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Abstract

Self-Supervised Learning (SSL) has demonstrated
promising results in 3D medical image analysis. However,
the lack of high-level semantics in pre-training still heav-
ily hinders the performance of downstream tasks. We ob-
serve that 3D medical images contain relatively consistent
contextual position information, i.e., consistent geometric
relations between different organs, which leads to a po-
tential way for us to learn consistent semantic representa-
tions in pre-training. In this paper, we propose a simple-
yet-effective Volume Contrast (VoCo) framework to lever-
age the contextual position priors for pre-training. Specif-
ically, we first generate a group of base crops from dif-
ferent regions while enforcing feature discrepancy among
them, where we employ them as class assignments of dif-
ferent regions. Then, we randomly crop sub-volumes and
predict them belonging to which class (located at which re-
gion) by contrasting their similarity to different base crops,
which can be seen as predicting contextual positions of dif-
ferent sub-volumes. Through this pretext task, VoCo implic-
itly encodes the contextual position priors into model rep-
resentations without the guidance of annotations, enabling
us to effectively improve the performance of downstream
tasks that require high-level semantics. Extensive exper-
imental results on six downstream tasks demonstrate the
superior effectiveness of VoCo. Code will be available at
https://github.com/Luffy03/VoCo.

1. Introduction
Deep learning has demonstrated outstanding achieve-

ments in 3D medical image analysis [53, 21, 40, 33, 39],
yet is heavily hampered by the expensive cost of the re-
quired expert annotations [50, 23]. To address this problem,
Self-Supervised Learning (SSL) has received significant at-
tention due to its promising ability to learn representations
without annotations [10, 11, 6, 28, 20], which has become
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Figure 1. (a) In 3D medical images, the contextual positions, i.e.,
the geometric relations between different organs are relatively con-
sistent. (b) Aiming to leverage contextual position priors for pre-
training, we proposed a Volume Contrast (VoCo) framework for
3D Medical Image Analysis.

an important label-efficient solution in 3D medical image
analysis [71, 51, 32, 2, 34, 36].

Existing methods [50, 75, 71, 13] are mostly based on in-
formation reconstructions to learn augment-invariant repre-
sentations of 3D medical images, which first employ strong
data augmentation to the images and then reconstruct the
raw information. Specifically, rotate-and-reconstruct [50,
51, 75, 52] proposed to randomly rotate the 3D volumet-
ric images and learn to recover them, which encourages
models to learn rotational invariant features. Recent meth-
ods [70, 71, 32, 25, 62] further proposed to restore informa-
tion among different views of the image. PCRL [70, 71]
cropped global and local patches then conducted multi-
scale restorations. GVSL [32] further explored the geomet-
ric similarity between multi-scans by affine augmentation
and matching. Mask-reconstruct methods [13, 73, 55] are
also widely used, which are introduced from MAE [28]
and aim to learn representations by masking images and
reconstructing the missing pixels. Although promising re-
sults have been demonstrated, previous works [52, 32] have
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Figure 2. Typical contrastive learning frameworks. (a) Instance-level contrastive learning [10, 11, 29, 22, 7] employs strong data
augmentation or model perturbation on input data to acquire different views of instance, then regularizes their consistency. (b) Prototype-
level contrastive learning [5, 6, 56, 45, 15, 16] conducts (1) online clustering or (2) randomly initialize then online update process to obtain
prototypes as class assignments, then leverage the prototypes to contrast each input image. (c) Our VoCo follows the idea of prototype-level
contrastive learning. Specifically, instead of using time-consuming online clustering and updating procedures, we leverage the valuable
contextual position priors of 3D medical images and leverage the base crops to generate prototypes (bases).

proved that the lack of high-level semantics in pre-training
will heavily hinder the performance of downstream tasks.
To address this challenge, we argue that stronger high-level
semantics should be further involved into 3D medical image
pre-training.

To this end, we argue that the contextual position pri-
ors of 3D medical images should be further exploited. As
shown in Fig. 1(a), we observe that in 3D medical im-
ages, different organs (semantic regions) contain relatively
consistent contextual positions with relatively consistent
anatomic characteristics (shapes). Thus, the consistency
of geometric relations between different organs leads to a
potential way for us to learn consistent semantic represen-
tations for 3D medical images pre-training. In this paper,
we propose a pretext task for contextual position predic-
tions, which aims to encode contextual position priors into
model representations and enables us to effectively improve
the performance of downstream tasks that require high-level
semantics.

In this paper, we propose a simple-yet-effective Volume
Contrast (VoCo) framework for 3D medical image analysis,
as shown in Fig. 1(b). Specifically, we first crop a group of
non-overlap volumes from different positions while enforc-
ing feature discrepancy among them. We represent these
volumes as a group of bases in the learned high-dimension
space, where we employ them as class assignments of dif-
ferent positions. Then, we randomly crop sub-volumes and
predict them belonging to which class (located at which
position) by contrasting their similarity to different bases,
which can be seen as predicting contextual positions of dif-
ferent sub-volumes. In this way, we formulate a contextual
position prediction pretext task for 3D medical image SSL.
Through learning to predict contextual positions, we implic-
itly involve the high-level semantic priors into the model
representations, which enables us to significantly improve
the performance of downstream tasks. Extensive experi-
mental results on six downstream tasks demonstrate that our

proposed VoCo clearly outperforms existing state-of-the-art
3D medical image SSL methods.

2. Related Works

In this section, we first introduce the previous main-
stream contrastive learning paradigms. Then, we survey
the existing SSL methods for medical image analysis, es-
pecially for 3D medical images. Finally, we review the
position-related SSL methods for comparisons with our
method and highlight the differences.
Contrastive learning. Contrastive learning is one of the
mainstream paradigms in SSL, which aims to learn con-
sistent representations by contrasting positive and negative
pairs of samples without extra annotations [10, 6, 29, 11].
According to [6], instance- and prototype-level contrastive
learning are two typical types of contrastive learning, as
shown in Fig. 2.

Instance-level contrastive learning [10, 11, 29, 22, 7]
transforms input images with different augmentations or
model perturbations, aiming to compare the features from
each other. Prototype-level contrastive learning [5, 6, 56,
45, 15, 16] proposes to generate prototypes (also called
clusters or bases) for contrasting each input image. Specif-
ically, there are two typical ways to generate prototypes.
First, Caron et al. proposed DeepCluster [5] to conduct on-
line clustering on the whole dataset to generate prototypes.
However, it is very time-consuming to calculate clusters on
a large dataset. Thus, some recent works [6, 56, 15, 16]
propose to randomly initialize a group of prototypes and
then update them through back-propagation during training,
which has demonstrated promising results. However, there
is still no explicit guarantee that these randomly initialized
prototypes can be updated well during training.

Our VoCo follows the primary idea of prototype-level
constrasive learning. As shown in Fig. 2(c), to address the
existing problems mentioned above, instead of randomly
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initializing and updating prototypes, VoCo leverages the
valuable contextual position priors of 3D medical images
to generate base crops as prototypes, which also requires no
time-consuming clustering on a large dataset.

SSL for medical image analysis. Due to the high potential
in label-efficient learning [29, 59, 61, 58, 57, 60, 37], SSL
has also received significant attention in the field of medi-
cal image analysis [70, 32, 31, 51, 19]. Existing methods
are mainly based on comparative SSL [71]. Specifically,
Zhou et al. [69] combined Mixup [66] into MoCo [29] to
learn the diversity of positive and negative samples in In-
foNCE [44]. Azizi et al. used multi-instance learning to
compare multiple views of images from each patient. There
are also a number of approaches [25, 70, 71] that supervis-
ing the models via restoring low-level information from raw
images.

In 3D medical image analysis, reconstructing raw in-
formation is a popular pretext task for learning represen-
tations [50, 51, 71]. Existing methods are mainly based on
reconstructing information from augmented images. These
previous methods first conducted strong data augmentation,
e.g., rotate [51, 75, 52], multi-view crops [70, 71, 32], and
mask [13, 73, 55], then supervised the model by recon-
structing raw 3D information. Although promising results
have been demonstrated, most of these methods still largely
ignore the importance of integrating high-level semantics
into model representations, which heavily hinders the per-
formance of downstream tasks.

Position-related SSL. Position-related SSL methods are
also explored in a number of previous works [8, 9, 41, 47,
43, 17, 64, 68] in the field of natural images. Noroozi et
al. [43] proposed to predict the order of a set of shuffled
patches. Zhai et al. [64] and Caron et al. [8] proposed
to train a ViT [18] to predict the locations of each input
patch. However, since the geometric relations of different
objects are not very consistent in natural images, it is still
difficult to effectively learn consistent position representa-
tions given visual appearance only (as stated in [68]). In
addition, previous works [64, 8, 68] mainly trained a lin-
ear layer to output the positions directly, which works in a
black-box manner.

In this paper, we introduce the pretext task of contex-
tual position prediction into the field of 3D medical images,
where the geometric relations between different organs are
relatively consistent, which guides us to learn consistent se-
mantic representations in pre-training. Different from the
previous methods, in this paper, we introduce a totally dif-
ferent position prediction paradigm. Specifically, instead of
using a linear layer to output positions directly, we predict
the contextual positions based on volume contrast, which is
more intuitive and effective.

3. Methodology
In this section, we first introduce the overall framework

of our proposed VoCo in Section 3.1. After that, we present
the process of contextual position prediction in Section 3.2.
Then, the regularization process via volume contrast in our
proposed VoCo framework is described in Section 3.3.

3.1. Overall Framework

The overall framework of our proposed VoCo is pre-
sented in Fig. 3, which contains a contextual position pre-
diction branch and a regularization branch. The predic-
tion branch is used to predict the contextual positions be-
tween different cropped volumes. Specifically, given an in-
put volume, we first crop it into non-overlap base volumes,
which cover the whole input volume. Then, we randomly
crop a volume and transform it into the high-dimension fea-
ture space using a typical backbone (CNN [30] or Trans-
former [18]). The goal is to predict the contextual positions
between the randomly cropped volumes and base volumes.
In this paper, instead of training a linear classifier to predict
positions as in previous works [64, 9, 8, 68], we propose to
establish this goal by volume contrast. We develop a loss
function Lpred to supervise the final predictions. In addi-
tion, we further use a loss function Lreg to regularize the
feature discrepancy from different bases by enlarging their
distance, aiming to learn more discriminative class assign-
ments. The details are presented in Section 3.2 and 3.3.

3.2. Contextual Position Prediction

Base and random crops. Given an input volume, we first
crop it into n non-overlap base volumes, which cover the
whole input volume. We then employ the extracted fea-
tures z as class assignments (we call them bases), which
present the prototype-level features from different positions.
Then, following previous SSL works [10, 11, 29], a projec-
tor with linear layers is used to project z into latent fea-
tures q. Then, we randomly crop a volume and transform
it into high-dimension feature space as p. The backbone
and projector are also used to project the features from the
randomly cropped volumes.
Volume contrast for contextual position prediction. With
features extracted from the backbone and projector, fol-
lowing previous SSL works [10, 11, 29], we first conduct
3D adaptive average pooling to resize them to one dimen-
sion, i.e., p∈R1×C and q∈R1×C , where C is the number
of channels. Specifically, we empirically set C to 2048 as
in [10, 11, 29].

Then, we calculate the similarity logits l between p and
qi. Specifically, we use cosine similarity to compute l as
follows:

li = CosSim(p, qi) =
p·qi

∥ p ∥∥ qi ∥
, i∈n (1)
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Figure 3. The overall framework of VoCo. VoCo contains a prediction branch and a regularization branch. The prediction branch
is responsible for predicting contextual positions between different sub-volumes. The regularization branch is employed to enforce the
feature discrepancy between different bases, which aims to learn more discriminative class assignments.

where qi is the projected feature of each base crop. li de-
notes the similarity between p in qi, which ranges from 0
to 1. It is worth noting that, we stop the gradients of q
when computing Eq. 1, which aims to avoid feature col-
lapse [10, 11, 6].

Intuitively, higher li represents that p has higher proba-
bilities to share overlap regions with qi. In this way, we can
explicitly associate the similarity value with the position in-
formation, i.e., p with higher li is more likely to be located
in the region of the ith base. Thus, instead of training a
black-box linear layer, we predict the contextual positions
by volume contrast, which is more intuitive and effective.

Position labels generation. The process of generating po-
sition labels is shown in Fig. 4. As shown in Fig. 4, when
we generate n = 4×4 base crops, there will be n class as-
signments. Then we calculate the overlap area between a
randomly cropped volume and n base crops. The propor-
tions of the overlap area are then assigned as position labels
y, which also range from 0 to 1. Thus, we can easily su-
pervise the model by calculating the distance between the
prediction logits l and position labels y. The setting of the
number n of base crops will be discussed in Section 4.4.

Loss function for contextual position prediction. The for-
mulation of prediction loss function Lpred is based on en-
tropy. Specifically, we first calculate the distance d between
prediction logits l and position labels y:

di = |yi − li|, i∈n, (2)

where |.| denotes the absolute value. Then, Lpred is formu-

Figure 4. The process of generating position labels. We calcu-
late the proportions of overlap area as position labels y, e.g., the
randomly cropped volume in the figure is assigned to class 5, 6, 9,
and 10 with probabilities of 0.25, 0.1, 0.5, and 0.15, respectively.

lated as follows:

Lpred = − 1

n

n∑
i∈n

log(1− di). (3)

It is worth noting that VoCo predicts contextual po-
sitions of a volume (high similarities with all its con-
textual overlapped volumes), thus don’t need one-to-one
correspondence: e.g., in Fig. 4, high-value li pertain to
yi>0,i=5, 6, 9, 10 simultaneously. Then we calculate the
distance between li and yi (Eq. 2).

3.3. Volume Contrast for Regularization

We aim to learn more discriminative class assignments
(bases) for volume contrast. Since intuitively, different sub-
volumes tend to contain different organs (semantic discrep-
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ancy). Thus, we aim to enlarge the high-dimension feature
discrepancy between different bases. To this end, we design
a regularization loss Lreg to enlarge the feature discrepancy
between different bases z.

First, given projected bases q, we also calculate the co-
sine similarity sij between different qi and qj as follows:

sij = CosSim(qi, qj) =
qi·qj

∥ qi ∥∥ qj ∥
, i, j∈n, i̸=j, (4)

where we aim to regularize sij to 0, enforcing feature dis-
crepancy between different bases. Thus, the loss function
Lreg is formulated as:

Lreg =
2

n(n− 1)

n∑
i,j∈n,i ̸=j

|sij |, (5)

where |.| denotes the absolute value. With loss Lreg, we
aim to optimize q as linearly independent bases:

qi⊥qj , i̸=j, i, j∈n. (6)

With the regularization loss function Lreg , we aim to
learn a group of linearly independent bases to represent all
directions of high-dimension features [6]. In this way, we
can learn a group of more discriminative class assignments
to supervise the final position predictions.
Overall loss function. Thus, the total loss function L is the
combination of Lreg and Lpred:

L = Lpred + λLreg, (7)

where λ is used to balance the relative contributions of these
two loss terms and set to 1.0 in experiments empirically
since we consider their importance equally. The ablation
studies of λ are provided in the supplementary materials.

4. Experiments
In this section, we first describe the datasets used in the

pre-training and downstream tasks. Then, we briefly intro-
duce the implementation details of VoCo. Finally, we report
detailed experiment results of our proposed VoCo compared
with other state-of-the-art SSL methods in 3D medical im-
ages. More details are in the supplementary materials.

4.1. Datasets

Pre-training datasets. Aiming to conduct fair compar-
isons with the previous works [51, 55, 70, 71, 13, 73], we
also carry out pre-training experiments on the same three
public datasets, i.e., BTCV [35], TCIA Covid19 [14], and
LUNA [48] datasets, including about totally 1.6k CT scans
for pre-training. It is worth noting that, aiming to con-
duct fair comparisons with previous works [73, 13], we only
use BTCV [35] and TCIA Covid-19 [14] for pre-training in

the downstream experiments of BTCV [35]. For the other
downstream tasks, we use all three datasets for pre-training.
Details are provided in the supplementary materials.
Downstream datasets. To evaluate the effectiveness of our
VoCo, we conduct downstream experiments on six public
datasets, i.e., BTCV [35], LiTs [4], MSD Spleen [1], MM-
WHS [74], BraTS 21 [49], and CC-CCII [67], including
segmentation and classification tasks. The first five datasets
are developed for segmentation, while CC-CCII [67] is for
COVID-19 classification. Note that only BTCV [35] is used
in pre-training, the other datasets are unseen in pre-training.
In addition, to evaluate the cross-modality generalization
ability, we transfer the model pre-trained on the CT dataset
to the MRI dataset BraTS 21 [49]. We adopt consistent set-
tings as previous works [13, 73, 26, 55, 32]. We also evalu-
ate the performance on 2D medical dataset [54]. Details are
provided in the supplementary materials.

4.2. Implementation details

Following previous works [51, 55], we use Swin-
UNETR [26] for both pre-training and downstream tasks.
We use AdamW [38] optimizer and cosine learning rate
scheduler for all experiments. We set 100K training steps
in the pre-training process and applied a slicing window in-
ference for fair comparisons with previous works [51, 55,
13, 73]. Aiming to evaluate the pure effectiveness, we do
not use foundation models or post-processing [34, 36]. De-
tails are provided in the supplementary materials.
Comparison methods. We compare our VoCo with both
General and Medical SSL methods. First, we compare
with the typical SSL methods MAE [28, 13] and MoCo
v3 [29, 12], since they represent the two mainstream SSL
paradigms, i.e., mask-autoencoder and constrastive learn-
ing. Since it is not practical to set a large batch size for 3D
medical images due to computation cost, for fair compar-
isons, we adopt consistent settings with other methods in
MAE [28, 13] and MoCo v3 [29, 12]. We also report the re-
sults of SimCLR [10] and SimMIM [63] according to [13].
We further evaluate the performance of Jiasaw [9] and Posi-
tionLabel [68], since they are related to our position-aware
methods. Most existing state-of-the-art medical SSL meth-
ods are compared in our experiments.

4.3. Experiments on downstream tasks

Outperform existing methods on the BTCV dataset.
We first conduct experiments on BTCV [35], as shown
in Table 1. Specifically, among the comparison methods,
MAE3D [28, 13], SimCLR [10], SimMIM [63], MoCo
v3 [29, 12], and GL-MAE [73] use UNETR [27]. Other
methods including our VoCo adopt Swin-UNETR [26] as
the default settings of the previous work [51].

Remark. It can be seen in Table 1 that the general SSL
methods perform worse than most medical SSL methods.
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Method Dice Score(%)
Spl RKid LKid Gall Eso Liv Sto Aor IVC Veins Pan RAG LAG AVG

From Scratch
UNETR [27] 93.02 94.13 94.12 66.99 70.87 96.11 77.27 89.22 82.10 70.16 76.65 65.32 59.21 79.82

Swin-UNETR† [26] 94.06 93.54 93.80 65.51 74.60 97.09 75.94 91.80 82.36 73.63 75.19 68.00 61.11 80.53
With General SSL
MAE3D [28, 13] 93.98 94.37 94.18 69.86 74.65 96.66 80.40 90.30 83.13 72.65 77.11 67.34 60.54 81.33

SimCLR [10] 92.79 93.04 91.41 49.65 50.99 98.49 77.92 85.56 80.58 64.37 67.16 59.04 48.99 73.85
SimMIM [63] 95.56 95.82 94.14 52.06 53.52 98.98 80.25 88.11 82.98 66.49 69.16 60.88 50.45 76.03

MoCo v3† [29, 12] 91.96 92.85 92.42 68.25 72.77 94.91 78.82 88.21 81.59 71.15 75.76 66.48 58.81 79.54
Jigsaw† [9] 94.62 93.41 93.55 75.63 73.21 95.71 80.80 89.41 84.78 71.02 79.57 65.68 60.22 81.35

PositionLabel† [68] 94.35 93.15 93.21 75.39 73.24 95.76 80.69 88.80 84.04 71.18 79.02 65.11 60.07 81.09
With Medical SSL

MG [72] 91.99 93.52 91.81 65.11 76.14 95.98 86.88 89.29 83.59 71.79 81.62 67.97 63.18 81.45
ROT [50] 91.75 93.13 91.62 65.09 76.55 94.21 86.16 89.74 83.08 71.13 81.55 67.90 63.72 81.20

Vicregl [3] 90.32 94.15 91.30 65.12 75.41 94.76 86.00 89.13 82.54 71.26 81.01 67.66 63.08 80.89
Rubik++† [52] 96.21 90.41 89.33 75.22 72.64 97.44 79.25 89.65 83.76 74.74 78.35 67.14 61.97 81.38
PCRLv1† [70] 95.73 89.66 88.53 75.41 72.33 96.20 78.99 89.11 83.06 74.47 77.88 67.02 61.85 80.78
PCRLv2† [71] 95.50 91.43 89.52 76.15 73.54 97.28 79.64 90.16 84.17 75.20 78.71 68.74 62.93 81.74

Swin-UNETR [26, 51] 95.25 93.16 92.97 63.62 73.96 96.21 79.32 89.98 83.19 76.11 82.25 68.99 65.11 81.54
SwinMM [55] 94.33 94.18 94.16 72.97 74.75 96.37 83.23 89.56 82.91 70.65 75.52 69.17 62.90 81.81
GL-MAE [73] 94.54 94.39 94.37 73.19 74.93 96.51 83.49 89.74 83.11 70.80 75.71 69.39 63.12 82.01
GVSL† [32] 95.27 91.22 92.25 72.69 73.56 96.44 82.40 88.90 84.22 70.84 76.42 67.48 63.25 81.87

VoCo 95.73 96.53 94.48 76.02 75.60 97.41 78.43 91.21 86.12 78.19 80.88 71.47 67.88 83.85

Table 1. Experimental results on BTCV [35]. The best results are bolded. ‘From Scratch’ denotes the supervised baseline without self-
supervised pre-training. † denotes we re-implement the approach. Most results are drawn from [13, 65, 73] or their own papers.

Method Network Dice Score(%)
From Scratch
3D UNet [46] - 90.70
UNETR† [27] - 93.25

Swin-UNETR† [26] - 93.42
With General SSL

Jigsaw [9] 3D UNet 94.36
MAE3D [28, 13] UNETR 94.02

MoCo v3† [29, 12] UNETR 93.86
Jigsaw† [9] Swin-UNETR 95.24

PositionLabel† [68] Swin-UNETR 94.13
With Medical SSL

MG [72] 3D UNet 91.30
TransVW [24] 3D UNet 91.42

ROT [50] 3D UNet 94.49
PCRLv1 [70] 3D UNet 93.87
PCRLv2 [71] 3D UNet 94.50

Rubik [75] 3D UNet 94.93
Rubik++ [52] 3D UNet 95.46
Rubik++† [52] Swin-UNETR 95.72

Swin-UNETR [51, 26] Swin-UNETR 95.33
SwinMM [55] Swin-UNETR 95.52

VoCo 3D UNet 96.03
VoCo Swin-UNETR 96.52

Table 2. Experimental results on LiTs [4]. We report the Dice
Scores of liver segmentation. † denotes we re-implement the ap-
proach. Most results are drawn from [65, 71].

Specifically, MoCo v3 [29, 12] can only achieve 79.54%
Dice Score. Since MoCo v3 [29, 12] heavily relies on
a large batch size to acquire adequate negative samples,
which is not practical in 3D medical images due to the huge
computation burden. In addition, the negative relation be-
tween different images used in MoCo [29, 12] is not ap-

Method MSD Spleen MM-WHS
From Scratch
3D UNet [46] 93.71 83.09
UNETR† [27] 94.20 85.85

Swin-UNETR† [26] 94.63 86.11
With General SSL
MAE3D [28, 13] 95.20 86.03

MoCo v3† [29, 12] 94.32 84.16
Jiasaw† [9] 94.29 85.88

PositionLabel† [68] 94.16 85.52
With Medical SSL

MG [72] 94.40 86.36
VicRegl [3] 94.12 84.72

UniMiss [62] 95.09 84.68
PCRLv1† [70] 94.32 86.58
PCRLv2† [71] 94.94 86.82
Rubik++† [52] 95.11 87.02

Swin-UNETR [51, 26] 95.02 87.06
SwinMM [55] 95.34 86.98

JSSL [42] 94.92 84.89
GVSL [32] 95.47 88.27

VoCo 96.34 90.54

Table 3. Experimental results on MSD Spleen [1] and MM-
WHS [74]. We report the Dice Scores of segmentation prediction.
† denotes we re-implement the approach.

propriate in medical images. MAE [28, 13], SimCLR [10],
and SimMIM [63] (results from [13]) also gain limited per-
formance. Our VoCo also outperforms the position-based
methods Jigsaw [9] and PositionLabel [68] by a clear mar-
gin. Thus, we conclude that general SSL methods are not
very suitable for 3D medical images. It is crucial to consider
the characteristics of medical images in medical SSL.

The scratch Swin-UNETR [26] only achieves 80.53%
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Method Net. Dice Score(%)
TC WT ET AVG

From Scratch
UNETR [27] - 81.62 87.81 57.34 75.58

Swin-UNETR [26] - 81.28 88.67 57.73 75.89
With General SSL
MAE3D [28, 13] UNETR 82.34 90.35 59.18 77.29

SimMIM [63] UNETR 84.06 90.43 59.07 77.85
SimCLR [10] UNETR 83.13 89.44 58.42 76.99

MoCo v3† [29, 12] UNETR 82.60 88.89 57.69 76.39
Jigsaw† [9] Sw-UNE. 81.62 89.45 59.10 76.72

PositionLabel† [68] Sw-UNE. 81.35 89.62 58.73 76.64
With Medical SSL

PCRLv1†[70] Sw-UNE. 81.96 88.83 57.58 76.12
PCRLv2†[71] Sw-UNE. 82.13 90.06 57.70 76.63
Rubik++†[52] Sw-UNE. 84.32 90.23 58.01 77.51

Swin-UNETR [51, 26] Sw-UNE. 82.51 89.08 58.15 76.58
SwinMM [55] Sw-UNE. 83.48 90.47 58.72 77.56

VoCo Sw-UNE. 85.27 90.45 59.87 78.53

Table 4. Experimental results on BraTS 21 [49]. WT, TC, and ET
denote the whole tumor, tumor core, and enhancing tumor, respec-
tively. † denotes we re-implement the approach.

Method Network Accuracy(%)
From Scratch
UNETR [27] - 88.92

Swin-UNETR [26] - 88.04
With General SSL
MAE3D [28, 13] UNETR 89.47
MoCo v3 [29, 12] UNETR 84.95

Jiasaw [9] Swin-UNETR 86.88
PositionLabel [68] Swin-UNETR 87.54
With Medical SSL

PCRLv1 [70] Swin-UNETR 88.72
PCRLv2 [71] Swin-UNETR 89.15
Rubik++ [52] Swin-UNETR 89.23

Swin-UNETR [51, 26] Swin-UNETR 89.45
SwinMM [55] Swin-UNETR 89.61

VoCo Swin-UNETR 90.83

Table 5. Experimental results of CC-CCII [67] classification.

Dice Score. With VoCo pre-training, we gain 3.32% im-
provements with 83.85% Dice Score, which also outper-
forms existing methods by a clear margin. Among the com-
pared methods, GL-MAE [73] achieves the highest Dice
Score (82.01%). Our VoCo surpasses it by 1.84% Dice
Score, which is a clear improvement in this dataset.
Promising performance on Unseen datasets. We further
conduct experiments on unseen datasets in pre-training, i.e.,
LiTs [4], MSD Spleen [1], and MM-WHS [74]. The re-
sults on LiTs [4] are shown in Table 2. We report the re-
sults of compared methods according to [70, 71, 65]. Since
the scratch Swin-UNETR [26] can obtain a higher Dice
Score (93.42%), we further pre-train a 3D UNet [46] based
on VoCo, aiming to conduct fair comparisons. It can be
seen that with VoCo pre-training, Swin-UNETR [26] gains
3.10% improvements and achieves 96.52% Dice Score.
With 3D UNet [46] as the backbone, VoCo also achieves
96.03% Dice Score, proving the effectiveness of VoCo with

Figure 5. Overall comparisons with state-of-the-art methods on six
different datasets.

Loss Functions BTCV MM-WHS
Lpred Lreg

% % 80.53 86.11
" % 82.96 88.82
" " 83.85 90.54

Table 6. Evaluation of loss functions Lpred and Lreg . We report
the average Dice Score on BTCV [35] and MM-WHS [74].

Number of bases n BTCV MM-WHS
(x, y, z)
2×2×1 81.56 86.73
3×3×1 82.77 89.31
4×4×1 83.85 90.54
5×5×1 83.60 90.49
3×3×2 82.86 89.14
4×4×2 83.47 90.52

Table 7. Evaluation of the value of bases n. We report the average
Dice Score on BTCV [35] and MM-WHS [74].

different network architectures.
The results on MSD Spleen [1] and MM-WHS [74]

datasets are shown in Table 3. In previous methods,
GVSL [32] achieves the best performance with 95.47% and
88.27% Dice Score, while our VoCo surpasses all previ-
ous methods with 96.34% and 90.54% Dice Score on MSD
Spleen [1] and MM-WHS [74] datasets, respectively.
Generalization capacity on MRI dataset. To verify the
generalization capacity on the MRI dataset, we further eval-
uate the performance of VoCo on BraTS 21 [49]. As shown
in Table 4, VoCo achieves 78.53% Dice Score and outper-
forms existing state-of-the-art methods, demonstrating the
cross-model generalization capacity of VoCo.
Evaluation of COVID-19 classification. We further eval-
uate the performance of the classification task on the CC-
CCII [67] dataset in Table 5. Since existing SSL methods
did not conduct experiments on this dataset, we reproduce
the related methods for comparisons. It can be seen that
VoCo can also achieve superior results with 90.83% accu-
racy, proving its effectiveness in the classification task.
Overall comparisons on six downstream datasets. The
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GVSLSwinUNETR VoCoMoCo v3 PositionLabel Ground Truth

Figure 6. Qualitative visualization of segmentation results for the BTCV [35] dataset. We compare VoCo with MoCo v3 [12], PositionLa-
bel [68], SwinUNETR [51, 26], and GVSL [32].

overall comparisons are shown in Fig. 5. Specifically, we
compare with the existing state-of-the-art methods on six
different downstream datasets. It can be seen that our VoCo
outperforms them by a clear margin.

4.4. Ablation Study

We further conduct ablation studies to evaluate the loss
functions and the settings in VoCo, which are verified on
the BTCV [35] and MM-WHS [74] datasets.
Loss functions. We first study the importance of the two
loss functions, i.e., Lpred and Lreg , as shown in Table 6.
It can be seen that with our proposed Lpred loss function,
the performance is significantly improved, i.e., 80.53% to
82.96% on BTCV, 86.11% to 88.82% on MM-WHS. These
results demonstrate the effectiveness of our proposed posi-
tion prediction pretext task. In addition, with the proposed
regularization loss Lreg , the performance can be further im-
proved. Thus, we can see that it is crucial to learn discrimi-
native bases in VoCo.
Number of bases. We further evaluate different settings of
the number of bases n in VoCo. We compare with different
settings of n in the ablation studies, as shown in Table 7. It
is worth noting that due to the ROI size inconsistency in the
Z direction, it is not practical to crop multiple bases in the
Z direction, since we have to resize the volume after crops,
which will result in inconsistent volume scales. In addition,
due to the computation limitation, it is costly to increase
the values of n. As shown in Table 7, with n = 2×2×1,
the VoCo only achieves 81.56% and 86.73% Dice Score on
BTCV and MM-WHS, respectively. When we increase the
values of n to 3×3×1 and 4×4×1, the performances are
improved obviously. Specifically, with n as 4×4×1, we
achieve 83.85% and 90.54% on BTCV and MM-WHS, re-
spectively. However, we observe that higher n (5×5×1)
cannot further bring higher performance. We further verify
the performance of generating base crops in the Z direc-
tion. It can be seen that 3×3×2 and 4×4×2 cannot yield
improvements. Thus, aiming to balance the performance

and efficiency, we set n as 4×4×1 in VoCo. It can be seen
that the setting of n is crucial to VoCo.
Visualization results on BTCV [35] are shown in Fig. 6.
It can be seen that VoCo can yield improved segmentation
accuracy and completeness. More visualization results are
in the supplementary materials.

5. Conclusion and Future Directions
In this paper, we develop a simple-yet-effective SSL

framework VoCo for 3D medical image analysis. Motivated
by the observation that 3D medical images contain rela-
tively consistent contextual positions between different or-
gans, we propose to leverage the contextual position priors
to learn consistent semantic representations in pre-training.
Specifically, we crop volumes from different positions in
an input volume and represent them as a group of bases
to represent features in different directions. Then, we pre-
dict the contextual position of a randomly cropped volume
by contrasting its similarity to different bases. In this way,
VoCo effectively encodes the contextual position priors into
model representations, enabling us to effectively improve
the performance of downstream tasks that require high-level
semantics. Extensive experiments demonstrate that VoCo
achieves superior performance.
We will further consider several ways of extension: (1)
Scale up the pre-training dataset to evaluate the upper per-
formance of VoCo. (2) Experiments on more downstream
datasets. (3) Evaluate the label-efficient performance of
VoCo (e.g., semi-supervised learning). (4) Explore the ca-
pacity of VoCo in mining inter-volume relationships.
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