling can lead to
enhanced stability and decreased variance.

B Datasets

Our experiments are conducted on ve 2D/3D representative datasets in semi-supervised medical
image segmentation literature, including 2D benchmarks ACDC [81]], LiTS [82], and MMWHS
[83]) and 3D benchmarks.€., LA [84] and in-house MP-MRI).

» The ACDC datasetwas collected from MICCAI 2017 ACDC challeng@l], consisting

of 200 3D cardiac cine MRI scans with 3 classes — left ventricle (LV), myocardium (Myo),
and right ventricle (RV). Followingq3, 9, 10], we utilize 120, 40, and 40 scans for training,
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validation, and testing. Note that 1%, 5%, and 10% label ratios are the ratio of patients.
The splitting details are in the supplementary material. For pre-processing, we normalize
the intensity of each 3D scan inf0; 1] by using min-max normalization, and re-sample
images and segmentation map2&6 256 pixels.

» The LiTS datasetwas collected from MICCAI 2017 Liver Tumor Segmentation Challenge
[82], consisting of 131 contrast-enhanced 3D abdominal CT volumes with 2 classes — liver
and tumor. Note that 1%, 5%, and 10% label ratios are the ratio of patients. We utilize
100 and 31 scans for training and testing, with random order. The splitting details are in
the supplementary material. For pre-processing, we follow the settirid loy ffruncating
the intensity of each 3D scan info 200, 250]HU for removing irrelevant and redundant
features, normalizing each 3D scan ifipl], and re-sample images and segmentation maps
to 256 256 pixels.

» The MMWHS dataset was collected from MICCAI 2017 challeng&d], consisting of 20
3D cardiac MRI scans with 7 classes — left ventricle (LV), left atrium (LA), right ventricle
(RV), right atrium (RA), myocardium (Myo), ascending aorta (AA0), and pulmonary artery
(PA). Note that 1%, 5%, and 10% label ratios are based on the ratio of patients. Following
[17], we utilize 15 and 5 scans for training and testing. The splitting details are in the
supplementary material. For pre-processing, we normalize the intensity of each 3D scan
into [0; 1] by using min-max normalization, and re-sample images and segmentation maps
to 256 256pixels.

» The LA dataset[84] was a representative 3D benchmark, consisting of 100 gadolinium-
enhanced MRI scans with one class — left atrium (LA), with an isotropic resolution of
0:625 0:625 0:625mme. Note that 1%, 5%, and 10% label ratios are the ratio of patients.
The xed split (.e., 5%, and 10% )§, 53] uses 80 and 20 scans for training and testirand
1% label ratio is randomly split. The splitting details are in the supplementary material. For
pre-processing, we crop all the scans at the heart region, normalize the intensities of each 3D
scan intd0; 1], and randomly crop all the training sub-volumes ibi® 112 80mn?.

» The Multi-phasic MRI (MP-MRI) dataset was an in-house 3D dataset, consisting of
160 multi-phasic MRI scans with one class — liver, each of which includes T1 weighted
DCE-MRI images at three-time pointisq, pre-contrast, arterial phase, and venous phases).
Three images are mutually registered to the arterial phase images, with an isotropic voxel
size 0f1:00 1:00 1:00mm?. The dataset is randomly divided into 100 scans for training,
40 for validation, and 20 for testing. Note that 1%, 5%, and 10% label ratios are the ratio
of patients. The splitting details are in the supplementary material. For pre-processing, we
normalize the intensity of each 3D scan ifi@pl] by using min-max normalization, and
re-sample images and segmentation ma@bth 256 pixels.

C Implementation Details

In our experiments, all of our evaluated methods have been trained using similar settings for simplicity
in reproducing our results. All experiments are conducted with PyTdret] pn an NVIDIA RTX

3090 Ti. We adopt an SGD optimizer with momentum 0.9 and weight d&@a§. The initial
learning rate is set to 0.01. We use the @Net[30] or 3D VNet[78] backbones as the segmentation
network under different labeled ratio settinge( 1%, 5%, 10% labeled ratios). Following 7],

we adopt the feature pyramid netwoiKRN [102] architecture as the representation headvith a
separate 512-dimension output layer. The momentum hyperparameter is set to 0.99.

For pre-training, the networks are trained for 100 epochs with a batch size of 6. We applintee

views withd=5, following [17]. As for ne-tuning, the networks are trained for 200 epochs with a
batch size of 8. The learning rate decays by a factor of 10 every 2500 iterations during the training.
We apply the temperature with=0:01, $=0:1, and =0:5, respectively. The size of the memory

bank is set to 36. For the CL training, we use the implementation ffiofrgind leave all parameters

on their default setting®.g, we apply the hyperparameters with=0:01, ,=1:0,and 3=1:0.

For other hyper-parameters in all the evaluated methods, we adopt the suggested settings in the
original papers because they are not of direct interest to us.

https://github.com/HiLab-git/'SSL4MIS/tree/master/data/ACDC
8https://github.com/ycwu1997/SS-Net/tree/main/data/LA
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Table 4: Ablation on data augmentation strategies: (1) random rotation; (2) random cropping; and
(3) horizontal ipping, compared to our methods with two settings.(w/ no augmentation and w/

all three augmentation). Note that we use the identical data augmentation strdtegiem@om
rotation, random cropping, and horizontal ipping), &9[90, 91, 92, 93, 8, 94, 9, 57, 95, 62, 50,

59, 96, 53, 16, 17] for fair comparisons.

Method | DSC[%] ASD[voxell#
ARCO-SA@urs) 84.9 1.47
w/o random rotation 84.1 2.87
w/o random cropping 84.4 3.47
w/o horizontal ipping 73.7 6.70
w/ no augmentation 70.8 9.83
ARCO-S(@urs) 85.5 0.947
w/o random rotation 83.8 3.27
w/o random cropping 84.6 1.62
w/o horizontal ipping 78.8 4.15
w/ no augmentation 76.2 7.74

For 2D medical segmentation, we follow the same data augmentatiofig fo theteachels input

and thestudent input, respectively. The augmentations include random rotation, random cropping,
and horizontal ipping. For 3D medical segmentation, we follow the same data augmentations
[8, 9, 96, 53] to theteachels input and thestudens input, respectively. The augmentations include
random rotation and random ipping. We evaluate our methods on 3D segmentation results with two
classical metrics: (1) Dice coef cient (DSC) and (2) Average Symmetric Surface Distance (ASD).
Note that, for all the evaluated methods, we make no additional modi cations during the training
process for fair evaluations. We run all our experiments in the same environments with xed random
seeds (Hardware: Single NVIDIA GeForce RTX 3090 GPU; Software: PyTorch 1.10.2+cul113, and
Python 3.8.11).

D 2D/3D Methods in Comparison

2D Medical Segmentation For experiments, we use 2DNet[30] as backbone, and compad&kCO
with previous state-of-the-art medical segmentation methodsBg&gline(i.e., UNet-F/UNet-L
[30)) using both fully-supervised and limited-supervised settings; an8 &2)}basedEM 90], CCT
[91], DAN92], URP(C57], DT9], DCT93], ICT [95], MT[59], UAMT8], SASSNef94], CPF62],
GCL50], MC-Net[96], SS-Net[53], ACTION16], and MONPJL7]. Note that among all the above
evaluated methods, several methods use a contrastive objective, ind@ifig0], SS-Net [53],
ACTION16], andMONRL.7].

3D Medical Segmentation For experiments, we use 3Net[78] as backbone, and compad&kCO
with previous state-of-the-art medical segmentation methodsB4&gline(i.e., VNet-F/VNet-L
[78]) using both fully-supervised and limited-supervised settings; an8 &2)}basedEM 90], CCT
[91], DAN92], URP(C57], DT9], DCT93], ICT [95], MT[59], UAMT8], SASSNef94], CPF62],
GCL[50], MC-Net[96], SS-Net[53], ACTION16], and MONPL7]. Note that among all the above
evaluated methods, several methods use a contrastive objective, ind@ifig0], SS-Net [53],
ACTION16], andMONR.7].

E Framework Overview

In the following, we provide a concise overview ARC{consisting of two training phases: (1)
relational semi-supervised pre-training, and (2) anatomical contrastive ne-tuning. Note that, in this
paper, sampling strategies in pixel-level CL framework are of direct interest, so we use a simpli cation
of MONM 7] without using any additional complicated augmentation strategies.

(1) Relational Semi-Supervised Pretraining. Given an unlabeled samplaRC@as two ways to
de ne augmentedndminedviews: (1)ARC@ugments the samples to beandx? asaugmented
views, with two separate data augmentation operators; anfRZ@andomly sampled mined
views (.e., x3) from the unlabeled dataset with additional augmentation. The palx? are
then processed bifs; F], and in a similar way? is processed b¥; (See Figure 1(a) in main
paper), outputting three global featurdg'; h?; h® afterE and their local features*; f2;f3 after
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Table 5: Quantitative comparisons (DSC[%] ASD[voxel] #) across the three labeled ratio settings
(1%, 5%, 10%) on the LiTS benchmark. All experiments are conducte@llas(, 91, 92, 93, 8,

94, 9, 57, 95, 62, 50, 59, 96, 53, 16, 17] in the identical setting for fair comparisons. Best and
second-best results are colouit#de and red, respectivelYJNet-F (fully-supervided) andUNet-L
(semi-supervided) are considered as the upper bound and the lower bound for the performance
comparison. Please refer to the text for discussion. We adopt the identical data augmeirgation (
random rotation, random cropping, and horizontal ipping) for fair comparisons.

LiTS
1% Labeled 5% Labeled 10% Labeled
Method Average Liver Lesion Average Liver Lesion Average Liver Lesion
UNet-F [30] 68.2/16.9 90.6/8.14 45.8/25.6 68.2/16.9 90.6/8.14 45.8/25.6 68.2/16.9 90.6/8.14 45.8/25.6
UNet-L 50.8/30.4 76.5/15.2 25.0/45.6 63.4/30.4 90.5/9.84 36.4/50.9 64.6/28.3 88.4/18.6 40.9/37.9
EM90] 56.6/38.4 86.4/26.3 26.9/50.5 61.2/33.3 87.6/9.47 34.7/57.1 62.9/38.5 87.4/21.3 38.3/55.7
CCT91] 52.4/52.3 79.1/42.0 25.7/62.6 61.4/26.1 84.6/12.3 38.2/39.9 63.4/23.0 88.8/7.64 38.0/38.5
DAN92] 57.1/28.3 84.5/19.2 29.6/37.4 62.3/25.8 88.6/9.64 36.1/42.1 63.2/30.7 87.3/15.4 39.1/46.1
URP(57] 55.5/34.6 83.0/27.3 28.0/42.0 60.9/21.4 85.5/8.11 36.3/34.6 62.5/24.8 84.9/12.9 40.1/36.7
DTd9] 39.3/37.5 68.1/10.7 10.5/64.3 59.2/18.6 85.0/7.54 33.3/29.7 62.5/24.8 84.9/12.9 40.1/36.7
DCT93] 57.7/38.5 87.0/22.4 28.3/54.6 60.8/34.4 89.2/12.6 32.5/56.2 61.9/31.7 86.2/19.3 37.5/44.1
ICT [95] 58.3/32.2 86.5/22.8 30.1/41.5 60.1/39.1 86.8/12.6 33.3/65.6 62.5/32.4 88.1/16.7 36.9/48.2
MT[59] 54.7/24.7 83.1/10.2 26.3/39.1 60.9/23.7 88.34 34.4/41.1 62.3/23.7 88.5/9.32 36.1/38.1
UAMT8] 55.5/34.6 83.0/27.3 28.0/42.0 61.5/24.7 84.5/10.6 38.6/38.8 62.9/23.6 87.4/7.78 38.4/39.6
SASSNefo4] 39.6/42.7 69.0/14.7 10.3/7.06 60.4/25.3 86.1/11.6 34.7/39.0 62.4/21.1 86.4/8.31 38.3/33.9
CPg62] 57.7/39.6  87.0/22.4 28.3/54.6 59.5/26.3 84.0/9.01 34.9/43.5 62.1/30.8 88.6/18.3 35.6/43.3
GCL50] 59.3/29.5 88.6/14.2 30.0/44.9 63.3/20.1 90.7/9.46 35.9/30.8 65.0/37.2 91.3/10.0 38.7/64.3

MC-Net[96] 60.9/32.1 87.1/17.8 34.8/46.5 61.6/19.8 86.3/8.21 36.9/31.4 63.4/29.9 89.0/13.1 38.0/46.8
SS-Net [53] 55.0/35.9 89.6/19.8 20.5/51.9 59.1/24.6 87.5/11.2 30.6/38.1 63.4/19.8 91.1/7.33 35.8/32.2
ACTION16] 61.0/24.5 89.8/16.9 32.2/32.3 66.3/23.6 93.0/6.41 39.5/40.8 67.2/20.4 92.8/5.08 41.6/35.8
MONR7] 62.2/24.9 91.3/13.9 34.0/35.9 66.6/16.6 93.1/7.74 40.1/25.4 68.3/18.0 93.4/8.88 43.3/27.0
ARCO-SA@urs) 64.1/20.6 91.5/7.63 36.883.5 67.3/13.2 93.0/7.10 41.7/19.3 69.4/14.9 93.3/7.60 45.5/22.2
ARCO-S@®urs) 65.520.2 92.55.59 38.434.7 68.411.3 93.76.63 43.016.0 70.1/13.5 94.15.01 46.122.1

Figure 6: Visual results on LiTS with 1%, 5%, 10% label ratios. As is Sh&\RCO-SEndARCO-SAG
consistently produce more accurate predictions on anatomical regions and boundaries compared to
all other SSL methods.

D. These features are fed to the two-layer non-linear projectors for outputting global and local
embeddings 4 andv.

To alleviate thecollapseissues P26, 27, 16], we make the architecture asymmetric betweersthdent

andteachemipeline by further feeding both the global and local embeddingdth respect to the

studentoranch into the non-linear predictor, producingn both global and local mannetsAfter

passing through the nonlinear projectors and predictor, the relational similarities betuwgreented

and minedembeddings are computed using the softmax transform, which can be formulated as:
3 _

exp sim wl;v S exp sim w?;v® =

us = loge ; where ¢ and ; are different

; Uy = loge

N, expsimwlivd =g N_,expsim w2vE =
temperature parameters. The unsupervised instance discrimination.éqsKullback-Leibler

divergence&KL ) can be de ned as:

Linst = KL (Usjjut): (E.1)

We omit details of local instance discrimination setting for simplicity in following contexts.
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The parameters of theachemodel are the exponential moving average (EMA) ofshelenimodel
parameters that are updated by the stochastic gradient descent. For pretraining, the entire loss consists
of the global and local instance discrimination loss, and supervised segmentatibg pé., equal

combination of Dice loss and cross-entropy logs), L = L%+ Llocal+ |,

(2) Anatomical Contrastive Finetuning (ACF). We use the pre-trained network weights as the
initialization for subsequent ne-tuning (See Figure 1(b) in Main Paper). For semi-supervised training,
we follow two principles described irL[] 1°: (1) tailness giving more importance to tail class hard
pixels; and (2)diversity. ensuring anatomical diversity in the set of different sampled images.

Following the abovementioned principles, we employ a two-step routineTailjess we rst
perform anatomical contrastive formulation. Speci cally, we additionally attach the representation
head |, and generate a highardimensional dense representation with the same spatial resolution
as the input image. A pixel-level contrastive loss is designed to pull qugfER to be similar to
the positive keys, 2R, and push apart the negative keys2R . The semi-supervised contrastive
lossL ¢ontrastiS de ned as:

X X explrg e =)

L contrast= log T
ci+ _ N\
c2CrqR ¢ exp(rq ry =)+ | g c®XP(q =)

(E.2)

whereC is a set including all available classes in the current mini-batch, aisda temperature
hyperparameter. We refer Rf; R¢; rﬁ;+ as a query set including all representations within this
classc, a negative key set including all representations whose labels is not ircckass the positive
key which is thec-class mean representation, respectively. Congtdisra set including all pixel
coordinates with the same resolutionRgthese queries and keys are then de ned as:
[ [ : 1 X

RE=  1yp1=9rsp Re= Uy 189rgire = RS rq: (B3

[ij 12A [ij 12A P rg2r g
(2) Diversity. we leverage the rst-in- rst-out (FIFO) memory bank ] to search foK -nearest
neighbors, and use the semi-supervised nearest neighbarlpgsa way that maximizing cosine
similarity, to exploit the inter-instance relationship.

For ne-tuning, the total loss includes contrastive lbssnirast N€arest neighbors loks,,, unsuper-
vised cross-entropy lods,nsupand supervised segmentation lbssy Lsupt 1L contrastt 2L unsupt
sLnn. See Appendix N for the ablation of hyperparameters.

F Model Architecture

Figure 1 provides an overview over our approach. Our semi-supervised segmentatiorntaldes

an 2D/3D medical image as input and outputs the segmentation map and the representation map.
We leverage MONA pipelinel[7] including two stages: (1) relational semi-supervised pre-training:
on labeled data, th&tudentnetwork is trained by the ground-truth labels with the supervised loss

L sup While on unlabeled data, trgudentetwork takes thaugmenedndminedembeddings from

the EMA teacher for instance discriminatibf, in the global and local manner, (2) our proposed
anatomical contrastive reconstruction ne-tuning: on labeled data, the student network is trained by
the ground-truth labels with the supervised lass,; while on unlabeled data, the student model
takes the representation maps and pseudo labels from the EMA teacher to give more importance to
tail classL contrast €xploit the inter-instance relationsHip,, and compute unsupervised ldsgsup

See Appendix M for details of the visualization loss landscapes.

G More Experiment Results on LIiTS

Figure 6 and Table 5 show qualitative and quantitative results, whe@RQO-SBNdARCO-SAG
provide better segmentation results than all other methods. This clearly demonstrates the superiority
of our models.

%In this paper, sampling strategies in pixel-level contrastive learning frameworks are of direct interest, so we
use a simpli cation ofMONM 7] — without using any additional complicated augmentation strategies.
"The representation head is only applied during training, and is removed during inference
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Figure 7: Visual results on MMWHS with 1%, 5%, 10% label ratios. As is sha"RCO-Sénd
ARCO-SA@nsistently produce more accurate predictions on anatomical regions and boundaries
compared to all other SSL methods.

Figure 8: Visual results on LA with 1%, 5%, 10% label ratios. As is ShoARCO-SENdARCO-SAG
consistently yield more accurate and sharper boundaries compared to all other SSL methods.

H More Experiment Results on MMWHS

We run the baselines and our methods on the third medical image segmentation datdgdi{VHS
[83]) under various label ratios.€., 1%, 5%, 10%), reporting results in Table 6 and Figure 7. This
clearly demonstrates the effectiveness of our models.

|  More 3D Experiment Results on LA [84]

We run the baselines and our methods on the fourth 3D medical image segmentation dafdset (
[84]) under various label ratios.€., 1%, 5%, 10%), reporting results in Table 9 and Figure 8. This
clearly demonstrates the robustness of our models.

J More 3D Experiment Results on MP-MRI

We run the baselines and our methods on the ve 3D medical image segmentation dagaset (
MP-MRI) under various label ratios.¢., 1%, 5%, 10%), reporting results in Table 9 and Figure 9.
This clearly shows the superiority of our models.
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