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Abstract

In this paper, we introduce a novel self-supervised learn-
ing (SSL) loss for image representation learning. There is a
growing belief that generalization in deep neural networks is
linked to their ability to discriminate object shapes. Since ob-
ject shape is related to the location of its parts, we propose to
detect those that have been artificially misplaced. We repre-
sent object parts with image tokens and train a ViT to detect
which token has been combined with an incorrect positional
embedding. We then introduce sparsity in the inputs to make
the model more robust to occlusions and to speed up the train-
ing. We call our method DILEMMA, which stands for Detec-
tion of Incorrect Location EMbeddings with MAsked inputs.
We apply DILEMMA to MoCoV3, DINO and SimCLR and
show an improvement in their performance of respectively
4.41%, 3.97%, and 0.5% under the same training time and
with a linear probing transfer on ImageNet-1K. We also show
full fine-tuning improvements of MAE combined with our
method on ImageNet-100. We evaluate our method via fine-
tuning on common SSL benchmarks. Moreover, we show that
when downstream tasks are strongly reliant on shape (such as
in the YOGA-82 pose dataset), our pre-trained features yield
a significant gain over prior work.1

Introduction
In computer vision, deep learning models trained on small
labeled datasets can benefit greatly from supervised pre-
training on datasets such as ImageNet (Girshick et al. 2014).
Even more surprisingly, (He et al. 2020) showed that it is
possible to pre-train with unlabeled data (with MoCo) and
outperform pre-training with supervised learning on sev-
eral downstream tasks. This led to the rapid development
of several Self-Supervised Learning (SSL) methods, such as
(Caron et al. 2020; Chen et al. 2020a,b; He et al. 2020).

Representations obtained via SSL have the ability to gen-
eralize to downstream tasks such as object classification, de-
tection, and segmentation (Deng et al. 2009; Everingham
et al. 2009; Krizhevsky 2009). Recent work suggests that
representations with a shape bias generalize better to these
tasks than those with a texture bias (Geirhos et al. 2018;
Tartaglini, Vong, and Lake 2022).

Copyright © 2023, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1source code: https://github.com/Separius/DILEMMA
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Figure 1: Yoga82 is a dataset with a shape-based task. As
these examples show, texture alone is not sufficiently indica-
tive of the pose. Thus, models that perform well in this task
may demonstrate a strong shape discriminability.

In particular, the expectation is that image representations
may do better in the transfer learning to a shape-based task,
such as pose classification of Yoga82 (see Fig. 1). Thus, we
investigate whether adding a regularization loss that is sen-
sitive to shape to a state-of-the-art SSL method, might lead
to better representation learning.

We propose DILEMMA, which is short for Detection of
Incorrect Location EMbeddings with MAsked inputs. In our
experiments we integrated DILEMMA with SimCLR (Chen
et al. 2020a), DINO (Caron et al. 2021) and MoCoV3 (Chen,
Xie, and He 2021), and find a consistent improvement across
the majority of downstream tasks.

With DILEMMA, the image representation is encouraged
to differentiate shapes thanks to two main components: 1)
A binary classification loss to detect the correct/incorrect
positions of object parts, and 2) the use of randomized in-
put sparsity, so that every subset of object parts contributes
to the whole image representation. The first component is
a concept already proposed in the context prediction (Doer-
sch, Gupta, and Efros 2015) and jigsaw puzzle SSL methods
(Noroozi and Favaro 2016). It takes also inspiration from
ELECTRA (Clark et al. 2020a), where some text tokens are
replaced by a weak generator and a discriminator is trained
to detect them. The second component, is also a concept
that has been exploited in VATT (Akbari et al. 2021) and
MAE (He et al. 2021) to reduce the computational workload
of training with ViTs (Dosovitskiy et al. 2020).

More in detail, as shown in Fig. 2, we split an image into
a grid of tiles, map them to tokens, and combine them with
positional embeddings. Then, we corrupt the positional em-
beddings of a fraction of the tokens before we feed them to
a ViT. In our DILEMMA loss, we classify the tokens into
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those with correct and incorrect positional embeddings. The
sparsification of the input can be implemented in a ViT sim-
ply by discarding a randomized percentage of tokens.

We also use a teacher-student architecture as in MoCoV3
(Chen, Xie, and He 2021). We sparsify only the input to the
student network and instead feed all the tiles to the teacher
network. Because it is used only in evaluation mode, it does
not have a significant impact on storage and computing re-
sources. Moreover, the use of a complete set of tiles (a set-
ting that we call dense) and without corrupted positional em-
beddings, allows the teacher to build a better reference for
the student network.
Our contributions can be summarized as follows:
• We introduce DILEMMA, a novel SSL regularization

loss that enhances the shape discriminability of image
representations; it is based on the detection of misplaced
positional embeddings with a ViT and the use of sparsity
in the input;

• We propose to randomly sparsify the inputs and to use
a student-teacher architecture to: 1) reduce the memory
storage, 2) close the gap between training and test data,
3) speed up the training;

• DILEMMA boosts the performance of MoCoV3, Sim-
CLR, DINO, and MAE under the same computational
budget.

Related Work
Self-Supervised Learning for Image Representations.
Self-supervised learning gained popularity as a form of
unsupervised learning, where pretext tasks leverage super-
vision signals obtained without human labor. Some clas-
sic examples are the classification of image patch loca-
tions (Doersch, Gupta, and Efros 2015; Noroozi and Favaro
2016), the reconstruction of color channels (Zhang, Isola,
and Efros 2016) or image patches (Pathak et al. 2016), or
the recognition of various image transformations (Gidaris,
Singh, and Komodakis 2018; Jenni and Favaro 2018), While
prior patch-based methods inspired our approach of detect-
ing wrongly placed image patches, ours is both simpler and
performs better in transfer experiments. Furthermore, due to
the input representation of ViTs (disjoint image patches) and
our random sparse patch sampling, our approach suffers less
from domain gaps between pre-training and transfer.
Contrastive Learning. Efforts to scale up and improve in-
stance discrimination (Dosovitskiy et al. 2015; Wu et al.
2018a) as a self-supervised pre-training task have estab-
lished contrastive learning (Chen et al. 2020a; He et al. 2020;
Oord, Li, and Vinyals 2018) as the most popular SSL ap-
proach in computer vision today. Several modifications of
the basic recipe, i.e., learning to discriminate training in-
stances up to data augmentations, have been proposed since.
For example, some methods leverage momentum encoded
samples for positive and negative sampling (He et al. 2020;
Chen et al. 2020b), some remove the need for explicit nega-
tive pairs (Grill et al. 2020; Chen and He 2020), and oth-
ers extend the set of positives beyond data-augmentation
through clustering (Caron et al. 2020) or nearest-neighbors
in feature space (Dwibedi et al. 2021). Another line of work

considers contrastive pre-training strategies tailored to dense
prediction tasks (O Pinheiro et al. 2020; Wang et al. 2021;
Xiao et al. 2021; Xie et al. 2021b; Li et al. 2021b; Liu et al.
2021a). More recently, contrastive methods leverage vision
transformer architectures (Dosovitskiy et al. 2020; Liu et al.
2021b), e.g., by adapting existing approaches (Chen, Xie,
and He 2021; Xie et al. 2021a), tailoring architectures (Li
et al. 2021a), or novel objectives (Caron et al. 2021). In our
approach, we show that several well-established contrastive
baselines (Chen, Xie, and He 2021; Caron et al. 2021; Chen
et al. 2020a) can be improved through the addition of a spa-
tial reasoning task and by extending the set of image aug-
mentations through randomized patch dropping.
Self-Supervised Pre-Training of Transformers. The suc-
cess of the transformer architecture (Vaswani et al. 2017) in
natural language is to a great extent due to large-scale self-
supervised pre-training tasks. Successful pre-training strate-
gies from NLP like masked token prediction (Devlin et al.
2018) have recently also been adapted to the image domain
(Bao, Dong, and Wei 2021; Zhou et al. 2021; He et al. 2021;
Zhou et al. 2021). Our patch misplacement detection is simi-
lar to another type of pretext task in NLP, where the goal is to
detect corrupted tokens, i.e., words replaced by an imperfect
masked language model (Clark et al. 2020a,b). However, a
key difference in our approach is that we only tamper with
the spatial position of the tokens and thus do not require a
separate masked token prediction model. In parallel work,
Fang et al. (Fang et al. 2022) use BEiT (Bao, Dong, and
Wei 2021) for that purpose. The method of DABS (Tamkin
et al. 2021) also uses the idea of patch misplacement, but
it does not have a way to handle degenerate learning and it
does not show performance improvements. MP3 (Zhai et al.
2022) also predicts the position of all the tokens like jig-
saw (Noroozi and Favaro 2016) with a ViT. A technique that
has proven very beneficial to improve the training efficiency
of vision transformers is token dropping (Akbari et al. 2021;
He et al. 2021; El-Nouby et al. 2021; Chen et al. 2022). We
extend this technique by randomizing the token dropping
amount and including the case of no dropping to narrow the
domain gap between pre-training and transfer.

Training DILEMMA
Let us define an image sample as x ∈ RH×W×C , i.e., x has
H × W pixels and C color channels. We apply two data
augmentations (Grill et al. 2020) to x and obtain x̂1 and x̂2.
Similarly to ViT, each input x̂1 and x̂2 is divided in 14× 14
tiles, flattened and projected to N tokens t1,i, t2,i ∈ RD,
∀i ∈ U

.
= {1, . . . , N}, through a linear projection. We then

combine each token t·,i, with a positional embedding pi ∈
RD, which can be either learned or fixed.

As in MoCoV3 (Chen, Xie, and He 2021), we define a
Student S and a Teacher T ViTs (Dosovitskiy et al. 2020),
where the Teacher, also called momentum encoder, is ob-
tained through the exponential moving average (EMA) of
the Student’s weights (thus, it is not trained). The Teacher
receives as input all the tokens t1,1, . . . , t1,N with the cor-
responding positional embeddings p1, . . . , pN . The Student
instead receives as input a sparse set M ⊂ U of tokens t2,i,
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Figure 2: Training with DILEMMA: A sample image is augmented twice and split into tiles (we use a 14 × 14 grid). The
Teacher network takes the complete set of tiles as input (dense) and without mismatches in the positional embeddings for each
token. The Student takes only a subset of the tiles as input (sparse) and some tiles have incorrect positional embeddings. The
Student is then trained under two losses: one is the contrastive loss of the class tokens (CLS) between the Teacher and the
Student, and the other is the DILEMMA binary cross-entropy for each token.

i ∈ M . For a randomized fraction of these tokens B ⊂ M
the corresponding positional embdeddings qi, i ∈ M are
incorrect, i.e., qi

.
= pi if i ∈ M \ B and qi

.
= pj with

j ∈ U \M , if i ∈ B. We call the ratio θ = |B|/|M | ∈ [0, 1],
between the cardinalities of B and M , the probability of a
positional embedding mismatch. We choose a different M
and B sets for each sample at each iteration. We define a
set of ground truth labels yi = 0 (N) if i ∈ M \ B and
yi = 1 (Y) if i ∈ B. The i-th output token from the Student
is denoted with Si({qj ⊕ t2,j}j∈M ). We indicate the extra
classification token with i = 0 both at the input and output.
Also, q0, p0 = 0, i.e., no location encoding.

Now we are ready to introduce the DILEMMA loss (see
also the whole training method in Fig. 2)

LDILEMMA = Ex

[ ∑
i∈M

yi log
(
σ
(
Y Si

(
{qj ⊕ t2,j}j∈M∪{0}

)))
+ (1− yi) log

(
1− σ

(
Y Si

(
{qj ⊕ t2,j}j∈M∪{0}

))) ]
(1)

where E[·] is the expectation over image samples, σ is the
sigmoid function and Y is a linear projection.

Because of the sparsity in the input to the Student net-
work, we also obtain a computational benefit. When we in-
crease the sparsity of the input, we can also increase the mini
batch size to fully utilize the GPU RAM. This is particularly
significant with ViTs, because of their quadratic scaling with
the number of tokens (the memory usage is O(N2)). The
fact that we can significantly increase the mini batch size is
particularly effective with contrastive learners. Moreover, in
this way it is also faster to train our model, because the av-

erage mini batch size is much larger than when using dense
inputs (in our case it is 2.5× more).

Combining DILEMMA and Contrastive Learning
The DILEMMA loss can be integrated with other SSL
losses. Here we describe the integration with the contrastive
loss, but other choices follow an identical procedure.

The contrastive loss is defined as

LCNT = Ex

[
LCE

(
S0

(
{qj ⊕ t2,j}j∈M∪{0}

)
,

T0 ({pj ⊕ t1,j}j=0,...,N )
)]
, (2)

where

LCE (A, V ) = −2τ
∑

n zn log softmax
(

A⊤
n V
τ

)
(3)

and A and V are G×m matrices, with m the minibatch size
and G the vector size after the projection Y (see eq. (1)), zj
is the one-hot vector with 1 at the j-th position and the index
n indicates the class token within the minibatch.

When we combine both the DILEMMA and the con-
trastive losses into a single cost we obtain

LUNION = λDILEMMALDILEMMA + LCNT, (4)

which we minimize and where λDILEMMA > 0 is a hyper
parameter which we always set to 0.4 .

Implementation
Architecture. We use Vision Transformers (ViT) (Dosovit-
skiy et al. 2020) with a patch size of 16 × 16 pixels and an
input image size of 224× 224 pixels, which gives a total of
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(224/16)2 = 196 tokens. Due to computational limitations,
we mostly use the small variant of the Vision Transformer
(ViT-S) which has 12 transformer blocks and 384 channels.
For the three baselines: 1) For MoCoV3 (Chen, Xie, and
He 2021) experiments, we use 12 attention heads in each
attention layer as specified in the official implementation.
This is different from most ViT-S implementations, which
use 6 heads. This does not change the total number of
parameters of the model, but incurs a speed penalty. We
use a 3-layer MLP for the projection and prediction heads
with synchronized batch normalization. We also freeze the
weights of the patch embedding layer for better stability; 2)
SimCLR (Chen et al. 2020a) experiments are also conducted
with the exact same settings, but without a teacher network
and instead both augmentations are sparisified, misplaced
and then fed to the student network; 3) For DINO (Caron
et al. 2021) we used the official implementation and,
whenever multi-crop is used, we have disabled random
sparsity and used constant sparsity for the large crops and
no sparsity for the small crops (96× 96 images).

Pre-training Setup. For our main model, we pre-train
DILEMMA on ImageNet-1K (Deng et al. 2009) with the ex-
act same hyper-parameters of MoCoV3 using three GeForce
RTX 3090 GPUs for 100 epochs with a base batch size of
345. We set λDILEMMA to 0.4 and the probability of posi-
tional embedding mismatch θ = 0.2. We use sparsity ratios
of 0%, 40%, 55%, 65% with 1×, 2×, 3×, 4× base batch size
and disable the DILEMMA loss when the input is dense.

To show the compatibility of the proposed method with
other SSL methods, we also added two short runs for
SimCLR and DINO with multi-cropping. For the DINO
experiments we used ViT-Base to show that DILEMMA
scales to larger models. Since input sparsity allows for faster
training, we also report results of DILEMMA variants with
equal training time as the baselines.

Linear Probing. To evaluate the pre-trained features for im-
age classification, we train a simple linear layer on top of
frozen features, without any data augmentation (LinearF ).
Note that it is different from the standard linear probing, and
we opt to use this method for its simplicity and speed. It is
also more aligned with the end goal of representation learn-
ing. In all the linear probing experiments, we use the embed-
ding of the CLS token of the last layer and perform a coarse
grid search over learning rates, batch sizes and whether to
normalize the data before feeding it to the linear layer or not
(similarly to the added BatchNorm layer (Ioffe and Szegedy
2015) in MAE (He et al. 2021)). In contrast, DINO (Caron
et al. 2021), obtains its representation by concatenating the
CLS token of the last four attention layers of the network.

Experiments
We evaluate the use of DILEMMA on several datasets, com-
pare it to state-of-the-art (SotA) SSL baselines, and perform
ablations to show the role of each loss component. In each
table, where we compare to an SSL baseline, we indicate
the baseline with a method name (e.g., MoCoV3 (Chen, Xie,

Method Epochs Time BS k-NN LinearF Linear

SimCLR 30 15.7h 512 41.46 50.21 -
+Sparsity 30 12.2h 512 41.11 49.73 -
+DILEMMA 30 12.2h 512 41.90 50.71 -

DINO⋆† 45 120.9h 192 61.35 65.46 -
+Sparsity⋆† 45 90.7h 192 62.33 68.49 -
+DILEMMA⋆† 45 90.7h 192 62.48 68.55 -
+DILEMMA⋆†↑ 60 121.0h 192 63.74 69.43 -

MoCoV3 100 102.8h 345 59.68 63.62 65.1
+Sparsity 100 68.4h 345 61.64 65.16 -
+DILEMMA 100 68.4h 345 61.97 65.62 66.6
+Sparsity↑ 150 102.6h 345 63.27 67.07 -
+DILEMMA↑ 150 102.6h 345 64.69 68.03 -

MoCoV3 300 - 4096 67.90 72.72 73.2
DINO 300 - 1024 67.9 - 72.5
DINO† 800 - 1024 74.30 75.74 77.0
Supervised 300 - 1024 - - 79.8

Table 1: ImageNet-1K Classification Transfer. The evalu-
ation uses k-NN and linear probing with a ViT-S/16 or,
where indicated, a ViT-Base/16 architecture. The ↑ models
are trained for a number of epochs, such that the total train-
ing time (see column Time) is the same as for the baseline
methods. BS stands for Batch Size. † models are trained with
multi-crop. ⋆ indicates ViT-Base/16 models

and He 2021)) and use a +{DILEMMA/sparsity} to indi-
cate that the baseline immediately above is combined with
just sparsity or with the DILEMMA loss, which includes
sparsity. We compare these two cases to show the added ben-
efit of the DILEMMA positional classification loss over the
lone sparsity.

Classification on ImageNet-1K
We show that DILEMMA leads to better representations
for ImageNet-1K than prior SotA methods. Since this
dataset has been used as a reference in SSL, it allows an
easy comparison with previous work. In all tested cases,
DILEMMA shows a consistent and significant improvement
over the baseline it has been integrated with. Notice that the
improvement due to the positional loss, relative to the use
of sparsity, becomes more significant with a longer training.

k-NN and Linear Probing. In Table 1, we evaluate the
quality of the ImageNet-1K pre-trained features. We either
use a weighted k nearest neighbor classifier (we always use
k = 20) (Wu et al. 2018b) or a simple linear layer on top of a
frozen backbone and frozen features. Since the use of spar-
sity has the added benefit of reducing the computational load
at each iteration, we also show the actual training time. For
example, with a ViT-Base/16 model and multi-crop, DINO
+ DILEMMA (denoted with the ↑ symbol) trains for 60
epochs in about the same time DINO trains for 45 epochs.
This gives a significant advantage in performance. Further-
more, DILEMMA outperforms the baseline methods even if
trained for the same number of epochs. The improvement
under the same number of epochs is about 1 − 2% due to
sparsity and 0.15−0.33% due to the positional classification
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Aircraft Caltech101 Cars CIFAR10 CIFAR100 DTD Flowers102 Food101 INat19 Pets STL10 SVHN Yoga82 Avg.

MoCoV3 38.70 87.35 28.72 91.97 75.09 64.63 91.67 67.97 33.30 84.63 95.76 64.56 56.41 67.75
-Position 16.29 60.79 5.88 31.36 13.96 50.59 60.51 31.64 18.12 53.34 70.61 20.02 15.25 34.49
+Sparsity 43.29 89.25 40.14 92.28 77.30 65.05 93.25 71.39 42.38 86.35 96.09 64.60 62.29 71.05
+DILEMMA 44.43 89.55 42.32 93.03 77.56 64.47 93.41 71.94 43.76 85.88 96.08 65.41 63.76 71.66
+Sparsity↑ 44.64 89.89 40.21 93.53 78.88 65.48 94.21 72.96 42.84 88.93 96.90 64.52 63.24 72.02
+DILEMMA↑ 46.02 90.29 43.44 94.20 80.05 65.37 94.47 74.10 44.13 88.53 96.75 66.30 64.90 72.97
DINO 45.66 88.30 47.07 90.61 74.06 66.22 94.54 73.00 47.36 85.83 96.62 53.74 59.90 70.99
+Sparsity 46.83 89.16 48.45 92.47 77.00 68.40 94.70 74.97 51.32 85.45 96.85 66.65 61.90 73.40
+DILEMMA 46.86 89.58 49.04 92.46 77.22 67.50 95.20 74.90 52.51 85.91 97.06 70.01 62.87 73.93
+DILEMMA↑ 48.60 89.66 50.85 93.39 78.85 68.30 95.38 75.48 52.71 86.54 97.41 71.47 64.00 74.82

Table 2: Transfer learning for image classification on 13 datasets. The ↑ variants are trained for the same duration as the
corresponding (non-sparse) baselines. −Position is the case of MoCoV3, where the input tokens do not have the corresponding
positional embeddings

ImageNet-1% ImageNet-10%
Method k-NN LinearF k-NN LinearF

Si
ng

le
-C

ro
p DINO 40.60 45.24 52.95 58.35

MoCoV3 38.48 43.69 50.83 56.08
+Sparsity 40.02 45.44 52.56 59.06
+DILEMMA 41.64 47.95 53.15 60.00
+Sparsity↑ 42.42 48.34 54.62 61.29
+DILEMMA↑ 45.62 51.58 56.66 62.61

M
ul

ti-
C

ro
p DINO 41.79 46.88 53.00 59.48

+Sparsity 42.36 48.65 53.61 62.33
+DILEMMA 42.73 48.81 53.81 62.32
+DILEMMA↑ 43.87 50.45 55.29 63.36

Table 3: Low-shot learning on ImageNet-1K. The ↑ variants
are trained for the same duration as the corresponding (non-
sparse) baselines. In the Single-Crop case, DINO is shown
only as a reference

loss for the k-NN evaluation. Similarly, it is about 2 − 3%
due to sparsity and 0.06− 0.46% due to the positional clas-
sification loss for our linear probing. Notice that the boost
due to the positional classification loss becomes more sig-
nificant with more epochs (e.g, for MoCoV3 and under the
same running time, the k-NN evaluation shows a boost of
3.59% due to sparsity and an additional 1.42% due to the
positional classification).

For the sake of completeness, we have also included
best reported numbers for ViT-S/16 with significantly larger
batch sizes and more training epochs.

Low-shot learning. In Table 3, we simulate transfers to
small datasets. With reference to ImageNet, we use the
model pre-trained on the whole unlabeled dataset, train a
linear layer on top of the frozen features of the 1% or
10% subsets (Chen et al. 2020a) and then evaluate the re-
sults on the whole validation set. The results show that
adding DILEMMA to MoCoV3 or DINO yields a more
label-efficient representation than with the corresponding
baselines. Notice that in this implementation DILEMMA is
based on MoCoV3, which, as was observed in DINO (Caron
et al. 2021), has a consistently worse k-NN accuracy than
DINO. Nonetheless, the addition of DILEMMA can more

Method Seg. w/ Lin. Seg. w/ UPerNet

mIoU mAcc aAcc mIoU mAcc aAcc

MoCoV3 12.44 15.91 65.95 32.13 43.37 76.79
+Sparsity 15.77 19.87 67.70 33.66 45.27 77.44
+DILEMMA 16.81 21.05 67.84 33.79 45.33 77.68
+Sparsity↑ 15.93 20.03 67.87 34.03 45.90 77.47
+DILEMMA↑ 17.11 21.48 67.98 34.98 46.73 77.97

DINO 23.51 30.42 68.73 30.64 43.90 74.52
+Sparsity 26.75 34.20 71.61 33.82 47.01 76.56
+DILEMMA 27.78 35.63 72.63 34.11 47.50 76.73
+DILEMMA↑ 28.72 36.72 72.79 34.87 47.95 77.61

Table 4: Semantic Segmentation on ADE20K. The ↑ variants
are trained for the same duration as the corresponding (non-
sparse) baselines

than compensate for the performance gap.

Downstream Tasks
We evaluate DILEMMA on several datasets to assess its
generalization capability across different classification
and detection tasks. While DILEMMA improves the per-
formance over the baselines in all the datasets, the most
significant improvement seems to occur for more shape-
based tasks, such as pose classification. The evaluation on
object segmentation, which is a dense downstream task, il-
lustrates the representation captured by the non-CLS tokens.

Transfer Learning. In Table 2, we evaluate the transfer
capability of our representations for image classification
on several datasets. We use: Aircraft (Maji et al. 2013),
Caltech101 (Fei-Fei, Fergus, and Perona 2004), Cars (Krause
et al. 2013), CIFAR10 (Krizhevsky 2009), CIFAR100

(Krizhevsky 2009), DTD (Cimpoi et al. 2014), Flowers102
(Nilsback and Zisserman 2008), Food101 (Bossard, Guillau-
min, and Van Gool 2014), INat19 (iNaturalist 2019), Pets
(Parkhi et al. 2012), STL10 (Coates, Ng, and Lee 2011),
SVHN (Netzer et al. 2011), and Yoga82 (Verma et al. 2020).
We train a linear layer on top of the frozen features to ac-
celerate the process. DILEMMA performs well in trans-
fer learning across all datasets and significantly more on
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DAVIS VOC12
Method (J&F)m Jm Fm Jac.sim.

MoCoV3 58.28 57.46 59.09 46.50
+Sparsity 58.94 57.05 60.83 45.34
+DILEMMA 60.00 57.99 62.02 48.89
+Sparsity↑ 58.03 56.74 59.33 45.93
+DILEMMA↑ 59.84 57.98 61.69 49.36

DINO 57.01 55.13 58.90 41.60
+Sparsity 56.83 54.84 58.81 40.03
+DILEMMA 57.60 55.39 59.80 39.71
+DILEMMA↑ 57.25 55.18 59.31 44.14

Table 5: Unsupervised object segmentation. We show the
mean region similarity Jm and the mean contour-based
accuracy Fm for DAVIS, and the Jaccard similarity for
VOC12. The ↑ variants are trained for the same duration as
the corresponding (non-sparse) baselines

datasets with shape-based tasks, such as Yoga82 (Verma
et al. 2020) (for yoga position classification).

We also try to measure approximately how much shape
matters in each dataset. We evaluate MoCoV3 with tokens
without their position embedding. For simplicity, we use the
same pre-trained MoCoV3 used throughout the experiments
(although one should ideally use a MoCoV3 trained without
position embeddings). We indicate this case with −Position
in Table 2. Without position embedding these features
are equivalent to a bag of features. We can see that the
improvement due to DILEMMA relative to the baseline
MoCoV3 follows the corresponding relative degradation
due to the bag of features representation. This suggests
that DILEMMA tends to generalize better on datasets with
shape-based tasks.

Semantic Segmentation on ADE20K. In Table 4, we
show the evaluation of DILEMMA on semantic segmen-
tation. This is a task that strongly relates to the shape of
objects. Thus, we expect to see a significant improvement
from a boost in the shape discriminability. The semantic
segmentation capability of self-supervised methods is
usually evaluated by fine-tuning the model with an extra
decoder. For that we use UPerNet (Xiao et al. 2018) on the
ADE20K (Zhou et al. 2017) dataset and train the model
for 160K iterations with a batch size of 2 for ViT-Base and
8 for ViT-Small. We also follow the evaluation protocol
of iBOT (Zhou et al. 2021) and just train a linear layer
(for 160K iterations and a batch size of 16) for semantic
segmentation with a frozen backend to directly assess the
per-token representation. The results show that DILEMMA
is also better than the baseline models for dense classifi-
cation tasks. It yields remarkable mIoU improvements of
4.6% against MoCoV3 and of 5.2% against DINO in the
linear settings and under the same training time.

Unsupervised Object Segmentation. In Table 5, we
evaluate the single frame object segmentation task. We use
the mask generated from the attention of the CLS token

Method Shape Accuracy Texture Accuracy

MoCoV3 80.78 82.66
+Sparsity 82.55 81.78
+DILEMMA 83.58 82.11
+Sparsity↑ 82.72 82.77
+DILEMMA↑ 83.52 83.82
DINO 80.84 79.47
+Sparsity 83.18 81.01
+DILEMMA 83.58 80.79
+DILEMMA↑ 83.64 81.45

Table 6: Humanoid Vision Engine Benchmark (Ge et al.
2022) results. The ↑ models are trained for a number of
epochs, such that the total training time is the same as for
the baseline methods

(thresholded to keep 0.9 of the mass) as in DINO (Caron
et al. 2021), and report the Jaccard similarity between the
ground truth and the mask evaluated on the validation set
of PASCAL-VOC12 (Everingham et al. 2009). For the
videos we use the DAVIS-2017 video instance segmentation
benchmark (Pont-Tuset et al. 2017) and by following the
protocol introduced in Space-time by Jabri et al. (Jabri,
Owens, and Efros 2020) we segment scenes via the nearest
neighbor propagation of the mask. In these evaluations, the
role of the positional classification loss seems to be more
important than sparsity alone.

Humanoid Vision Engine Benchmark. We also use the
newly introduced HVE (Ge et al. 2022) to evaluate our shape
bias in Table 6. In HVE Shape dataset, the input images
are only the depth map of the foreground object which only
contains shape information. We see that DILEMMA outper-
forms the base model which confirms our hypothesis that
DILEMMA can focus on shape. For the HVE Texture, only
four grey scaled random crops of the foreground object are
concatenated and fed as input, so predicting the right class
requires high texture discriminability. Results on HVE Tex-
ture show that DILEMMA’s better shape understanding did
not harm the texture discriminability.

Robustness against Background Change. Following the
background challenge evaluation metric (Xiao et al. 2020),
we compute the classification accuracy of the model on a
subset of ImageNet (IN-9) by changing the background and
foreground. As shown in Table 7, in O/N.F. (Only/No Fore-
ground), M.S/R/N. (Mixed Same/Random/Next), where the
foreground is visible or accurately masked out, we outper-
form the base model. When the foreground is not visible
(O.BB. (Only Background with foreground box Blacked
out) and O.BT. (Only Background with foreground replaced
with Tiled background)) the model performs correctly and
does not just rely on the background for image classifica-
tion.
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Method Background Change Clean

M.N.(↑) M.R.(↑) M.S.(↑) N.F.(↑) O.BB.(↓) O.BT.(↓) O.F.(↑) IN-9(↑)
MoCoV3 64.52 65.68 78.57 38.69 9.41 10.67 77.80 91.65
+Sparsity 65.53 67.75 80.25 38.72 9.48 10.40 78.15 92.52
+DILEMMA 65.19 68.37 79.63 39.19 8.42 9.68 78.37 92.00
+Sparsity↑ 66.25 69.60 81.26 40.25 10.99 10.25 80.10 92.77
+DILEMMA↑ 68.86 71.16 81.85 40.40 8.69 10.64 82.42 93.46
DINO 65.56 68.94 79.95 33.28 9.70 9.90 80.99 92.17
+Sparsity 67.68 71.28 82.10 35.23 8.89 11.11 83.26 93.43
+DILEMMA 69.58 71.85 82.89 36.02 9.31 10.47 83.75 93.06
+DILEMMA↑ 69.38 73.75 82.94 38.54 8.81 9.90 84.69 93.93

Table 7: Robustness of pre-trained models against background changes. The ↑ models are trained for a number of epochs, such
that the total training time is the same as for the baseline methods

Sampling Method k-NN Linear
Importance Based 71.88 76.76
Random 73.98 77.78

Table 8: Token dropping policy. Results are evaluated on
IN100

IN100 IN-1K
Sparsity k-NN Linear k-NN Linear
0% (Dense) 76.16 77.50 53.27 58.20
75% 73.98 77.78 52.99 57.90
Random 74.46 78.82 55.71 59.55

Table 9: Random Dropping Ratio. Results on the left are
evaluated on IN100 and on the right on IN-1K

Ablations
In these experiments, we want to validate empirically a num-
ber of choices: 1) we ask how much the trained model
is robust to occlusions (sparsity) and positional errors; 2)
whether the selection of tokens should be random or guided;
3) whether the ratio of dropped tokens should remain con-
stant in time or instead vary; 4) what the relevance of the
positional classification loss is; 5) the impact of the number
of positional errors used during training; 6) whether other
design variations are more effective than DILEMMA.

Ablation studies are conducted either on ImageNet100
(IN100) or ImageNet-1K (IN-1K). For the smaller dataset
we train the dense models for 300 epochs and the sparse
models for 450 epochs (with the same hardware and time
settings). For IN-1K experiments we train all models for 50
epochs with MoCoV3 unless stated otherwise.

Token Dropping Policy. In Table 8, we compare the
case of dropping the tokens that are less important based
on the attention of the teacher network (Li et al. 2021c)
compared to randomly dropping the tokens. Results show
that simple random dropping works well and there is no
need to introduce extra complexity to the policy.

IN-1K Yoga82
k-NN Linear k-NN Linear MD Acc.

MoCoV3 53.27 58.20 31.60 51.27 -
+MD 54.18 58.78 35.78 54.53 100.00
+Sparsity 55.71 59.55 32.73 50.90 -
+Both 55.63 59.84 35.94 57.26 96.21

Table 10: Mismatch Detection (MD). Detecting misplaced
tokens for dense inputs is easily solved, but still improves
the model’s performance on shape based tasks. Note that
adding both MD and Sparsity to the base model is the same
as DILEMMA

IN-1K Yoga82
θ k-NN Linear k-NN Linear
0.3 55.34 59.79 34.95 56.63
0.2 55.63 59.84 35.94 57.26

Table 11: Mismatch Probability. Too much mismatch hurts
performance

IN-1K Yoga82
Task k-NN Linear k-NN Linear
None (MoCoV3) 53.27 58.20 31.60 51.27
Pos. Correction 54.77 58.95 35.74 56.15
Partial Jigsaw 55.72 59.19 34.77 56.79
Flip Detection 55.69 59.59 35.09 55.00
DILEMMA 55.63 59.84 35.94 57.26

Table 12: Variants of the loss. Although the variants improve
the performance wrt the baseline, DILEMMA is the most
effective one

Randomized Dropping Ratio. In Table 9, we verify that
a randomized dropping ratio is better than a constant one.
We conducted two experiments: one on IN100 and one
on IN-1K. The results show that a randomized dropping
ratio performs better than a constant one. On the more
difficult IN-1K dataset, just applying sparsity is worse
than using the dense model. Only with a random drop-
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Method BatchSize EpochTime MaxMem(GB)

SimCLR 640 21:35 23.65
+DILEMMA 1680 18:20 (×0.85) 23.17
MoCoV3 656 49:08 23.41
+DILEMMA 1664 32:11 (×0.65) 23.55
DINO 576 37:57 22.73
+DILEMMA 1184 24:13 (×0.64) 22.79
DINO(MC)† 144 3:07:21 22.85
+DILEMMA† 216 2:15:52 (×0.72) 23.69

Table 13: Timing and memory usage of training ViT-Small
models with four RTX Geforce 3090 GPUs. MC stands for
Multi-Crop. † models use ViT-Base

ping ratio can the sparse model outperform the dense model.

Position Classification Loss. In Table 10, we verify that
the position classification loss helps, by training a dense
model with position mismatch detection. Surprisingly, even
though the Mismatch Detection (MD) (i.e., the average
classification accuracy of the token locations – see “MD
Acc.” in Table 10) is easily solved (it achieves 100% in
the dense case), the dense model can still improve the
performance of the model on a downstream task. The
performance improvement for a task like in Yoga82, which
requires a better understanding of shape, is quite significant
both with the dense and randomized sparsity inputs.

Mismatch Probability. The probability of a positional
embedding mismatch θ is one of the hyper-parameters
of DILEMMA. Early in our experiments, we found out
that 20% is much better than 15% (which is used by
Electra (Clark et al. 2020a)), probably due to the higher
information redundancy in images compared to text. In
Table 11, we show that θ = 30% yields worse performance
than the default θ = 20%.

DILEMMA Variants. We also tried some variants of
DILEMMA. Instead of just detecting the misplaced tokens,
we predict the right position (as a classification task of 196
classes). The other variant, which we call Partial Jigsaw,
is to feed some tokens without position encoding and
ask the network to predict their position given the other
(sparse) correctly position-encoded tokens. Lastly, instead
of corrupting the position, one can corrupt the content of
a patch. Instead of using complex methods like inpainting
we simply horizontally flip some of the patches and use
the binary cross-entropy as our loss. Table 12 shows that
even though all of these methods do help in terms of
shape discrimination, DILEMMA is the one with the best
performance both on IN-1K and Yoga82.

Timing. To show the efficiency of the proposed method, we
ran SimCLR, MoCoV3, DINO with and without multi-crop
on 4 GPUs and reported the epoch times in table 13.

Combining with MAE. To show the general applicability
of our proposed method to masked models, we misplaced

Method Linear Finetune
MAE 37.30 82.60
+DILEMMA 39.06 83.30

Table 14: Combining DILEMMA with MAE. Results are
evaluated on IN100 after pretraining for 200 epochs and us-
ing ViT-Base

Method 300 Epochs 1000 Epochs
MoCoV3 77.50 79.76
+DILEMMA 78.82 81.26

Table 15: Longer Pretraining on IN-100. Linear accuracies
on IN100 after pretraining for 300 and 1000 epochs

some of the MAE (He et al. 2021) inputs and added
DILEMMA loss to the encoder of MAE in addition to
the reconstruction loss of the decoder. Both MAE and
DILEMMA are trained for 200 epochs on IN-100 (using the
exact same hyperparameters of the official repository) and
results in table 14 show that we can outperform MAE both
in terms of linear probe and finetuning.

Longer Pretraining. We pretrain MoCoV3 and DILEMMA
for 1000 epochs on IN-100 and evaluate their linear perfor-
mance to see whether the benefits of DILEMMA still hold
for longer pretrainings. Results in table 15 show that indeed
DILEMMA always performs better than the baseline even
with longer pretraining.

Weaker Data Augmentations. One of the most important
factors for the performance of contrastive learners is the data
augmentation. In this short experiment (50 epochs of pre-
training, and 70 epochs of linear training) we only used ran-
dom resized cropping (like MAE (He et al. 2021)) on IN-1K
for both MoCoV3 and DILEMMA. Linear probe accuracy
of DILEMMA is 44.48% and for MoCoV3 it is 29.65%
(Note that a 100 epoch pretrained ResNet-50 (He et al. 2016)
with SimCLR (Chen et al. 2020a) gets 33.1% accuracy).
This huge gap shows that DILEMMA is a generic method
for representation learning and does not completely depend
on the contrastive component of the loss.

Conclusions
We introduced a novel SSL method based on a position clas-
sification pseudo-task and a contrastive loss. We showed that
awareness of the relative location of tiles of the input image
is important for generalization and in particular when fine-
tuning on shape-based downstream tasks. Since our method
is based on the ViT architecture, we introduce sparsity in
the input (i.e., dropping image tiles), to both speed up the
training and also to avoid trivial degenerate learning.
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Hornung, A.; and Van Gool, L. 2017. The 2017 DAVIS Challenge
on Video Object Segmentation. arXiv:1704.00675.
Tamkin, A.; Liu, V.; Lu, R.; Fein, D.; Schultz, C.; and Goodman, N.
2021. DABS: A Domain-Agnostic Benchmark for Self-Supervised
Learning. arXiv preprint arXiv:2111.12062.

Tartaglini, A. R.; Vong, W. K.; and Lake, B. M. 2022. A
Developmentally-Inspired Examination of Shape versus Texture
Bias in Machines. arXiv preprint arXiv:2202.08340.
Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.;
Gomez, A. N.; Kaiser, Ł.; and Polosukhin, I. 2017. Attention is
all you need. Advances in neural information processing systems,
30.
Verma, M.; Kumawat, S.; Nakashima, Y.; and Raman, S. 2020.
Yoga-82: a new dataset for fine-grained classification of human
poses. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops, 1038–1039.
Wang, X.; Zhang, R.; Shen, C.; Kong, T.; and Li, L. 2021. Dense
contrastive learning for self-supervised visual pre-training. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 3024–3033.
Wu, Z.; Xiong, Y.; Yu, S. X.; and Lin, D. 2018a. Unsupervised fea-
ture learning via non-parametric instance discrimination. In Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, 3733–3742.
Wu, Z.; Xiong, Y.; Yu, S. X.; and Lin, D. 2018b. Unsupervised Fea-
ture Learning via Non-parametric Instance Discrimination. 2018
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion, 3733–3742.
Xiao, K.; Engstrom, L.; Ilyas, A.; and Madry, A. 2020. Noise or
signal: The role of image backgrounds in object recognition. arXiv
preprint arXiv:2006.09994.
Xiao, T.; Liu, Y.; Zhou, B.; Jiang, Y.; and Sun, J. 2018. Unified
perceptual parsing for scene understanding. In Proceedings of the
European Conference on Computer Vision (ECCV), 418–434.
Xiao, T.; Reed, C. J.; Wang, X.; Keutzer, K.; and Darrell, T. 2021.
Region similarity representation learning. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, 10539–
10548.
Xie, Z.; Lin, Y.; Yao, Z.; Zhang, Z.; Dai, Q.; Cao, Y.; and Hu, H.
2021a. Self-supervised learning with swin transformers. arXiv
preprint arXiv:2105.04553.
Xie, Z.; Lin, Y.; Zhang, Z.; Cao, Y.; Lin, S.; and Hu, H. 2021b.
Propagate yourself: Exploring pixel-level consistency for unsu-
pervised visual representation learning. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion, 16684–16693.
Zhai, S.; Jaitly, N.; Ramapuram, J.; Busbridge, D.; Likhomanenko,
T.; Cheng, J. Y.; Talbott, W. A.; Huang, C.; Goh, H.; and Susskind,
J. M. 2022. Position Prediction as an Effective Pretraining Strategy.
In ICML.
Zhang, R.; Isola, P.; and Efros, A. A. 2016. Colorful image col-
orization. In European Conference on Computer Vision, 649–666.
Springer.
Zhou, B.; Zhao, H.; Puig, X.; Fidler, S.; Barriuso, A.; and Torralba,
A. 2017. Scene parsing through ade20k dataset. In Proceedings of
the IEEE conference on computer vision and pattern recognition,
633–641.
Zhou, J.; Wei, C.; Wang, H.; Shen, W.; Xie, C.; Yuille, A.; and
Kong, T. 2021. ibot: Image bert pre-training with online tokenizer.
arXiv preprint arXiv:2111.07832.

9713


