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Abstract. Video-based pretraining offers immense potential for learning strong
visual representations on an unprecedented scale. Recently, masked video model-
ing methods have shown promising scalability, yet fall short in capturing higher-
level semantics due to reconstructing predefined low-level targets such as pixels.
To tackle this, we present Sinkhorn-guided Masked Video Modelling (SIGMA),
a novel video pretraining method that jointly learns the video model in addi-
tion to a target feature space using a projection network. However, this simple
modification means that the regular L2 reconstruction loss will lead to trivial
solutions as both networks are jointly optimized. As a solution, we distribute
features of space-time tubes evenly across a limited number of learnable clus-
ters. By posing this as an optimal transport problem, we enforce high entropy in
the generated features across the batch, infusing semantic and temporal mean-
ing into the feature space. The resulting cluster assignments are used as tar-
gets for a symmetric prediction task where the video model predicts cluster as-
signment of the projection network and vice versa. Experimental results on ten
datasets across three benchmarks validate the effectiveness of SIGMA in learning
more performant, temporally-aware, and robust video representations improv-
ing upon state-of-the-art methods. Our project website with code is available at:
https://quva-lab.github.io/SIGMA.

1 Introduction

Video-based pretraining offers an unprecedented scale of training data. With a sim-
ple estimate of 24 frames per second, 196 tokens per frame, and around 90K years
of videos [53], YouTube alone would contain around 10,000 trillion tokens. Compare
this to the language domain where, for example, large-scale pretraining such as Llama-
2 [70] utilized “only” 2 trillion tokens. Videos offer not only a vast scale for pretraining,
but also allow for understanding how objects interact with one another and transform
across time. Such semantic temporal and spatial understanding is valuable for many
applications ranging from autonomous driving [11,36,41] to robotic planning [27,78],
embodied Al [21], and learning world models [31,46].

As in the language domain, the key to achieving scalability lies in utilizing self-
supervised learning signals. Initial works on self-supervised video learning focused on
solving pretext tasks such as temporal ordering [26] or playback speed prediction [85].
Those methods achieved relatively good performance on small-scale datasets like UCF-
101, yet, these methods do not scale well with more pretraining data. More recently, the
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Vision Transformer (ViT) [19] has shown to scale well with data and parameter size
[16,61] and has been successfully adapted to videos [1,23], albeit, initially requiring
large-scale labeled data.

At present, self-supervised works utilizing a masked video modeling framework for
vision transformers — operating similarly to the ‘filling-in-the-blank’ objective utilized
in large language models — now dominate the field and obtain state-of-the-art perfor-
mances [22,25,68]. In this framework, part of the input data is masked and the network
is trained to reconstruct predefined targets such as pixel values [22,68,73], frame differ-
ences [45] or a Histograms of Oriented Gradients [25]. While scalable and simple, these
current methods do not fully capture the higher-level temporal and spatial semantics, as
we also show empirically in this paper. This is because individual patches or space-time
tubes do not represent individual semantic units, while in the language domain, words
or subwords do. Therefore, tasking the model to reconstruct them pushes it towards
learning low-level features. Based on this, we propose a novel approach for masked
video modeling that focuses on reconstructing more abstract temporal and spatial video
representations.

In this work, we propose a new framework
wherein the typically predefined reconstruction
target space can be simultaneously learned along-
side the video model. For this, a projection net- L2 projection | Cross-
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work is introduced which embeds both the vis- nevork [ encropy
ible and masked portions of the video, yielding

deep feature reconstruction targets. However, em- VideoMAE S(L(:’ll:[s?
ploying a commonly used L2 reconstruction loss

naively is ineffective due to the joint optimization  gjg 1. Overview of our idea. Com-
of both networks leading to a trivial solution as pared to VideoMAE, which uses
both networks collapse to the same output irre- RGB pixels as targets, we generate
spective of the input. To solve this, we introduce Sinkhorn-regularised features as re-
SIGMA: Sinkhorn-guided masked video model- construction targets. This obtains more
ing, where deep features of space-time tubes are ~semantic features and yields better pre-
regularised by optimal transport uniformly across training performance.

clusters. This effectively acts as a high-entropy regularization constraint and enforces
similar space-time tube features to be assigned to the same centroid, infusing semantic
meaning into the feature space. These cluster assignments and centroids are learned in
an online manner using the fast Sinhkhorn-Knopp algorithm, yielding feature pseudo-
labels as targets. With these targets, we formulate our loss objective as a symmetric
prediction task, where the features from each branch — the video model and the projec-
tion network — cross-predict the cluster assignment of the other. By doing so, we force
the features of space-time tubes to be expressed by a limited number of clusters, en-
forcing semantic-rich concepts, while eliminating the dependency on predefined targets
such as the masked pixel values, commonly used in prior works. Moreover, despite our
cross-prediction task, we do not rely on any augmentations [18,52,55] or crops [5,63],
making our model stable and easy to train.

We conduct experiments on ten datasets across three benchmarks and demonstrate
the superiority of our approach compared to the baseline VideoMAE [68], as well as
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current state-of-the-art methods. We show that in a frozen evaluation setting our method
outperforms previous works considerably on various video and even image datasets
showcasing better transferability. Moreover, we evaluate the object-level understanding
of our method, by evaluating its performance on an unsupervised video object segmen-
tation benchmark [58], demonstrating better spatial and temporal semantics. Finally, we
evaluate the generalization abilities on the SEVERE benchmark [65] and improve upon
existing works. These findings confirm that SIGMA learns more performant, temporally-
aware and robust representations. We will make the code and models available.
Our contributions can be summarized as follows:

— We propose SIGMA: a masked video modeling framework in which the reconstruc-
tion target space is jointly learned along with the video model.

— We extensively evaluate our pretraining method across standardized sets of datasets
and benchmarks and obtain state-of-the-art results.

— We highlight the flexibility of our approach by including DINO-pretrained features
as reconstruction targets, which obtains further gains.

2 Related Works

Self-supervised Video Representation Learning. Self-supervised learning aims to
learn features that can discriminate within an input distribution without the need for
supervision. This is often achieved in images, by training models to accomplish pretext
tasks, as outlined in works like [49], [28], and [87], or instance-discrimination tasks, de-
tailed in [3, 8, 13,50, 79]. The underlying premise is that the features developed via this
methodology are broadly applicable, as they can differentiate between a large number of
instances or solve general pretext tasks. In videos, a similar approach is employed, with
an increased focus on temporal aspects. Consequently, numerous pretext tasks have
been proposed, including spatio-temporal puzzle solving [37], pace prediction [71],
0dd-One-Out [26], temporal order verification [47, 81], speed prediction [6, 12], sort-
ing sequences [42], playback rate perception [85], and ranking transformations [20]. For
instance-discrimination, the methods such as [15,55,64,67,72,84] have been proposed,
which set out to learn a representation that can separate between different instances,
while ignoring the meaningless variances introduced by spatio-temporal data augmen-
tations [13, 18, 33, 50, 66]. Unlike these methods, our approach does not depend on
spatio-temporal augmentations. This enhances its generalizability and scalability, as it
eliminates the need for dataset-specific augmentation design.

Masked Input Modeling for Vision Transformers. The idea of reconstructing masked
input as a generative pretext task was first introduced by [51]. MAE [32] showed that
the features learned by this approach are very general when the backbone is replaced by
vision transformers [19]. Since then, lots of methods have been proposed that expand
on the idea, such as [25,48,74,77,80] in the image domain. Recent research, including
JEPA [4], has proposed the novel approach of mask feature prediction within the latent
space, demonstrating improved performance on various image benchmarks, at the ex-
pense of instability challenges. VideoMAE [69] employs the same approach for the first
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time in video. Follow-up works have tried to improve VideoMAE by predicting low-
level predefined targets instead of pixels [74,75] or improve the temporal understand-
ing of VideoMAE by either designing masks that mainly focus on the moving objects
or explicitly adding motion information in the objective function [34, 63]. MME [63],
for instance, applies two major modifications to VideoMAE. First, following [25], the
decoder predicts HOG features of the masked area instead of the pixel values. Second,
it extracts object motion trajectories using optical flow and predicts these trajectories in
conjunction with the masked features using the decoder part. However, as motion tra-
jectories become inaccurate in the presence of camera motion, the entire training dataset
undergoes preprocessing to eliminate the effects of camera motion before training. By
similar intention of learning better motion information, MGM [34] and MGMAE use
the hand-crafted motion vectors used by H.264 codec [57] or optical flow modality to
mask tubes representing moving objects more than other areas. Unlike such methods,
our method is general and does not require any preprocessing or hand-crafted features.
Instead, we propose to project spatio-temporal tubes in a deep feature space as the tar-
gets of the decoder to jointly learn high-level motion and appearance patterns.

3 Methodology

In Sec. 3.1, we first review the common approach to masked video modeling, which
focuses on the precise reconstruction of masked pixel values, leading to the extraction
of low-level features. As a solution, we introduce a projection network ¢ in Sec. 3.2 that
is jointly optimized with the video model and whose features are used as targets for the
reconstruction task. However, this adjustment leads to a trivial solution. To circumvent
this, we employ a cluster bottleneck strategy, as detailed in Section 3.3. Features of sim-
ilar space-time tubes are matched to the same cluster which infuses semantic meaning
into our feature space. With these pseudo-labels, we can formulate a self-supervised
prediction task with which we optimize the parameters of our networks. An overview
of our method is depicted in Figure 2.

3.1 Masked video modeling

In masked video modeling [22, 45, 63, 68, 73], the primary objective is the precise
reconstruction of masked pixel values. Specifically, a video V, composed of frames
{z1,...,27}, is segmented into a set of space-time tubes T with a significant propor-
tion (approximately 90%) being masked motivated by the inherent redundancy in video
data. A video model ¥ with an asymmetric encoder-decoder architecture is trained to
accurately reconstruct the pixels of the masked space-time tubes 7™ leveraging the
unmasked tubes 7 = T\7T™ and the positional information of the masked patches
via

N
1
L= T = (Tl 1)

i=1

with NV the number of masked space-time tubes, 7; denotes the pixels of the i-th space-
time tube, and W (T™); represents the reconstructed pixels for this tube given the set
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Fig. 2. Overview of our proposed method SIGMA . A given video is embedded with the projec-
tion network ¢ leading to features x¥. The video model ¥ predicts feature embeddings x? of
the masked space-time tubes. Both embeddings are projected onto the learnable prototypes rep-
resenting cluster centroids. Cluster assignments are created with an adapted Sinkhorn algorithm
enforcing equipartition across all prototypes. These pseudo-labels are then used as targets for the
predictive task L g with which the networks are optimized.

of all non-masked tubes 7V. This loss function encourages strictly predicting the pixel
values of the input video. Thus, mainly low-level features are captured in the trained
video model ¥ as evidenced by low linear probing performance (see Tab. 1). Yet, video
reasoning necessitates an understanding of how scenes and objects interact with one
another and transform across time. To achieve such a higher-level semantic understand-
ing, we first exchange the target space in which the reconstruction loss is applied, to a
deeper feature space.

3.2 From pixel to feature reconstruction

Rather than directly predicting pixel values, we change the target space to a feature
space by introducing a projection network that can be jointly optimized. This enables
the projection network to autonomously learn the target space, diverging from previous
works that use predefined targets such as frame differences [83], motion trajectories [63]
or HOG features [25]. The projection network ¢ embeds space-time tubes from a given
video into features representing x¥ = ¢(7T) (see bottom stream in Fig.2). We only
select the features from the space-time tubes 7 that are used for the masked prediction
task in the video model and name this sampling process inverse masking in Fig. 2. Thus,
the target space has been replaced, and Eq. 1 changes to

N
1
£y =5 D _Ixf —xVI3, 2)
=1

with the prediction x¥ = ¥ (T). However, this leads to a trivial solution as both, the
parameters of the projection network ¢ and the encoder-decoder video model ¥, are
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being jointly optimized, and can agree to map all space-time tubes to the same feature

vector p(TN) =w(TV).

3.3 SIGMA: Sinkhorn-Guided Masked Video Modeling

To circumvent this trivial solution, we constrain the feature space to be partitioned into
a limited number of clusters. This can be interpreted as a bottleneck with enforced high
entropy. We accomplish this in an online manner by mapping the features x of space-
time tubes to a set of learnable prototypes C = {cy,...,ck }, representing cluster
centroids. For that, we define a mapping Q € Rf *B of embeddings X = [x1,...,%x58]
to prototypes C. An equipartition constraint is introduced on Q to enforce that all pro-
totypes are equally used, mitigating the trivial solution of all data points collapsing onto
a single prototype. Due to the limited number of prototypes, similar and nearby space-
time tubes are assigned to the similar prototypes, infusing semantic spatial and tempo-
ral meaning into the feature space. This assignment can be formulated as an entropy-
regularised optimal transport problem [2] for all space-time tubes over a mini-batch B

min(Q. ~ logX) + + L KL(@Q|reT), 3)
w1thr—% 1, c:%ﬂl. (€]

Here ) controls the entropy regularisation, 7, ¢ are the marginals for the prototypes, and
B = Np x Ny being all samples N in the mini-batch B for all space-time tubes N
We rely on the Sinkhorn algorithm [14] to solve Eq. 4, which can be done extremely
quickly on the GPU [2,9] and yields soft pseudo-labels q, such that argmax(q) = Q.
With that, pseudo-labels q¥ are generated for the embeddings x¥ of the projection net-
work. These pseudo-labels are then used as targets for the video model ¥ and vice versa.
Then the goal of ¢ and ¥ is to predict each other cluster assignments q based on the
projection of the features onto the shared prototypes [9]. We formulate this predictive

task between the pseudo-label q and the scores X = x ' ¢ using cross-entropy
Lce(X,q) Z qr) log Pk (5)
exp (£xy)

Ph) = = 71z (6)
= > exp (%)

where 7 represents the temperature parameter. We use softmax to define a probability

distribution py) between x and all K prototypes in C. The loss function for all space-

time tubes 7 in a mini-batch 5 can be written as a symmetric prediction task

B
1 - -
i=1

with Log (%%, qY) the loss for predicting the pseudo-labels based on the feature of
the video model ¥ and L g(XxY, q¥) the one from the projection network . By us-
ing feature pseudo-labels as targets for our symmetric loss, we solve the shortcomings
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of low-level predefined targets in Eq. 1 and circumvent the trivial solution for deep
targets outlined in Eq. 2. In contrast to prior works [5, 18,52, 55, 56, 67] that rely on
handcrafted augmentations to generate different views for their loss objective, our loss
Eq. 7 circumvents that by instead predicting deep feature targets of masked space-time
tubes. The joint space defined by the Sinkhorn clustering also mitigates the need for
a momentum encoder as required by previous works [5, 18,55] and thus allows us to
vary the architecture choice for our projection network ¢, as we will demonstrate in our
experiments.

4 Experiments

We evaluate our method on a total of ten different datasets and across three common
benchmark settings. In Sec. 4.1 we first compare our approach against state-of-the-art
video models in a linear probing (frozen backbone) and the standard full finetuning
setting. Then, in Sec. 4.2 we benchmark the semantic spatial and temporal understand-
ing by reporting unsupervised semantic segmentation performance and visualizing the
segmentation masks. In Sec. 4.3 we evaluate our approach on the SEVERE bench-
mark [65,67] specifically designed to analyze the generalization performance of video
models. Lastly, we ablate parts of our approach to give more insights in Sec. 4.4.

Implementation details. As a projection network ¢ we use a simple 3-layer Multi-
Layer Perceptron (MLP) consisting of a linear layer with 1024 neurons followed by
a GELU activation function and a final linear layer mapping to the feature dimen-
sion of 256 for the predictive task. This MLP embeds a given space-time tube and is
trained jointly with our video model ¢. This variant is abbreviated as SIGMA w/ MLP.
Moreover, our approach allows us to leverage pretrained models such as DINO [10]
which is kept frozen while training the video model (SIGMA w/ DINO). We pretrain
these variants on: Something-Something V2 (SSv2) [30] and Kinetics-400 (K400).
SSV2 contains 220K videos with 174 action classes and is considered motion-heavy
because of its focus on motion and directional aspects inherent to the actions. K400 is
acknowledged as the benchmark for video recognition evaluations, encompassing 240K
Internet-sourced videos classified into 400 action categories. We follow previous works
for pretraining and use a temporal stride 7 of 2 for SSv2 and 4 for K400. We sample a
clip of 16 frames from the raw video at a resolution of 224 x 224 pixels. We use space-
time tube embeddings like in VideoMAE [68] where each cube of size 2 x 16 x 16 is
treated as one token embedding and are extracted with a 3D convolution layer. We also
use the commonly high masking ratio of 90% with which tubes are randomly masked.
To be comparable with previous works and use the same configurations for the small
and base ViT backbones. We follow [68] to use AdamW [44] optimizer with a base
learning rate 1.5e74, weight decay 0.05, 8 = [0.9,0.95], and cosine learning rate de-
cay. For downstream tasks, we employ average pooling upon all output tokens before a
final layer is added to map from the feature dimension to the number of classes used for
classification. We follow the full finetuning setup from VideoMAE [68] and list all hy-
perparameters for pretraining and finetuning in the supplemental material. The source
code of this project will be released upon acceptance.
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Table 1. Benchmark I: Frozen evaluation of masked video modeling methods. A linear layer
on top of the frozen ViT-B backbone is optimized. The ViT-B backbones are pretrained on
Kinetics-400 (K400). We evaluated the official publicly released model from the correspond-
ing method. SIGMA consistently outperforms previous masked video modeling works across all
video and image datasets, often considerably.

SSv2 K400 UCF HMDB IN-1K C-100

MVD [76] 122 187 49.1 28.6 20.0 34.1
MME [63] 166 19.1 560 37.1 15.8 342
VideoMAE [68] 17.5 20.7 58.6 37.7 20.2 40.4
MGMAE [35] 16.8 249 644 413 20.4 44.1
SIGMA w/MLP 199 30.7 73.8 450 24.1 46.2
SIGMA w/ DINO 20.8 47.5 80.7 523 45.0 66.7

4.1 Benchmark I: Comparisons for linear and full finetuning

We conduct the linear and full finetuning experiments on four commonly used datasets
including SSv2, K400, UCF-101 [62] and HMDB-51 [39]. We refer to the supplemen-
tary material for details on the datasets. In addition, we also show the effectiveness of
video models on image datasets such as ImageNet-1K (IN-1K) [17], and CIFAR-100
(C-100) [38].

Frozen evaluation setup. We analyze the downstream abilities of our approach and
compare it against state-of-the-art methods using a frozen evaluation setting. The un-
derlying ViT-B backbone pretrained on K400 remains frozen while a linear layer on
top is optimized for the specific target dataset. This frozen setup better evaluates the
pretrained models compared to full finetuning where all the learned parameters are
overwritten. We compare against the recent masked video modeling works MGM [22],
MME [63], MVD [76], and VideoMAE [68]. We used the official publicly released pre-
trained models from those methods and used the commonly used 800 epochs checkpoint
except for MVD which pretrain for 1600 epochs and distill for 400 epochs.

Frozen evaluation results. From the results in Tab. 1 we observe a big improvement
in performance with our method against all state-of-the-art methods while using only a
simple MLP as a projection network leading to an average improvement of 4.5% across
all datasets and domains. Furthermore, an even bigger improvement is observed when
we train our method using DINO as a projection network with an average improve-
ment of 16.8% across all datasets. Surprisingly, we observe that MVD, which relies
on predefined MAE feature targets, achieves the lowest performance, showcasing that
the ability of our method to jointly learn a more semantic target space is crucial. Our
method outperforms VideoMAE and MGM, which use pixel values as reconstruction
targets, highlighting the efficacy of our Sinkhorn-guided approach that predicts feature
cluster assignments. In summary, these findings confirm that our approach leads to more
spatial and temporal semantic features.

Full finetuning setup. In this experiment, we evaluate the downstream action classi-
fication abilities of our method in a full finetuning setup for SSv2 and K400. We use
the ViT-S and ViT-B backbones and pretrain for 800 epochs on the respective datasets
following previous works [22, 45, 68]. For clarity, we compare against methods with
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Table 2. Benchmark I: Comparison for full finetuning on Something-Something V2 (SSv2).
The top part compromises supervised methods while the remaining methods are pretrained in
a self-supervised manner. The middle section evaluates models trained on Kinetics 400 (K400)
data for pretraining whereas the bottom part mainly used SSv2 data. We compare against previous
methods pretrained on the ViT-Base backbone for 800 epochs. A full table with all previous works
using also different pretraining setups is provided in the supplemental. M. Guid. denotes motion
guidance such as optical flow used e.g. reconstructing targets or masking. Our method achieves
state-of-the-art performance on SSv2 w/ and w/o motion guidance.

Method M. Guid. Backbone Epochs Extra data Frames Params Top-1
supervised baselines
SlowFast [24] - ResNet101 - K400 8+32 53  63.1
MViTvl [23] - MViTvl-B - K400 64 37 677
TimeSformer [7] - ViT-B - IN-21K 8 121 595
VideoSwin [43] - Swin-B - IN-21K 32 88  69.6
self-supervised
_%" SIGMA-DINO (ours) X ViT-S 800 IN-1K+K400 16 22 68.7
=
‘s OmniMAE [29] X ViT-B 800 IN-1K+K400 16 86  69.0
§ VideoMAE [68] X ViT-B 800 K400 16 87 685
;- MME [63] v ViT-B 800 K400 16 87 70.5
S  SIGMA-MLP (ours) X ViT-B 800 K400 16 87 69.8
2 SIGMA-DINO (ours) X ViT-B 800 IN-1K+K400 16 87 71.1
VideoMAE [68] X ViT-S 2400 - 16 22 66.8
SIGMA-DINO (ours) X ViT-S 2400 IN-1K 16 22  68.6
OmniMAE [29] X ViT-B 800 IN-1K 16 86  69.5
2 VideoMAE [68] X ViT-B 800 - 16 87 69.6
£ CMAE-V [45] X ViT-B 800 - 16 87 69.7
§ SIGMA-MLP (ours) X ViT-B 800 - 16 87 704
E SIGMA-DINO (ours) X ViT-B 800 IN-1K 16 87 709
$  MME[63] v VITB 800 - 16 87 1700
2 MGM [22] v ViT-B 800 - 16 87 70.6
MGMAE [35] v ViT-B 800 - 16 87 71.0
SIGMA-MLP (ours) v ViT-B 800 - 16 87 71.2
SIGMA-DINO (ours) v ViT-B 800 IN-1K 16 87 71.2

this commonly used pretraining setup and report a table featuring all previous works in
the supplemental material.

Full finetuning results. We report results for SSv2 in Tab. 2 and for K400 in Tab. 3.
Given the nature of full finetuning in which all learned parameters of the network are
optimized the gap between methods is smaller. Still, we observe a substantial improve-
ment of on average ~ 1% across all datasets and backbones from our method using
a simple MLP as a projection network compared to VideoMAE [68]. This confirms
the importance of utilizing a learnable target reconstruction space rather than simply
regressing pixel values. SIGMA can also incorporate motion guidance via advanced
masking following MGMAE [35], further improving the results on SSv2, especially
for the MLP variant. Our method with DINO as a projection network achieves state-
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Table 3. Benchmark I: Comparison for full finetuning on Kinetics 400 (K400). We compare
against previous methods for pretraining the ViT-Base backbone for 800 epochs on K400 and
subsequently, fully finetuning the backbone with the K400 labels. A full table with all previous
methods using also different setups is provided in the supplemental. M. Guid. denotes motion
guidance such as optical flow used e.g. reconstructing targets or masking. Our method achieves
state-of-the-art performance on K400.

Method M. Guid. Backbone Epochs Extra data Frames Params Top-1
supervised
SlowFast [24] X ResNet101 - - 16464 60 79.8
MViTvl [23] X MViTvl-B - - 32 37 802
TimeSformer [7] X ViT-B - IN-21K 96 430 80.7
VideoSwin [43] X Swin-L - IN-21K 32 197 83.1
self-supervised
VideoMAE [68] X ViT-S 1600 - 16 87 79.0
g’ SIGMA-DINO (ours) X ViT-S 800 IN-1K 16 87 794
'g VideoMAE [68] X ViT-B 800 - 16 87 80.0
‘é OmniMAE [29] X ViT-B 800 IN-1K 16 87  80.8
;- CMAE-V [45] X ViT-B 800 - 16 87 802
S MGM[22] v ViT-B 800 - 16 87  80.8
¥  MGMAE [35] v VIT-B 800 - 16 87 812
SIGMA-MLP (ours) X ViT-B 800 - 16 87 80.2
SIGMA-DINO (ours) X ViT-B 800 IN-1K 16 87 81.6

of-the-art performance on SSv2 and K400. We even outperform the VideoMAE ViT-B
model with our ViT-S K400 pretrained model on SSv2.

4.2 Benchmark II: Unsupervised video object segmentation

Setup. To assess the temporal and spatial semantics learned by our proposed method,
we employ the unsupervised video object segmentation benchmark introduced by [58].
This benchmark evaluates the pretrained video encoder’s ability to generate temporally
consistent object segmentation maps through its space-time features. In this regard, it
deviates from the other reported evaluation settings where dense space-time features
are pooled for a global clip representation. Instead, space-time features are grouped
into clusters via k-means, based on a predefined number of clusters denoted by the K
parameter. These clusters are subsequently matched against ground truth object seg-
mentation maps using the Hungarian algorithm [40], and their overlap (mloU) is calcu-
lated to determine the unsupervised object segmentation score. This procedure is called
clustering when K matches the count of objects in the ground truth video, and over-
clustering when K exceeds this count. For both procedures, we report the segmentation
performance in terms of mloU for two datasets: DAVIS [54] and YTVOS [82]. Please
see the supplementary materials for details on the datasets.

Results. As shown in Tab. 4, our method with a simple MLP as a projection layer
outperforms almost all the competitors by 1.5% on average. SIGMA with DINO as a
projection network works even better and outperforms all previous works by a large
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Fig. 3. Benchmark II: Unsupervised video object segmentation results on DAVIS. We visu-
alize the abilities of masked video modeling methods to produce temporally consistent semantic
segmentation masks. SIGMA provides more coherent and consistent object cluster maps com-
pared to other methods. This shows that our learned features have better temporal and spatial
understanding.
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margin across all metrics by approximately 3% on average using the ViT-B backbone
and by approximately 4.5% with ViT-S. These findings indicate that our model pro-
duces more semantic space-time representations. Moreover, although MGM [34] con-
centrates on developing masks for moving objects to enhance feature representation,
our method still achieves a 2% to 5% improvement without changing the commonly
used random tube masking. This result emphasizes the efficacy of SIGMA over methods
based on pixel-level reconstruction for dense downstream tasks. In Fig. 3 we qualita-
tively compare the cluster maps produced using our encoder’s features compared to
VideoMAE [69] and MGM [34] on DAVIS. For that, each clip is passed to the encoder
and its tube representations are extracted. Then, the extracted features are clustered by
k-means with a K higher than object counts specified by the ground truth. The reason
is, for DAVIS the number of ground truth objects is usually smaller than the real num-
ber of objects. Hence, overclustering is a more realistic setting. Finally, the extracted
cluster maps are resized to match the input size and overlayed on the input. SIGMA with
DINO as a projection network produces accurate segmentations for each video clip,
indicating a better understanding of the object-level concepts. This can be seen for ex-
ample in the left visualization in Fig. 3 where the camel is well segmented, compared
to VideoMAE and MGM. Additionally, our learned features exhibit better consistency
over time than the temporal flickering observed in VideoMAE and MGM. These re-
sults indicate that our method leads to more robust video representations with object
temporal consistency.
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Table 4. Benchmark II: Unsupervised video object segmentation. We follow the evalua-
tion protocol from [58] and report mloU for clustering and overclustering. SIGMA consistently
achieves better results compared to other methods across different backbones and datasets. This
shows that our method learns better semantic and temporal consistent features.

Clustering  Overclustering

Method Backbone YTVOS DAVIS YTVOS DAVIS
VideoMAE [68] ViT-S 337 283 539 528
MVD [76] ViT-S 329 270 503 433
SIGMA-DINO (ours)  ViT-S 382 306 60.0 568
VideoMAE [68] ViT-B 34.1 272 497 509
MVD [76] ViT-B 33.1 29.5 529 452
MGMAE [35] ViT-B 34.5 282 554  54.8

SIGMA-MLP (ours)  ViT-B 359 302 574 52.9
SIGMA-DINO (ours) ViT-B 364 306 604 56.5

4.3 Benchmark III: SEVERE generalization

Setup. To investigate the generalization capability of self-supervised video repre-
sentations learned by our model we evaluate it on the challenging SEVERE bench-
mark introduced in [65] and extended by [66]. This benchmark comprises eight exper-
iments focused on four downstream generalization factors: domain shift, sample effi-
ciency, action granularity, and task shift. Domain shift is assessed using Something-
Something v2 and FineGym(Gym99) [59], both differing in domain relative to pre-
training dataset Kinetics-400. Sample efficiency is tested through low-shot action recog-
nition on UCF101 and FineGym, with only 1,000 training samples available for fine-
tuning. Action granularity is explored by evaluating semantically similar actions using
subsets FX-S1 and UB-S1 from FineGym, where action classes pertain to the same
element of a gymnastic routine (e.g., FX-S1 representing types of jumps). Task shift
assesses performance beyond single-label action recognition, involving temporal repe-
tition counting on UCFRep [86], a subset of UCF101, and multi-label action recogni-
tion on Charades [60]. Detailed experimental setups for each subset are provided in
the supplementary.

Results. We follow the same setup as in the original SEVERE benchmark [65, 66].
In particular, we compare with VideoMAE [68] and SVT [56] as reported in [66] and
extend the benchmark with SIGMA, MVD [76], and MGM [22]. All models are pre-
trained on Kinetics-400 using the ViT-B architecture. Results are shown in Table 5.
Domain Shift. Our approach SIGMA (both with MLP and DINO) outperforms all prior
methods on Gym99, e.g. +7.2% over MVD and +3.1% over VideoMAE, demonstrating
that the representation learned by our model is robust to domain shift in the down-
stream dataset. This is also demonstrated by strong SSv2 fine-tuning performance with
K400 pretraining, as shown in Table 2. Sample Efficiency. For sample efficiency, we
achieve a considerable gain over all prior works on Gym (10?), e.g., +2.1% over Video-
MAE [68] and +4.0% over MGMAE [34] showing the effective adaptability of our
model to low shot action recognition. Action granularity. For fine-grained actions in
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Table 5. Benchmark III: SEVERE Generalization [65]. We evaluate masked video modeling
methods for generalizability in domain shift, sample efficiency, action granularity, and task shift
following [65]. SIGMA achieves strong generalization performance outperforming prior works
across all configurations. We use the original severe codebase [65, 67] to evaluate the publicly
available models for all the methods.

Domains Samples (10%) Actions Tasks Mean
SSv2 Gym99 UCF Gym FX-SI UB-SI UCF-RC| Charades

SVT [56] 59.5 62.3 83.9 18.5 354 55.1 0.421 355 51.0
MVD [76] 70.0 82.5 66.7 17.5 31.3 50.5 0.184 16.1 52.1
VideoMAE [69] 68.6 86.6 74.6 259 42.8 65.3 0.172 12.6 574
MGMAE [35] 68.9 87.2 772 24.0 33.7 79.5 0.181 17.9 58.8
SIGMA-MLP (ours)  69.8 87.4 80.2 26.8 46.0 79.7 0.178 20.1 61.5
SIGMA-DINO (ours)  70.9 89.7 84.1 28.0 55.1 79.9 0.169 233 64.3

FX-S1 and UB-S1, our method achieves the best performance as well, with a con-
siderable improvement over other models, e.g., +12.3% and +14.6% over VideoMAE.
These results demonstrate that the video representation learned by our method is better
suited to fine-grained actions than existing self-supervised methods. Task Shift. For the
task shift to repetition counting our method achieves the best performance. For multi-
label action recognition on Charades, our approach lags behind SVT which employs
a contrastive learning paradigm, however, we outperform all masked video modeling
methods. Overall SEVERE Performance. Finally, we compare the mean across all
generalizability factors. Our method has the best mean performance when using DINO
as the projection network and achieves the second-best performance when employing
MLP as the projection network. We conclude our method improves the generalizability
of video self-supervised representations across these four downstream factors compared
to all previous masked video modeling methods.

4.4 Ablations

In this section, we ablate the hyperparameters of our proposed method SIGMA . For
that, we use the Vit-S backbone and train and evaluate (full finetuning) on mini SSv2, a
subset with 50% of the data.

Number of prototypes C. In Tab. 6 we report the effect of changing the number of
prototypes on the performance of SIGMA . As the number of prototypes increases, the
performance also increases and peaks at the moderate number of 4k. Also, the pro-
posed method consistently improves upon VideoMAE [69] regardless of the number of
prototypes.

Projection network architecture. We show the effect of changing MLP from a base
architecture to a shallower, deeper, and wider version and report the performance in
Tab. 7 (left). Shallower architecture in the context of projection networks refers to re-
ducing the number of layers. This results in a network with only 2 layers, each con-
taining 1024 neurons. On the other hand, deeper or wider architectures involve adding
more layers (4 instead of 3) or increasing the number of neurons in the same number of
layers (2048 instead of 1024). The best performance is achieved when our base MLP
projection network is used. Also, the slight differences in performance across various
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Table 6. Ablating the number of prototypes for SIGMA with MLP (left) and with DINO (right).
A moderate number of prototypes obtain the best performance.

Method  # Prototypes Top-1 Method  # Prototypes Top-1
VideoMAE - 56.9 VideoMAE - 56.9
SIGMA-MLP 1000 59.7 SIGMA-DINO 1000 62.8
SIGMA-MLP 2000 59.7 SIGMA-DINO 2000 62.8
SIGMA-MLP 3000 59.9 SIGMA-DINO 3000 63.0
SIGMA-MLP 4000 60.3 SIGMA-DINO 4000 63.0
SIGMA-MLP 6000 60.1 SIGMA-DINO 6000 62.9

Table 7. Ablating the projection network architecture (a) and different loss functions (b) Our
performance is robust to our ¢ architecture. For deep targets, a simple L2 loss leads to a trivial
solution resulting in low performance, while our SIGMA objective achieves the best results.

(a) Choices for ¢ (see text for details of architectures) (b) Different reconstruction losses

Method  Architecture Params Acc Method  Loss Acc
(a) VideoMAE - - 56.94 (a) VideoMAE L2 56.9
(b) SIGMA-MLP base 3M  59.7 (b) SIGMA-MLP L2 364
(d) SIGMA-MLP shallower 1M 59.2 (d) siGMA-MLP Eq.7 60.3
(e) SIGMA-MLP wider 6M  59.6

(f) siGMA-DINO  DINO 22M  63.0

architectures highlight the robustness of the proposed method.

Loss function. Tab. 7 (right) presents an ablation study of various training objective
functions analyzed with our framework. The L2 loss, when combined with deep fea-
tures as targets, yields significantly lower results in comparison to our clustering-based
approach, due to finding trivial shortcut solutions, as discussed in Sec.3.2.

5 Conclusion

In this work, we have proposed a new self-supervised pretraining method SIGMA . To
tackle the low semanticity of RGB-based reconstruction targets in current video mod-
eling frameworks, we have introduced a Sinkhorn-clustering-based approach that leads
to learnable and more abstract reconstruction targets. These both alleviate the issue of
training collapse when simultaneously learning a projection network and can even be
combined with pretrained image models, such as DINO. The resulting models outper-
form the state-of-the-art across a large set of datasets and benchmarks. Limitations.
Owing to our academic compute budgets, we are not able to run larger architectures,
such as ViT-L or ViT-H, which require 64 GPUs [68]. We have, however, demonstrated
positive scaling behavior for going from ViT-S to ViT-B.
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