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ABSTRACT

Deep supervised learning has drastically improved many computer vision tasks but
relies on large amounts of labeled data. In dense vision tasks such as object detection
and semantic segmentation, labeled data is scarce and expensive to obtain. However,
unlabeled data is often abundant and cheap to collect. The first part of this work focuses
on the semi-supervised learning paradigm, leveraging unlabeled data to improve the
performance of models trained with only a small amount of labeled data. The second
part focuses on a more constrained setting, self-supervised learning, where no labeled
data is available during pretraining.

In the first part, we explore semi-supervised learning techniques for object detection,
using the pseudo-labeling paradigm. The first contribution explores how to account for
the uncertainty of pseudo-labels during training. In particular, we propose to scale the
loss contribution of each pseudo-labeled example by a factor related to its confidence
score. We show that linearly scaling the loss by the confidence score is the most effective
strategy compared to the baseline model, especially in very low-label regimes. Then we
explore how to obtain a robust threshold value to select pseudo-labels without the need
for a costly hyperparameter search. We propose to use an adaptive thresholding strategy,
where the threshold is determined by the distribution of confidence scores. We show
that this heuristic can be used for each class independently and that it matches the
performance of the greedy threshold at no computational cost. This new thresholding
strategy is therefore particularly useful since it can be applied across different domains.
We also add a refinement stage in the teacher-student framework, where the student
model is fine-tuned on the labeled data only before being used as a new teacher.

In the second part, we explore self-supervised learning in the context of masked image
modeling. In the first work, we show that reconstructing a highly masked, randomly
resized crop of an image is an effective pretraining task for object-centric representation
learning. In particular, we show that this new pretraining strategy based on crops yields
better performance than learning on video frames while also being more computationally
efficient. Finally, in our last contribution, we improve video representation learning by
combining masked video modeling with both pixel and trajectory signals. This dual
reconstruction task encourages the model to learn both spatial and temporal information.
During pretraining, the learning objective of the model is to reconstruct both masked
spatial information, either in pixel or latent space, as well as the masked trajectory,
obtained by an off-the-shelf point tracker. The trajectory information is also used to build
a motion-aware masking strategy, which further improves the learned representations. We
show that both signals are complementary and that their combination leads to state-of-
the-art results, especially in motion-centric tasks.
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“The beautiful thing about learning is that no one can take it away from you.”
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INTRODUCTION

1.1 MOTIVATION

Learning is a natural process, yet it is difficult to define precisely. A common functional
view is that learning is an enduring change in behavior or knowledge caused by experience
( | |; [ |). Experience can take many forms, e.g.
observation, practice, instruction, and feedback.

Evidence from human development highlights complementary mechanisms. First, learn-
ers can extract structure directly from raw sensory streams. In controlled experiments,
8-month-old infants segmented continuous speech using statistical relations between syl-
lables, even with brief exposure ( [ |). Second, learning is active and
constructive: early intelligence develops through action and progressive organization of
sensorimotor schemes ( | |). Third, learning is social: interaction, language, and
guidance shape what is learned and when it becomes possible, as emphasized in
[ |. Social learning theory similarly mentions that people learn by observing others
and the consequences of their actions ( | D).

Taken together, these perspectives suggest that explicit instruction is only one com-
ponent of learning. A substantial part of learning relies on extracting regularities from
unlabeled experience, integrating new observations with prior knowledge, and forming
abstractions that support generalization and transfer ( [ |;

[2011]).

Machine learning (ML) pursues an analogous objective through explicit computational
procedures. A learning algorithm receives data and an objective, then adapts model
parameters to improve performance ( [ |; [ |;

[2014]).

In supervised learning, training data consist of input-output examples, and the model

learns to predict targets that generalize to unseen samples ( [ |;
| ]). This setting is close to the explicitly guided component of human
learning, where targets are provided by instruction or correction.

Supervised learning has driven major progress because the learning signal is direct and
evaluation against ground truth is straightforward. Its practical limitation is that labels
are costly, whereas real-world observations are abundant and mostly unlabeled.

This mismatch motivates paradigms that use unlabeled data more directly. In semi-
supervised learning, a small labeled set is combined with a larger unlabeled set. In self-
supervised learning, training targets are constructed from the data itself. At a high level,
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these paradigms leverage the same intuition suggested by human learning evidence: useful
structure can be learned from experience even when explicit targets are limited.

1.2 RESEARCH QUESTION

The motivation above highlights a central challenge. In many real-world settings, data
are abundant, but explicit supervision is limited. This limitation is especially common
when high-quality annotations are costly, slow to produce, or require expert knowledge.
Consequently, progress is constrained not only by modeling choices and computation, but
also by the availability, cost, and biases of labeled data.

This thesis is centered on one question:

How can we leverage unlabeled data to learn efficiently?

The contributions of this thesis provide concrete methods to address this question, with
a focus on semi-supervised learning for object detection and self-supervised learning for
images and video model pretraining.

1.3 OUTLINE

The manuscript is structured in two main technical parts, corresponding to the two
learning paradigms covered in this thesis.

Part | introduces supervised and semi-supervised learning in Chapter 2. Chapters
and 4 each include a prologue, the associated manuscript, and an epilogue.

Part [ covers self-supervised learning. Chapter 5 introduces masked modeling for im-
ages and videos. Chapters 6 and 7 follow the same structure as in the previous part.

Finally, Part provides a general conclusion in Chapter
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“Tell me and I forget, teach me and I may remember, involve me and I learn.”
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LEARNING PARADIGMS

This chapter introduces the background necessary to understand super-
vised and semi-supervised learning. Section summarizes supervised
learning as the reference setting. Section motivates semi-supervised
learning and details pseudo-labeling for image classification and object
detection.

We assume that the reader is familiar with the basics of machine learning,
deep learning, and computer vision.

2.1 SUPERVISED LEARNING

Supervised learning remains the dominant paradigm for training deep models in computer
vision, enabled by large-scale annotated datasets for image classification (

[2015]), object detection [2014], semantic segmentation (
[ |), and action recognition ( | |). Formally, given labeled
pairs (x;,y;), the objective is to learn a parameterized model fy that maps x to y by
minimizing a task-specific loss over the training set. Beyond fitting the labeled data, the
central requirement is that the learned model generalizes to unseen samples drawn from
the same data distribution.

In this thesis, the input is typically an image or a video, & € RIXWXTXC where
H, W, T, and C denote height, width, temporal length (omitted for still images), and
channels, respectively. Depending on the task, the output can be a class label for image
classification [2009]; | |; [2015], a set of
bounding boxes and class labels for object detection ( [ |;
| ]), a pixel-level class assignment for semantic segmentation ( | |;

| ]), or an action label for video clips ( | |;
[20170)).

Across these tasks, performance is measured with standard task-specific metrics. For
classification tasks, we report accuracy. For object detection, we use mAP with APsg.95,
i.e. average precision first averaged over IoU thresholds from 0.50 to 0.95, then averaged
over classes. For semantic segmentation, we report mloU, the mean intersection-over-
union across classes. For video object segmentation and propagation, we use the DAVIS-
style J&F score ( [ |), defined as the average of region similarity J,,
(IoU-based overlap) and contour accuracy F,, (boundary F-measure). For pose propa-
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gation, we report PCK (percentage of correct keypoints), where different thresholds are
used depending on the evaluation setup, e.g. PCK@0.1 and PCK@Q.2. In terms of us-
age across this thesis, mAP is the main metric in Chapters 3 and 4 for semi-supervised
object detection, while J&F, J,,,, F,, mloU, and PCK are used in Chapter ¢ for prop-
agation benchmarks. Accuracy is primarily reported in Chapter 7 for action recognition
evaluation.

As an introduction to supervised learning and to motivate the semi-supervised
paradigm, we consider a standard image classification task on the CIFAR-10
dataset ( | |). CIFAR-10 consists of natural images distributed over
ten semantic classes and has been extensively used to benchmark methods in computer
vision.

In this experiment, we perform conventional supervised training on the training split
and report performance on the test set, following best practice. To explicitly assess the de-
pendency of supervised learning on labeled data, we repeat the experiment multiple times
while progressively reducing the number of labeled training samples. Figure | presents
the test accuracy as a function of the proportion of labeled data. As expected, perfor-
mance degrades monotonically as the amount of supervision decreases, highlighting the
strong reliance of supervised models on large annotated datasets.

Although this experimental setup is intentionally simplified, it captures a fundamental
limitation of supervised learning. Its effectiveness is tightly coupled to the availability
of labeled data. In many computer vision scenarios, acquiring large-scale annotations is
costly and time-consuming. This is particularly evident in dense prediction tasks such
as semantic segmentation on datasets like Cityscapes ( | |) or Microsoft
COCO ( | |), where pixel-accurate or instance-level labels require substantial
human effort. The challenge is further amplified in specialized domains such as medical
imaging ( [ |) or remote sensing ( | ]). These considerations
motivate learning paradigms that leverage unlabeled data to reduce the dependency on
extensive manual annotation.

2.2 SEMI-SUPERVISED LEARNING

In many practical settings, unlabeled images are abundant, while labeled data are limited.
Semi-supervised learning addresses this imbalance by combining a small labeled set with
a larger unlabeled set to improve generalization compared with supervised training on
labeled data only.

In computer vision, semi-supervised learning has been developed primarily on im-
age classification. Two major families dominate the literature: consistency regulariza-
tion ( [2014]; 2019, l; [2017];

[ I; [ I; [ |) and self-training ( [2025];
[ |; Lee [2013]; [2021]; [ I; [2023¢];

| |; [2021]). Consistency-based regularization methods encour-
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Supervised learning paradigm
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Figure 1: Supervised learning. CIFAR-10 test accuracy of a supervised ResNet-18 (

) as a function of labeled-data availability. Performance increases monotonically from

49.45% at 1% labels to 95.57% at 100% labels, quantifying the strong dependence of super-
vised learning on annotation volume.

age models to produce stable predictions under input or model perturbations. In contrast,

self-training leverages the model itself to generate a pseudo-supervision signal by convert-

ing predictions on unlabeled data into training targets. The latter family of approaches

is examined in detail in the remainder of this section.

A general problem statement about semi-supervised learning is defined hereafter.

Let D; = {(x},y))}Y!, be a labeled dataset and D, = {w}‘}jvzul an unlabeled

%)
dataset, with V,, > N;. Semi-supervised learning optimizes a supervised loss
term on D; and an unsupervised loss term on D,,, weighted by a A, factor:

1 1
min — E Coup(fo(xh), 48) + Ay E Lunsup (%55 0) -
0 N, L N. &

In this thesis, we assume that labeled and unlabeled samples are drawn from the
same data distribution.

13
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2.2.1  Pseudo-labeling in classification

In this thesis, we focus on self-training through pseudo-labeling. An introduction to this
paradigm is first presented in the context of image classification in the remainder of this
section.

Given an unlabeled sample ", a model produces an output distribution p(c | ) over
class indices ¢ € C. A pseudo-label is then formed as a target-confidence pair, typically

" = argmaxp(c | "), s =maxp(c|x") ,
C C

where g is the selected class, ¢ is the class index and s is its confidence score.
A standard semi-supervised training pipeline is:

1. Train a teacher model on labeled data.

2. Use the teacher on unlabeled data to generate pseudo-labels and associated confi-
dence scores.

3. Train a student model on labeled and pseudo-labeled data.
4. Optionally replace the teacher with the student and iterate.

Implementation details vary across methods, but the central mechanism is unchanged:
unlabeled samples are converted into training targets, and target quality improves as the
teacher improves.

Two broad pseudo-labeling regimes are used in the literature: offline (

[ J; [ |) and online ( [ I; [ ]; [ Ik
[2021]).

In offline pseudo-labeling (Fig. 2), the teacher first generates pseudo-labels for
the entire unlabeled dataset in a separate inference stage. The student is then
trained on the union of labeled and pseudo-labeled data. After convergence, the
student can replace the teacher, and the procedure may be repeated in successive
rounds.

In online pseudo-labeling (Fig. 3), pseudo-labels are produced on-the-fly during
training. The teacher is typically updated as an exponential moving average
of the student parameters. Pseudo-label generation and student optimization
therefore occur simultaneously within a single training process, and the final
student model is used for inference.

Practically, the offline setting splits pseudo-label generation from optimization
and is conceptually simple to implement, whereas the online setting is usually
more compute-efficient and allows pseudo-labels to evolve continuously with the
model.
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Step 1 Step 2
-
Dy
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\
Replace &
Loup+ MLonsu repeat

/

Figure 2: Offline pseudo-labeling pipeline. (Step 1) A teacher model is trained on labeled
data D; with a supervised loss Lg,p. (Step 2) The teacher infers pseudo-labels on the unlabeled
set D, in a separate inference stage. (Step 3) A student is trained on D; U D, using labeled and
pseudo-labeled supervision Lqup + AyLunsup- (Step 4) The student replaces the teacher and the
process is repeated iteratively.

For online methods, it is important that the teacher and student process different aug-
mentations of each unlabeled sample to avoid degenerate solutions. A common strategy
is to use weak augmentation for the teacher input and stronger augmentation for the
student input (Cubuk et al. [2019, 2020]; Sohn et al. [2020a]). Weak augmentation pre-
serves prediction quality for pseudo-label generation, while strong augmentation improves
robustness during student training.

A standard pseudo-labeling objective, following Lee (Lee [2013]), assigns each unla-
beled sample a hard pseudo-label derived from the model prediction. For each unlabeled
sample 7, we define

¢j = arg mcaxp(c | x), y; = onehot(¢}) ,

where ¢ is the predicted class index and g)}“‘ is the corresponding one-hot pseudo-label
vector.

The unlabeled pseudo-label loss is then written as

S CE(p(- | 2t), ) .

JEBy

1
Eunsup = ﬁ
u

15
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ﬁ SU;
Student Loup

EMA

ﬁunsup

» Teacher

Figure 3: Online pseudo-labeling pipeline. Labeled samples from D; supervise the student
through Ls,p,, while unlabeled samples from D,, are weakly augmented for teacher pseudo-label
generation and strongly augmented for student training with Lynsup. The teacher is updated as an
exponential moving average (EMA) of student parameters, so pseudo-labels evolve continuously
during training.

where CE denotes the cross-entropy loss between the model prediction and the pseudo-
label.

The full training objective is
L= ['sup + Au»cunsup .

Because this formulation uses all pseudo-labels without confidence filtering, it is sensi-
tive to uncertain predictions.
Subsequent methods ( | l; | |; | |;
[ B [ E [ |) improve reliability by introducing
confidence-aware selection. In the unsupervised loss formulation used by FixMatch (
| |), only pseudo-labels above a confidence threshold contribute:

1 .

Lunsup = Bl > s; > 7] CE(ps(- | as(a}), g5) . 55 = maxpi(e| aw(@])) -
vl jeB,

Here, p; and ps; denote the teacher and student output distributions, and a, and as

denote weak and strong data augmentations, respectively. The loss CE uses 1}}” as one-

hot target. Compared to the previous formulation, this loss introduces a threshold value
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7 used as the confidence cutoff that determines whether a pseudo-label is retained (i.e.
when s; > 7) or discarded. This parameter is a central element in this thesis. Finally, the
full training loss is

L= Esup + )\u'cunsup .

The threshold value controls the acceptance of pseudo-labels and directly governs
the balance between false positives and false negatives in the unlabeled set.

If the threshold is too low, unreliable predictions are accepted. This increases
false positives, where incorrect pseudo-labels are treated as ground truth and
reinforce confirmation bias during student training. If the threshold is too high,
many correct but moderately confident predictions are rejected. This increases
false negatives, where valid supervisory signals are removed and effective data
utilization decreases.

The threshold therefore defines a trade-off between label noise and supervision
sparsity.

In image classification, conservative high-threshold strategies are often effective be-
cause each sample has a single semantic target and no localization ambiguity. However,
excessively strict filtering under-utilizes unlabeled data, slows learning, and can amplify
class imbalance. As a result, most methods still rely on a discrete grid search to select
the threshold.

Figure 4 illustrates this behavior in a representative semi-supervised classification
threshold sweep. The best performance is obtained at an intermediate confidence level.
Lower thresholds admit too many noisy pseudo-labels, while higher thresholds discard
too many informative unlabeled samples.

This trade-off is most critical in the low-label regime introduced earlier in this chapter,
where supervised performance degrades as labeled data become scarce. Figure 5 shows
that semi-supervised learning yields the largest relative gains in this setting, where unla-
beled data provides the strongest complementary signal. As the labeled fraction increases,
the relative gain decreases, but semi-supervised learning remains consistently better than
supervised training across all evaluated labeled-data fractions.

2.2.2  Pseudo-labeling in object detection

Pseudo-labeling in semi-supervised object detection (SSOD) follows the same teacher-
student mechanism introduced for classification: a teacher predicts targets on unlabeled
data, and a student is trained on labeled and pseudo-labeled samples. The core concepts
therefore transfer directly, including augmentation strategies and pseudo-label filtering.
The key difference is that detection produces multi-instance predictions, so uncertainty
must be handled at the instance level. The central challenge is therefore not only how to

17
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Figure 4: Confidence threshold sweep. Sensitivity of semi-supervised CIFAR-10 performance
(10% labeled setting) to the pseudo-label confidence threshold 7. Accuracy peaks at 7 = 0.9,
while lower thresholds admit noisier pseudo-labels and a very high threshold (7 = 0.99) over-
filters unlabeled supervision (88.03%).

generate pseudo-labels but how to select predictions that are reliable enough to supervise
the student.

Object detection is a central semi-supervised learning setting because dense box an-
notation is expensive. Early works (Li et al. [2020b]; Sohn et al. [2020b]) introduced
offline pseudo-labeling strategies for semi-supervised object detection (SSOD), while sub-
sequent methods (L1 et al. [2022a]; Liu et al. [2021h, 2022a]; Sha et al. [2020]) moved
toward online teacher-student pipelines.

Compared with image classification, pseudo-label quality in detection depends on sev-
eral coupled factors: confidence thresholding, duplicate removal, class imbalance, and
localization accuracy. A pseudo-label can be class-correct but spatially inaccurate, and
such noise directly affects the box regression signal. Conversely, strict filtering can remove
ambiguous but informative instances, especially for small or rare objects. Because filter-
ing operates at the instance level, it inevitably rejects some correct predictions, resulting
in pseudo-labeled images that contain both incorrect and missing boxes.

Most SSOD methods (Liu et al. [2021h, 2022a]; Sha et al. [2020]; Sohn et al. [2020D])
still rely on empirical threshold search, and reported optimal values vary across datasets
and methodologies. This motivates the subsequent chapters. The question around the
threshold value is addressed in Chapter 3 through a loss parametrization that accounts for
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Semi-Supervised Learning Paradigm
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Figure 5: Supervised vs semi-supervised learning. Comparison of supervised and semi-
supervised CIFAR-10 test accuracy across low-label regimes (1%, 2%, 5%, and 10% labels).
Semi-supervised learning consistently outperforms supervised training, with absolute gains of
+19.10, +15.75, +12.87, and +7.94 points, respectively, showing that unlabeled data is most
beneficial when labels are scarce.

pseudo-label uncertainty in the unsupervised loss, and in Chapter 4 through an adaptive
thresholding strategy that removes the need for grid search.
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UNCERTAINTY IN PSEUDO-LABELS

This chapter presents the following publication: Vandeghen, R.”", Cioppa,
A.", and Van Droogenbroeck, M. Semi-Supervised Training to Improve
Player and Ball Detection in Soccer. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW), 2022.

Building on Chapter 2, the chapter studies semi-supervised object detec-
tion for soccer broadcast footage and evaluates three loss parameteriza-
tions for pseudo-labeled supervision. The central idea is that pseudo-label
confidence should not only decide which samples are kept, but also how
strongly each retained sample supervises the student.

3.1 PROLOGUE

This work studies uncertainty in teacher predictions during pseudo-labeling for object
detection. The main hypothesis is that pseudo-label confidence should affect the training
signal used by the student. We therefore evaluate loss parameterizations that explicitly
modulate pseudo-labeled contributions as a function of confidence.

Chapter 2 emphasized that pseudo-label filtering in SSOD is usually binary and there-
fore sensitive to threshold choice. Here, we keep the same offline teacher-student pipeline
inspired by early SSOD work ( [ |), but we refine the unsupervised super-
vision signal after thresholding. Instead of treating all retained pseudo-labels equally, we
scale their contribution by confidence.

Empirically, this confidence-aware weighting improves both training stability and final
detection performance. We also observe that, in constrained in-domain settings such
as soccer broadcast footage, conservative thresholding remains beneficial. This chapter
therefore addresses the first half of the threshold problem introduced in Chapter 2: how
to reduce the impact of uncertain pseudo-labels once a threshold has been applied.

Author contribution

As lead author, I formulated the method, implemented the publicly available codebase
( ), ran the experiments, and wrote the manuscript.
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Anthony Cioppa and Marc Van Droogenbroeck supervised the work and contributed to
scientific discussion and writing.



Semi-Supervised Training to Improve Player and Ball Detection in Soccer

Renaud Vandeghen*

University of Liege

Abstract

Accurate player and ball detection has become increas-
ingly important in recent years for sport analytics. As most
state-of-the-art methods rely on training deep learning net-
works in a supervised fashion, they require huge amounts
of annotated data, which are rarely available. In this pa-
per, we present a novel generic semi-supervised method to
train a network based on a labeled image dataset by lever-
aging a large unlabeled dataset of soccer broadcast videos.
More precisely, we design a teacher-student approach in
which the teacher produces surrogate annotations on the
unlabeled data to be used later for training a student which
has the same architecture as the teacher. Furthermore, we
introduce three training loss parametrizations that allow
the student to doubt the predictions of the teacher during
training depending on the proposal confidence score. We
show that including unlabeled data in the training process
allows to substantially improve the performances of the de-
tection network trained only on the labeled data. Finally,
we provide a thorough performance study including differ-
ent proportions of labeled and unlabeled data, and estab-
lish the first benchmark on the new SoccerNet-v3 detec-
tion task, with an mAP of 52.3%. Our code is available
at [https://github.com/rvandeghen/SST].

1. Introduction

Sports analytics has been steadily growing over the last
decade [22], pushed by the development of advanced artifi-
cial intelligence and computer tools. Last year, the market
was estimated at more than 1 billion dollars, with most indi-
cators pointing out a growth by 500% within the next 5-10
years [ 14, 18]. Therefore, sports analytics will become even
more central for the sports industry in the coming years.
Some companies already offer analytics services to clubs
with the purpose to improve their playing performances and
ascend the championship ladder, thus generating more rev-
enues from ticket sales, advertisements and merchandising.
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and anthony.cioppa@uliege.be.

Anthony Cioppa*

University of Liege

Marc Van Droogenbroeck
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Figure 1. Overview. Given a small labeled image dataset for ob-
ject detection in soccer such as the players, the ball, or the referees,
we leverage a large unlabeled dataset of soccer broadcast videos
for training an object detector in a semi-supervised fashion. Our
training technique allows us to significantly improve the perfor-
mance of the object detector for the targeted soccer application.

Nowadays, most sports analytics products either rely on
manual inspection, which has a heavy cost in terms of man-
power, or more recently on automated analysis systems
based on artificial intelligence and computer vision tech-
niques. The first step of automated systems often relies
on accurately retrieving the players and the ball, which are
the key elements to grasp the course of the game. From
this information, deeper analyses may be performed such
as tracking the players to extract individual speed perfor-
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mance, estimating the field coverage by a defending team
to unveil potential weaknesses, or analyze critical pass de-
cisions. All these are powerful indicators of an individual’s
performance, and game strategy analyses may reveal the
strengths and weaknesses of opponent or one’s own team.
Accurately detecting the players and the ball is therefore
crucial since analyses rely on these preliminary results.

Over the past few years, artificial intelligence techniques
have surpassed their hand-crafted features algorithms coun-
terparts in many areas including player and ball detection in
sports. Even though many deep learning detection networks
are publicly available for sports companies and researchers,
they are often trained on generic data that are not specifi-
cally tailored for each sport. The domain gap between the
training dataset and the targeted application often results in
performances lower than expected, which is why training,
or at least fine-tuning, on sport specific data is often re-
quired. However, this may require huge amounts of data,
which can be costly to annotate and cannot be transferred
from one sport to another. Furthermore, some recent works
showed that training the network on sport, and even sta-
dium or team, specific data allows to substantially improve
the performance of those networks [8].

In this paper, we present a novel generic semi-supervised
method for training an object detector with few annotated
soccer images, by leveraging a large unlabeled dataset of
soccer broadcast videos as illustrated in Figure 1. More
specifically, we develop an iterative teacher-student training
approach with three different training loss parametrizations
for the student, which may doubt the detections performed
by the teacher based on their confidence score. We show
that including unlabeled data in the training process allows
to substantially increase the performances of the detection
network on unseen soccer games. Specifically, we provide a
complete performance study for different proportions of la-
beled and unlabeled data, and establish the first benchmark
for the detection task on the new SoccerNet-v3 [5] dataset.
It is important to note that the presented ideas and achieve-
ments do not rely on any data knowledge about soccer, nor
on the network architecture. Therefore, our method is appli-
cable to any other sport or domain, characterized by a low
amount of annotated data and a large dataset of unlabeled
data, and for any detection network.

Contributions. We summarize our contributions as fol-
lows. (i) We propose a novel semi-supervised method for
training a player and ball detection network in soccer games
with a teacher-student approach. (ii) We introduce three
loss parametrizations for training the student with the ob-
jective to doubt detections performed by the teacher based
on their confidence scores. (iii) We establish the first detec-
tion benchmark on the new SoccerNet-v3 dataset.
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2. Related Work

Object detection in sport analytics. Object detection
has been massively studied in the context of sports analyt-
ics as it provides a strong basis for further analyses tech-
niques [44]. Even though the first detection algorithms used
background subtraction to detect players [2, 35], they have
been quickly overthrown by deep learning networks such
as convolutional neural networks (CNN). For instance, the
authors of [39] use a shallow CNN to detect players on a
hockey field with different image representations. Other
methods rely on pre-trained networks such as Mask R-CNN
[15,34,47]. Recently, Cioppa et al. [7] proposed a cross-
modality online distillation method for player detection and
counting on low budget stadium. Liu et al. [28] developed
a method to detect players and automatically match them
with object such as hockey players and their stick.

Some other works use detection as a first step for various
downstream tasks such as improving action spotting using
camera calibration and player localization [0], player and
ball tracking [17,21,30], or to model pass feasibility [!].

In order to train deep learning networks, the Al for sports
community can count on a large variety of datasets for
sports analytics. SoccerNet [1 1] and SoccerNet-v2 [9] pro-
pose 500 complete broadcast soccer games with annotated
action events, camera cuts and classes, and replay informa-
tion. A complementary dataset with spatio-temporal event
annotations focusing on player statistical analyses was re-
leased by Pappalardo et al. [32]. Yu et al. [48] and Soc-
cerDB, published by Jiang et al. [20], provide annotations
for more than 200 soccer games with player bounding boxes
and shot transitions. Lately, SoccerNet-v3 [5] was released,
providing manual bounding box annotations for player and
other objects of interest such as the ball, the lines, and the
goal, with extra annotations such as jersey numbers and re-
identification of players across multiple views.

Object detection in general. Together with image classi-
fication, object detection is among the most studied task in
computer vision. Many object detection architectures have
been developed in the past few years thanks to the avail-
ability of large-scale datasets such as Pascal VOC [10] or
MS COCO [26]. Usually, object detectors come into one
of two main flavors: two-stage detectors [12, 13, 15,24,38],
and one-stage detectors [25,27,36,37,42]. For two-stage
detectors, a proposal module is used to propose regions of
interest where potential object candidates are likely to be
located, for example with a region proposal network such
as in Faster R-CNN [38]. The proposals are later refined
in a second module, where a class is associated with each
predicted bounding box. One-stage detectors operate dif-
ferently, and directly output the bounding boxes with their
classes, leading to faster inference, but often at the price of
a lower accuracy compared to their two-stage counterparts.



For these reasons, in this work, we will focus on the two-
stage Faster-RCNN [38] architecture, which is widely used
in semi-supervised object detection. Note however that our
method is applicable regardless of the network architecture.

Semi-supervised object detection. Following the suc-
cesses of semi-supervised methods achieved for image clas-
sification [3,4,33,40,45,49], many semi-supervised learn-
ing methods for object detection have been developed over
the past few years. In 2019, Jeong et al. [19] proposed a
consistency method for the detections made for an image
and its horizontally flipped version. More recently, Sohn et
al. [41] designed a teacher-student approach [23,29,43,46,

], where the teacher model is trained with labeled data
in a supervised manner, and used to produce pseudo-labels
on the unlabeled data. These pseudo-labels, along with
the labeled data, are then used to train the student model,
leading to better performances. This teacher-student ap-
proach relies on a selection mechanism to include or re-
ject pseudo-labels, which is often performed by comparing
their confidence score to a threshold. However, determin-
ing the appropriate threshold value is an arduous process
as it is prone to generate noise, resulting in false positives
or false negatives. Therefore, authors have promoted dif-
ferent learning strategies for the student, including Unbi-
ased Teacher [29], which addresses the bias issue regard-
ing the dominant classes with a weighted focal loss [25]
for the classification head, and Soft Teacher [46], which
uses a confidence score for each pseudo-label to weight the
background classification loss. In this paper, we present
a weighting strategy on the foreground boxes rather than
the background ones, with a doubt mechanism based on the
confidence score of the pseudo-labels.

3. Method

Problem statement. We leverage the availability of unla-
beled data to improve the detection performance as follows.
Given a model tailored for a detection task on images, and
trained with a dataset D; comprising [/V; labeled images, we
make use of a dataset D,, comprising V,, unlabeled images
to increase the detection performance of the model; annota-
tions of a labeled image consist in the bounding boxes and
classes for all objects contained in it.

This setup is very common in artificial intelligence as
datasets are extremely time-consuming and expensive to an-
notate. Therefore, only a tiny portion of the available data
is usually annotated and used for training a model. In this
work, we show how to exploit unlabeled images in a semi-
supervised fashion for sports analysis. In particular, we pro-
pose a method based on a teacher-student approach, where
a teacher model 7 is trained only with the labeled data, and
a student model S is trained with the labeled and unlabeled,
for which pseudo-labels are produced by 7.

Iterative semi-supervised training. The first step of our
method consists in training the teacher model 7 with a stan-
dard supervised learning technique on the labeled dataset
D;. Once T is properly trained, we generate pseudo-labels
for images of the unlabeled dataset D,,. More precisely, T
processes each image of D,, and outputs the box, class and
confidence score for each detected object. To avoid multiple
predictions of the same object, a classical non-maximum
suppression is performed. Let us note that, at this point, the
performance of T corresponds to the typical case of train-
ing a model in a supervised fashion on a labeled dataset.
Hence, the performance of the first teacher 7 is the base-
line for comparisons in Section 4.

The next step consists in training a student S, which has
the exact same architecture as 7, on both D; and D,,. The
training is performed in a supervised fashion, identical to
that of 7, but on a larger concatenated dataset (that could
be seen as a dataset augmented by D,,). The training loss of
S is taken as the sum of two equal contributions, that is

L=L+Ly, ey

with £; and £,, corresponding to the loss on the labeled
dataset and unlabeled dataset, which now contains pseudo-
labels, respectively. Once the training is stopped, we fine-
tune S with Dy, to make sure to finalize the training on real
ground-truth annotations. While being known in the ma-
chine learning community and to the best of our knowledge,
the fine-tuning step has only been used once before by Li e.
al [23] in a self-training method for object detection, despite
being highly efficient, as shown in Section 4.

These two steps (generating the pseudo-labels with T
and training S) may be iterated, by considering the last stu-
dent as the new teacher and re-generating the pseudo-labels
on D,,. Hopefully, since the prediction quality of S is ex-
pected to be higher than 7, the next pseudo-labels should be
better as well and improve the training of the next student.

Since 7T is not perfect (otherwise we could stop the train-
ing process there), D,, will contain truly detected objects
(true positives), but also some predictions that do not corre-
spond to any real objects (false positives), as well as some
missing objects (false negatives). These errors in D, af-
fect the training of S, and require to find the best practical
trade-off. In the following, we propose three training loss
parametrizations for the student based on the confidence
score of the proposals in order to reduce the impact of po-
tential errors. The whole pipeline is drawn in Figure 2.

Loss parametrization 1: single threshold. A first way to
alleviate false positives in the dataset consists in selecting
a subset of the pseudo-labels in D,, to only retain the true
positive predictions and remove the false positive ones. This
is usually done by solely keeping predictions with a confi-
dence score higher than a given threshold 7,. This reduces
the number of positive proposals in the D,, dataset and in-
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Figure 2. Overview of our semi-supervised training method for player and ball detection. We first train a teacher network on a labeled
dataset in a fully supervised fashion. Then, we use the trained teacher to produce pseudo-labels on the unlabeled dataset. This creates a
first pseudo-labeled dataset, with a confidence score for each prediction. The labeled and pseudo-labeled datasets are then used to train a
student network, whose training loss is parameterized based on the confidence score with one of the three parametrization introduced in
this paper. This allows the student to doubt unsure proposals by the teacher and achieve good performances on the test dataset. At the end
of the training, a final fine-tuning phase is performed with the labeled data, and the student becomes the new teacher for the next iteration.

creases the number of background proposals. The training
loss term L; of Equation 1, corresponding to the labeled
dataset during the training of the student, can be written as:

N;
= Z Z £cls + [-:TE_(] s (2)
i=1

where L. and L,.., denote the classification and box re-
gression loss respectively, and the superscript j stands for
the jth proposal for image ¢. Likewise, the training loss on
the unlabeled dataset, £,,, can be written as:

Ny
= Z Z Ecls + ACreg . (3)

i=1 j
Recent works [29,41,43,46] have shown that using a rela-
tively high threshold value (7 > 0.7) ensures pseudo-labels
of high quality. This parametrization has two effects: (1) it
allows to keep predictions which are supposedly true posi-
tives, and (2) predictions boxes with low confidence score
are associated to the background and therefore correctly re-
moved. However, the downside is that true positive pre-
dictions may also have a confidence score lower than this
threshold, leading to the introduction of incorrect false neg-
atives in the dataset. In fact, the threshold value acts as
a trade-off between precision and recall, given that lower
values tend to increase the recall despite lowering the pre-
cision, whereas higher threshold values have the opposite
effect. Thus, with the choice of a high threshold value, the
trade-off tends towards a higher precision, at the price of
introducing false negatives.
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Loss parametrization 2: double threshold and doubt. In
order to take into account the potential false negatives, we
introduce a second threshold value 7; separating true back-
ground predictions with a very low confidence score from
the remaining predictions. The goal of this second threshold
is to create a range of confidence scores, that is [7;; 73], for
which we ignore whether the predictions belong to an actual
objects or not. For all predictions with a confidence score
in this range, we set the loss to 0 so that the proposals are
neither used as positive nor negative examples. This allows
to introduce doubt in the training process of the student for
unsure predictions of the teacher. The training loss for D,
is the same as for the first parametrization, but now for D,,,
we modify Equation (3) to introduce the new doubt range:

i=1 j

(Ecls + ﬁreg) > (4)

where the term «; is defined as follows:

. 0 if TISSj<Th,
A= { 1 otherwise, ©)

where s; is the confidence score associated to the jth pro-
posal. Thus, pseudo-labels whose confidence score lies be-
tween 7; and 7, do not contribute anymore to the loss term
L. By doing so, we can increase the value of 7, ensur-
ing that the positives that we introduce actually correspond
to true positives regardless of false negatives introduced in
the previous parametrization. This provides more flexibility
than for the first parametrization.



Loss parametrization 3: double threshold and progres-
sive doubt. Finally, one could argue that predictions with a
confidence score close to 77, are more reliable than predic-
tions with scores close to 7;. Therefore, we adapt the sec-
ond parametrization by introducing a doubt that decreases
between the two thresholds. This allows us to tune the un-
certainty from high for predictions close to 77, to low for
predictions as their confidence score approaches 7. Equa-
tions (2) and (4) stay the same, but Equation (5) becomes:

Sj—T1
J— Th—T,
a; = { lh, 1

The weighting term of our three parametrizations, for
the loss associated with each positive proposal, is illus-
trated in Figure 3. Note that for the three parametrizations,
the weight loss associated with negative proposals is un-
changed, regardless of the confidence score, as the back-
ground follows a different dynamic than the foreground.
Indeed, it is not possible to assign a confidence score to a
region without proposals from the teacher. In other terms,
this means that we cannot alleviate false negatives already
present in the pseudo-labeled dataset. False negative re-
gion proposals based on video analysis as in [7], and a loss
parametrization for the rejected proposal (< 7;) may be con-
sidered. However, they are out of the scope of this paper and
could be studied in a further work.

if 7 <s; <7y,
otherwise.

(6)

4. Experiments

Dataset. The SoccerNet [ 1] dataset provides the largest
public soccer video collection, including 550 complete
broadcast games from the six most influential soccer cham-
pionships in Europe. Recently, new annotations were re-
leased as part of SoccerNet-v3 [5] including 344,660 human
bounding boxes of players, referees, and staff, and 26,939
annotations of salient objects such as the ball. These anno-
tations are spread across 33,986 images representing salient
moments in soccer with actions such as goals, cards, cor-
ners, and their replays.

We choose the training set of SoccerNet-v3 as our la-
beled dataset, which contains 24,459 frames, its validation
set to evaluate performance during training and compare
the different loss parametrizations, with 4,797 frames, and
its test set for evaluating our final performance, with 4,730
frames. For our unlabeled set, we first retrieve the broad-
cast videos of the training set games of SoccerNet, which
accounts for about 435 hours of video, and extract images
at 1 frame per second. This amounts to almost 1,6 million
unlabeled frames across 290 different games, which is 64
times more images than the labeled training set!

For the detection task, we focus on the six most impor-
tant classes for soccer analysis: player, goalkeeper, main
referee, side referee, staff, and ball. This amounts to more
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Figure 3. Our three loss parametrizations for positive candi-
dates. Comparison of the evolution of the proposal loss weight
(corresponding to «;) with respect to the prediction confidence
score for our three parametrizations for positive candidates (in
red). (1) Simple threshold value to discriminate between the pos-
itive proposals and the background by assigning the same loss
weight to all positive samples. (2) Introduction of a second thresh-
old to delimit a doubt zone where the loss is zeroed out. (3) Soft
linear approximation for the loss weight in the doubt zone to give
more importance to predictions close to 7,. Note that the loss
weight is always 1 for background proposals (in blue), regardless
of the parametrization for the positive proposals.

than 250,000 ground-truth bounding boxes with a highly
non-uniform class distribution. This dataset allows us to
study our method in many cases ranging from few to many
labeled and unlabeled data, with class imbalance and a wide
range of object sizes, covering most practical use cases.

Training setup. Both the teacher and student models are
based on the same Faster R-CNN [38] architecture with
FPN [24] and a ResNet-50 [ 16] backbone pre-trained on Im-
ageNet. Therefore, these networks are composed of a first-
stage region proposal network (RPN) and a second-stage
detection network, each having their own classification and
regression losses for training. Regarding Equations (1), (2),
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(3) and (4), we simply equivalently consider the RPN and
detection losses as described in those equations, with the
total loss becoming the sum of all four losses.

For the first training phase of the teacher on the labeled
dataset, we use the SGD optimizer with an initial learn-
ing rate of 0.02, momentum of 0.9, and a weight decay of
10~*. We choose to evaluate our model on the validation set
with the mAP (APsg.95) metric after every epoch, which
is a common metric for object detection. If no improve-
ment is made regarding the mAP for 5 consecutive epochs,
we reduce the learning rate by a factor of 10. The mod-
els are trained using 4 GPUs with 8 images per batch per
GPU, with synchronized batch normalization layers across
the different GPUs. For both the RPN and detection mod-
ules of Faster R-CNN, we use the standard smooth L1 loss
for the regression part L., and the cross-entropy loss for
the classification part L£.;s. Note that for the detection mod-
ule, we also weight the classification loss for each proposal
according to the class proportion in D;, which is a common
procedure to counter the class imbalance problem. Specifi-
cally, this prevents the networks from focusing too much on
the most represented class such as players compared to less
represented ones like the balls. Furthermore, we use a sim-
ple data augmentation process in which we randomly apply
horizontal flipping and color jittering for each training sam-
ple. Finally, as an early stopping strategy, we cut off the
training of the model if no improvement is made with re-
spect to the mAP on the validation set for 10 consecutive
epochs or if the training reaches 200 epochs.

Next, during the inference phase of the teacher, we pro-
cess all frames of the unlabeled dataset and gather all detec-
tion with their confidence scores, localization, and classes,
creating the pseudo-labeled dataset. Afterwards, the student
network is trained on both the labeled and pseudo-labeled
dataset by randomly mixing the samples of both datasets.
The exact same training procedure than the one for the first
teacher is used except that for each sample of the pseudo-
labeled dataset, we parameterize the training loss according
to one of the three techniques introduced in Section 3. Once
the student finishes training, either by early stopping or by
reaching the maximal number of epochs, we fine-tune it on
the labeled dataset only.

Finally, the student network is evaluated and becomes
the new teacher network for the next iteration. The pseudo-
labeled dataset is re-computed with this new teacher and a
new student is trained following the above procedure.

Quantitative results. We evaluate our method on increas-
ing labeled dataset sizes to study scenarios ranging from
very few to lots of annotated data. In particular, we select
the following sizes: 1%, 5%, 10%, and 100% of D;, which
corresponds to 3, 14, 29 and 290 games (193, 1,196, 2,475,
and 24,459 frames respectively). The sampling is operated
at the match level rather than at the frame level to stay close
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Table 1. Best performances of the teacher and the fine-tuned
student after a single iteration. Performance of our method are
given for several labeled dataset sizes, trained with a fixed amount
of 10 extra unlabeled games (that is 55,000 frames). According
to best practices, hyper parameters such as the threshold values
of our parametric losses are optimized on the validation set only.
In addition, the performances for the test set are calculated after
training with the entire labeled and unlabeled datasets, and the op-
timal parameters obtained on the validation set. The mAP value of
52.3% is the first detection benchmark on the new SoccerNet-v3
dataset. (Tcorresponds to 7, = 0.9)

Test set

Validation set
100% 100%

Method ‘ m ‘ Th H 1% 5%  10%

Teacher - - 18.1 319 395  52.7 51.0
Param. 1 - 0.99 25.87 386 44.3 53.7 —
Param. 2 | 0.9 | 0.99 26.0 38.7 44.3 53.8 —
Param. 3 | 0.9 1 26.2 389 43.7 53.8 52.3

to a real-world application in which new data comes from a
whole game. For the unlabeled dataset, it is unfortunately
too slow to train the model on the whole unlabeled dataset
for each setup. Therefore, for most of our experiments,
we sample 10 extra matches, not belonging to the labeled
matches, which represents around 55,000 frames. Never-
theless, we evaluate our method once on the entire labeled
and unlabeled datasets (corresponding to 1,596,387 frames)
for the best set of parameters found on the restricted unla-
beled dataset, which defines the first detection benchmark
on the SoccerNet-v3 dataset. Those choices follow the rec-
ommendations of Oliver ef al. [31] regarding the evaluation
of semi-supervised learning methods.

For each labeled dataset size and each loss parametriza-
tion, we optimize the threshold values 7; and 73, using a grid
search strategy on the validation set according to good prac-
tice in semi-supervised learning. A complete ablation study
of these parameters is presented in the next subsection. The
results for the fine-tuned student models after the first itera-
tion may be found in Table 1. As can be seen, the optimal
threshold values 7; and 73, are quite high for the three loss
parametrizations, indicating that we select predictions for
which the teacher is extremely confident. Furthermore, for
all dataset sizes, each parametrization systematically out-
performs the teacher, which is the baseline corresponding
to a strictly supervised approach. We can also see that the
second and third parametrizations have comparable results,
but operate better than the first parametrization with a sin-
gle threshold. This indicates that doubt introduced by those
parametrizations is beneficial for training the student.

Then, we evaluate only once our method trained with the
entire labeled and unlabeled datasets on the test set, choos-
ing the best performing loss parametrization and thresholds
based on the previous experiments with the restricted unla-
beled dataset. As can be seen in Table 1, the best performing
method on 100% of the training data with 10 extra games is
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Figure 4. Optimal threshold value for the first parametriza-
tion. Comparison of the performance of the first parametrization
for different threshold values 75, on various labeled dataset sizes,
with 10 extra unlabeled games. The performance of the student
increases with the threshold value indicating that only predictions
for which the teacher is certain should be considered. Also, the
student manages to surpass the teacher for each dataset size.

obtained with the third parametrization and threshold values
of 7 = 0.9 and 73, = 1. Therefore, we train a student model
on the whole labeled and unlabeled dataset with those pa-
rameters as well. Since this experiment has a high training
time, a single iteration is performed. We achieve an mAP
of 52.3% with the fine-tuned student, improving the per-
formance of the teacher by 1.3%, which is slightly better
than with 10 extra unlabeled games (52.0% on the test set).
This shows that our method improves the detection perfor-
mance compared with fully supervised methods, especially
when considering few annotated data and that more unla-
beled data leads to greater improvements.

Ablation study. In this analysis, we start by reviewing the
effect of fine-tuning the student, then we propose a thorough
study of 7; and 73, for our three loss parametrizations, and
finally, we explore the further gain one can expect when
considering multiple iterations of our method.

First, we discuss the benefit of fine-tuning the student on
D, at the end of the training process. Table 2 shows the
performance of the student before and after fine-tuning for
each dataset sizes on the validation set (the results on the
right of the arrow are the ones of Table 1). As can be seen,
fine-tuning allows to significantly improve the performance
no matter the parametrization or the labeled dataset size.
For this reason, in this ablation study, we only consider the
performance before fine-tuning as this step takes consequent
computation time and that the important observations can
be made on the differences between the performances rather

Table 2. Fine-tuning comparison. Performance improvement
when fine-tuning the student network on the labeled dataset at the
end of the training for different labeled dataset sizes, with 10 extra
unlabeled games. After fine-tuning, the performance increase for
all dataset sizes and all parametrizations, showing the importance
of this last training step (fcorresponds to 75, = 0.9).

Method ‘ 1% 5% 10% 100%
Teacher 18.1 31.9 39.5 52.7
Param. 1 22.6" - 25.8 36.0 » 38.6 42.3 — 44.3  52.6 — 53.7
Param. 2 23.1 — 26.1 36.6 — 38.7 43.0 — 44.3  52.6 — 53.8
Param. 3 23.0 — 26.2 36.1 -+ 38.9 419 — 43.7 52.7 — 53.8

Table 3. Optimal threshold values for the second parametriza-
tion. Comparison of the performance of the second parametriza-
tion before fine-tuning for different threshold values 7; and 7, on
10% of the labeled dataset size with 10 extra games as unlabeled
data. The performance of the student increases with both threshold
values, indicating that predictions should be considered as back-
ground samples for high values of the confidence score as well.

T ‘ 0.5 0.5 0.5 0.5 0.6 0.7 0.8 0.9 0.99
Th ‘ 0.6 0.7 0.8 0.9 0.9 0.9 0.9 0.99  0.999
mAP ‘ 38.1 39.0 39.5 404 409 41.1 414 43.0 410

than their absolute values.

Second, we investigate the influence of the threshold val-
ues on our three loss parametrizations. For the first loss
parametrization, we study the influence of 7, which condi-
tions the proportion of false positive and false negative pro-
posals introduced in the pseudo-labeled dataset. The perfor-
mance of the teacher and student models for the different
sizes of labeled dataset and for values of 7, ranging from
0.5 to 0.99 are shown in Figure 4. For all sizes, increas-
ing the threshold value tends to increase the performance.
Furthermore, all student models achieve better performance
than the teacher for high threshold values, indicating that
even with a simple strategy it is possible to improve on
supervised methods using unlabeled data. For the student
model trained with 5% and 10% of the labeled dataset, the
optimal threshold value corresponds to 7, = 0.99, showing
that it is better to be more selective at the expense of gener-
ating false negatives, rather than introducing false positives
in the unlabeled dataset.

For the second parametrization, we analyze the influence
of 7; and 75, independently, and provide the results only on
10% of the labeled dataset with 10 extra unlabeled games,
since the other labeled dataset sizes lead to similar obser-
vations. Our setup is the following: (1) we vary 7, from
0.6 to 0.9 with a fixed value of 7; = 0.5, and (2) we vary
7; from 0.6 to 0.8 with a fixed value of 7, = 0.9. We also
evaluate this parametrization with higher threshold values
(r = 0.99 and 7, = 0.999). All results are presented in
Table 3. Similarly to the first parametrization, we see that
the performance increases with 7. In addition, higher val-
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Fine-tuned student 1

Fine-tuned student 2

Figure 5. Qualitative results. Comparison of the detections on a test set image for the first teacher (left), fine-tuned student model after
1 iteration (middle), and fine-tuned student model after 2 iterations (right). The considered labeled dataset size is 10%, with 10 extra
unlabeled games, using the third parametrization for both iterations, with the optimal threshold values presented in Table 1.

Table 4. Optimal threshold values for the third parametriza-
tion. Comparison of the performance of the third parametrization
before fine-tuning for different threshold values 7, when 7, = 1,
on 10% of the labeled data and 10 extra games as unlabeled data.
The performance of the student increases with 7; showing that only
high confidence samples should be considered.

7 | 05 06 0.7 0.8 0.9
mAP | 39.1 40.1 40.8 41.3 41.9

ues for 7; also lead to better performance. This means that
the transition zone between true negatives and positives is
around high confidence scores. In other words, detected ob-
jects with confidence scores lower than 0.8 should be con-
sidered as negative samples rather than being ignored. By
construction, this observation is dependent on the consid-
ered network architecture and dataset. However, it provides
good insights on how we should consider the Faster R-CNN
predictions based on their confidence scores. We can also
observe that a very high value for 7; and 7, reduces the per-
formance of the student.

For the third parametrization, we also study the influ-
ence of 7; and 7, on the performance. From our experi-
ments, we noticed that the best performance is always ob-
tained when choosing 7, = 1. This means that we should
increasingly give credit to the predictions based on their
confidence score with no upper limit, independently of the
value of 7;. Therefore, we show the performance when
varying 7; only for this optimal threshold (7, = 1). As
can be seen in Table 4, the performance increases with the
value of 7;, showing that we should consider predictions
with a higher prediction score than before (1; = 0.9). In
fact, the predictions between the thresholds are not com-
pletely ignored compared to the second parametrization, but
are simply less considered when approaching ;.

Finally, since our method may also be used in an itera-
tive fashion, we provide some insights on to what extend a
second iteration of pseudo-labelling using the first student
as the new teacher and training a second student further im-
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prove the performance. In particular, we study the itera-
tive process with 10% of the labeled dataset and the third
parametrization since it gives good performance for one it-
eration and that its training time is reasonable. As men-
tioned earlier in Table 1, for this setup, the first teacher and
the first fine-tuned student have performances of 39.5% and
43.7%, respectively. After fine-tuning, the second student
model reaches an mAP of 45.1%, which further increases
the performance compared to the teacher and the first stu-
dent. In further work, we will study more deeply our itera-
tive process, especially when considering the whole labeled
and unlabeled dataset, which is computationally intensive.
Qualitative results. Illustrations of our method’s predic-
tions for consecutive iterations are shown in Figure 5 for
the first teacher, the first student, and the second student.
As can be seen, the first student does not produce false pos-
itives, unlike the teacher, but fails at correctly localizing and
classifying the goalkeeper. However, the second student
manages to correctly detect the goalkeeper. This perfectly
illustrates the detection improvements at each iteration.

5. Conclusion

In this work, we propose a new generic semi-supervised
method based on a teacher-student approach for object de-
tection. In particular, we show how unlabeled data improves
the detection performance of a model trained solely on la-
beled data. Our method consists in using a teacher trained
on labeled data to produce surrogate ground-truth annota-
tions on the unlabeled dataset, later added to the labeled
data to train a student model. To adapt the training pro-
cess to our scenario, we propose three loss parametrizations
based on the confidence score of the teacher’s predictions
to introduce doubt. By doing so, our method substantially
improves the performance compared to supervised training.
A side result is that we set the first detection benchmark on
the new SoccerNet-v3 dataset. Since our method is data and
network agnostic, we presume that it is always possible to
use available unlabeled data, a common situation in sports
analysis, to further improve a detection network.
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3.2 EPILOGUE

3.2 EPILOGUE

The main contribution of this paper is an uncertainty-aware formulation for pseudo-
labeled losses in SSOD. Relative to Chapter 2, the work replaces a purely binary view of
pseudo-label reliability with confidence-weighted supervision. Beyond the method itself,
it established a practical baseline for SoccerNet-based detection ( | |;

[ |), and the released student model provides a usable off-the-shelf
detector for soccer analytics.

This domain also highlights an important challenge: class imbalance. In soccer broad-
casts, player instances are much more frequent than referees or goalkeepers, which can
produce uneven pseudo-label quality across classes. A natural extension is to enforce
better class balance during pseudo-label generation or sampling.

A key limitation remains the dependence on threshold hyperparameter search. In other
words, this chapter improves what happens after pseudo-label selection, but not how the
threshold is chosen. This unresolved point directly motivates Chapter 4, which addresses
threshold selection explicitly and removes the need for manual sweeps.
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AUTOMATIC THRESHOLD SELECTION FOR
PSEUDO-LABELING

This chapter presents the following publication: Vandeghen, R., Louppe,
G., and Van Droogenbroeck, M. Adaptive Self-Training for Object Detec-
tion. In IEEE/CVF International Conference on Computer Vision Work-
shops (ICCVW), 2023.

Following the pseudo-labeling discussion in Chapter 2 and the uncertainty-
aware weighting strategy in Chapter 3, this paper addresses the remaining
bottleneck in SSOD: manual threshold tuning for pseudo-label selection.
We propose a simple adaptive heuristic based on pseudo-label confidence
histograms to select thresholds automatically.

4.1 PROLOGUE

Chapter 2 identified thresholding as a central trade-off in pseudo-labeling, and Chapter
showed that confidence-aware loss weighting improves robustness once pseudo-labels are
selected. The remaining limitation is how thresholds are chosen. Most SSOD methods,
including STAC ( [ |), Unbiased Teacher ( | , |), and
Soft Teacher ( [2021]), still rely on manual threshold search for pseudo-label
filtering. Reported optimal thresholds vary substantially across setups, and one global
value can affect classes unevenly.

To address this issue, we propose an adaptive thresholding heuristic derived from the
score distribution of candidate pseudo-labels. The method has three objectives:

1. Remove the need for costly threshold grid search.
2. Enable per-class thresholding at negligible additional cost.
3. Improve transferability across datasets and visual domains.

The proposed pipeline builds directly on Chapter 3. In short, Chapter 3 improves
the quality of pseudo-label supervision after selection, while this chapter improves the
selection step itself.
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Abstract

Deep learning has emerged as an effective solution for
solving the task of object detection in images but at the cost
of requiring large labeled datasets. To mitigate this cost,
semi-supervised object detection methods, which consist in
leveraging abundant unlabeled data, have been proposed
and have already shown impressive results. These methods
however often rely on a thresholding mechanism to allocate
pseudo-labels. This threshold value is usually determined
empirically for a dataset, which is time consuming and re-
quires a new and costly parameter search when the domain
changes. In this work, we introduce a new teacher-student
method, named Adaptive Self-Training for Object Detection
(ASTOD), which is simple and effective. ASTOD selects
pseudo-labels adaptively by examining the score histogram.
In addition, we also introduce the idea to systematically re-
fine the student, after training, with the labeled data only to
improve its performance. While the teacher and the student
of ASTOD are trained separately, in the end, the refined stu-
dent replaces the teacher in an iterative fashion.

Our experiments show that, on the MS-COCO dataset,
our method consistently outperforms other adaptive state-
of-the-art methods, and performs equally with respect to
methods that require a manual parameter sweep search,
and are therefore of limited use in practice. Additional
experiments with respect to a supervised baseline on the
DIOR dataset containing satellite images lead to similar
conclusions, and prove that it is possible to adapt the score
threshold automatically in self-training, regardless of the
data distribution. The code is available at https://
github.com/rvandeghen/ASTOD.

1. Introduction

On the path to consolidate on the successes of supervised
deep learning on large labeled datasets, semi-supervised
learning is growing in interest to leverage unlabeled data
and improve the performance in many computer vision ar-
eas, when the amount of labeled data is scarce. Particularly,
semi-supervised learning has led to many improvements for

Gilles Louppe
University of Liege

g.louppeluliege.be

Marc Van Droogenbroeck
University of Liege

m.vandroogenbroeck@Quliege.be

the task of image classification [2, 3, 18, 28, 29, 33], and is
currently growing in interest for object detection. Accord-
ing to current state-of-the-art research [7, 10, 17, 25, 27,
], semi-supervised learning methods for object detection
(SSOD) are usually based on the principle of self-training,
wherein a teacher model is first trained with the labeled
data in order to generate pseudo-labels for unlabeled data.
Then a second model, called the student, is trained with the
pseudo-labeled data. Most of the time, the teacher and the
student are trained at the same time in a mutual way.

How can we effectively endorse candidate labels gen-
erated by methods in the context of SSOD? This question
becomes particularly important when considering state-of-
the-art classification methods applied to object detection
tasks. More precisely, one has to answer the question of
how far endogenous (candidate) labels created by a teacher
are to be trusted so that, when added to the labeled dataset,
the detection performance of a student network twinned
with the teacher network can be improved. Keeping only
trustable labels by thresholding the predictions provided by
the teacher based on their confidence scores is a simple yet
effective method. But beyond this simplicity, determining
the adequate threshold value remains tricky. Current works
in SSOD often require a costly parameter sweep across dif-
ferent values to determine a suitable threshold. While it
is easy to understand the behavior of such a threshold re-
garding the generation of false positives or false negatives,
it is not clear which threshold to choose, as evidenced by
previous works where the reported optimal threshold value
ranges between 0.5 and 0.9 depending on the datasets and
network architectures. Also, most works only cover the case
of natural scenes, such as MS-COCO [15] and PASCAL
VOC [4], preventing drawing conclusions for other datasets.

In this paper, we introduce our Adaptive Self-Training
for Object Detection method (ASTOD) to perform the task
of object detection. The main idea of our method is to deter-
mine the threshold value applied to the confidence score to
select pseudo-labels adaptively which is based on the score
histogram of the pseudo-labels. In addition, this strategy
has the benefit of determining a threshold value for each
class without additional cost, which would be very costly
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with a parameter sweep for most practical semi-supervised
setups. On top of this adaptive threshold, we use differ-
ent views of the unlabeled images during the generation of
pseudo-labels to improve the predictions of the teacher by
reducing the number of missed objects, and to improve the
predictions of the bounding box coordinates. It is also im-
portant to account for the uncertainty in the pseudo-labeled
data when we use them. To do so, we downscale the contri-
bution of pseudo-labels in the loss based on their confidence
scores. Lastly, we refine our student with the labeled dataset
before using it as our new teacher in an iterative way.

In Section Section 3, we delve into the details of our AS-
TOD method, whose pipeline is illustrated in Figure 1, af-
ter a formal definition of our problem statement. Later, in
Section 4, we validate the principle of adaptive self-training
with ASTOD for two experimental setups, namely COCO-
standard and DIOR.

Our contributions can be summarized as follows.

* We present a novel end-to-end SSOD method, called
ASTOD, based on an iterative teacher-student frame-
work. This method includes a computational-free
heuristic based on the score histogram to determine the
threshold value for the selection of pseudo-labels.

* We show that using multiple views to generate candi-
date labels is a simple yet effective technique to im-
prove the labeling process.

* We show that the systematic use of a refinement step
is crucial to improve the performance of the student.

* We demonstrate its effectiveness against state-of-the-
art methods for two setups.

2. Related Work

Semi-supervised learning. Semi-supervised learning has
already been thoroughly studied for image classification.
Among the achievements, some methods are based on the
principles of consistency training [1, 2, 3, 8, 28, 33], which
forces the invariance of a model with respect to input noise
by introducing a regularization loss for the unlabeled data.
For example, Zhai et al. [32] used consistency training to
improve the robustness of the model under adversarial at-
tacks. Xie et al. [28] have tried another approach in which
they minimize the divergence between the output prediction
of an unlabeled image and its augmented counterpart.
Another principle for semi-supervised learning is self
training [9, 12, 19, 21, 23, 29]. Tt consists of three parts.
First, a teacher model is trained with the labeled data. Then,
the trained teacher model is used to generate pseudo-labels
on the unlabeled data. Finally, a student model is trained
with a dataset comprising the original labels and the pseudo-
labels. In particular, Xie et al. [29] showed that adding noise
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during the training of the student model and increasing the
network capacity lead to state-of-the-art results.

Semi-supervised object detection. Driven by the suc-
cesses obtained for image classification, different semi-
supervised learning methods have been tailored for the spe-
cific task of the object detection [6, 7, 12, 16, 17, 10, 23,

, 27, 34, 36], even though pioneering work began in
2005 [21]. Among them, most methods [7, 10, 12, 16, 17,

, 27, 34] use a threshold value determined empirically to
select or reject a pseudo-label. Only few of them are de-
signed without threshold [6, 25]. Particularly, one of the
first work was done by Jeong et al. [6], who proposed a
consistency-based semi-supervised learning method by ap-
plying consistency between a horizontally flipped image
and the original one for the classification part, with the
Jensen-Shannon divergence, as well as for the localization
part, with a weighted sum of the squared errors of the four
different components of the localization loss. They ap-
plied this consistency loss for labeled and unlabeled data.
Given that this loss can be dominated by the background
class, they performed a background elimination, which re-
moves predictions likely to belong to the background. An-
other approach is to use soft pseudo-labels [25], which
means that the whole distribution of class probabilities is
used rather than the hard pseudo-label. Those methods give
more flexibility as they do not need any threshold value.
Among the threshold-based methods, the field of SSOD has
grown in interest after that Sohn et al. [23] introduced a
semi-supervised learning method based on self-training and
augmentation-driven consistency regularization. They start
by training a teacher in a supervised manner. Afterwards,
they use the teacher to generate candidate labels, which are
selected when their confidence scores are above a thresh-
old of 0.9. The method then uses a second model, which
is trained on both the labeled and pseudo-labeled data by
jointly minimizing a conventional supervised loss and a
weighted unsupervised loss based on consistency regular-
ization with strong data augmentations. In [12], Li et al.
presented a selective self-supervised self-training for ob-
ject detection method. They started with a teacher-student
self-training method with a threshold value of 0.7 dur-
ing pseudo-labeling, and improved the pseudo-labeling step
with a so-called selective network. This network splits the
set of pseudo-labels into three categories (positive, negative,
and ambiguity), but only the positive pseudo-labels are con-
sidered in the loss term. They also implemented a consis-
tency term in their loss based on the work presented in [6],
which is also only used for the positive pseudo-labels. Liu
et al. [16] proposed an unbiased teacher, which is a teacher-
student method trained in a mutual setting. The teacher
generates pseudo-labels for the training of the student and,
then, the teacher is updated with exponential moving aver-
age (EMA), leading to continually improving models. The
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Figure 1: Pipeline of our self-training ASTOD method. (1) A teacher is trained with the labeled dataset. (2) We use the
teacher to generate candidate labels on the unlabeled data using multiple views. We apply the inverse view transformation
to gather the different predictions in the same dimensional space. The predictions are then merged with NMS. (3) Based on
the confidence score histogram, we determine the threshold value 7 to filter the candidate boxes, leading to a pseudo-labeled
dataset. (4) Next, we train the student with the labeled and pseudo-labeled datasets. (5) Finally, we refine the student with
the labeled dataset and use it to replace the teacher. ASTOD can then be used in an iterative fashion by replacing the teacher

(2) with the refined student.

authors also used a threshold value of 0.7 to remove boxes
with low confidence scores and they addressed the problem
of class imbalance by replacing the standard cross-entropy
loss with the focal loss [14]. They also published a second
version of their unbiased teacher [17] for anchor-free detec-
tors. Zhang et al. [34] also addressed the problem of class
imbalance with two modules. The first module addresses
the problem of foreground-background imbalance by past-
ing synthetic objects from the training/pseudo dataset in the
training images. The second module addresses the prob-
lem of foreground-foreground imbalance, which changes
the sampling probability with respect to the class occur-
rence. Kim et al. [7] presented a data augmentation tech-
nique for the unlabeled dataset that mixes image tiles and
feature tiles together and then unmixes the features for the
student. Those unmixed feature maps are then processed
by the RPN and ROI heads with the pseudo-labels being
generated by the teacher with the same weakly augmented
images. Li et al. [10] also adopted the teacher-student dual
learning but took into account the noisy nature of pseudo-
boxes regression. Their method is based on a learning

scheme that uses multiple views for both the images and
the feature maps to enforce consistency. Tanaka et al. [24]
recently proposed to optimize the threshold based on the 3-
score and without iterating on the student.

The current literature on the topic of semi-supervised learn-
ing for object detection exhibits a wide variety of nuances
around a teacher-student scheme and the calculation of
pseudo-labels. Alongside, this often results in the heuristic
determination of parameters among which the determina-
tion of a threshold on the confidence score during the gen-
eration of pseudo-labels. As opposed to most approaches of
current literature, we intentionally skip this process thanks
to an adaptive calculation of such threshold embedded into
a new iterative, multiple-view, and refined teacher-student
scheme. This forms the basis of our concept of adaptive
self-training. In the case of ASTOD, this calculation oc-
curs by analyzing the histogram of scores associated to the
generation of pseudo-labels in a fully automatic fashion.
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3. Method

Problem statement. We consider a set, D, of images, x;,
containing several classes of objects to be detected. Among
D, only a subset of images, wﬁ are annotated with the class
and localization of all objects of interest, yﬁ (called “labels”
or ground-truths), and compose the subset of labeled im-
ages D; = {x}, 4!}, where N, is the number of labeled
images in D. Each ground-truth y! is composed by a set
of classes ¢ and bounding box coordinates b. The remain-
ing images of D with no labels, }', compose the subset of
unlabeled images D,, = {x!*} ", where N,, is the number
of unlabeled images in D. These subsets are complemen-
tary sets (that is D = D; U D,,), and we assume that they
come from the same data distribution. In semi-supervised
learning setups, we often have N; < N,,.

Teacher warm up. Our method relies on a teacher-student
scheme, where the student learns from the pseudo-labels
generated by the teacher. Thus, the first step is to learn a
teacher that is able to generate high-quality candidate labels,
which are all the predictions made by a model without re-
strictions. The first step of our method then consists in train-
ing the teacher model with the labeled data only. We use the
conventional training loss for object detection, which is the
sum of the classification and regression losses:

Li= 1D (Las (p(ej|@i), ¢)) + Lreg (p(bs]2:), b))

i=1 | j=i

1
where the index j corresponds to the index of an anchor,
p(c;|x;) is the predicted class probability of anchor j in the
image x;, and p(b;|z;) are the 4 bounding box coordinates
of a predicted bounding box.

Multi-view pseudo-labeling and ground threshold. After
we warm up the teacher model, we use it to generate can-
didate labels for the unlabeled data. Since we want to mit-
igate the false negatives due to missed predictions and we
want the most accurate predictions, the inference of each
unlabeled image is processed under multiple views: origi-
nal image, horizontally flipped image, rescaled image, and
both flipped and rescaled image. Afterwards, we apply the
inverse transformations to the predictions so that they can
be aggregated in the same dimensional space. To reduce
redundancy, we apply non-maximum suppression (NMS)
on each prediction before and after aggregation. This leads
to a subset of candidate pseudo-labels D = {x¥, g} e,
with N, being the number of unlabeled images which have
at least one prediction ¥, given that we automatically dis-
card images without prediction. Note that each prediction
g} is composed by the set of predicted classes, its cor-
responding bounding box coordinates, and the confidence
scores s associated to each box. Now that we have access
to high-quality candidate labels, we need to select among
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them those that can be considered as true positives. In con-
trast to classification tasks, where we can select the class
with the highest probability, this is a challenging step for
SSOD. Indeed, there can be multiple objects in the same
image, meaning that an independent decision must be taken
for each anchor. The most straightforward and, by far, most
common solution is to threshold the candidates based on
their score predictions.

Previous works in the field use a threshold value, de-
noted by 7, which suits at best their method and the dataset
on which they evaluate it. Typical values for this thresh-
old range between 0.5 and 0.9. However, this threshold
value is often determined with a costly parameter sweep,
unique for all classes, and is optimized for only one image
distribution (natural scenes with MS-COCO). To account
for those shortcomings, we propose a new heuristic, called
ground thresholding, based on the score histogram to deter-
mine the threshold value: ground thresholding selects the
bin with the lowest density. From our experience, taking the
bin with the lowest density is a heuristic that constitutes a
well-suited compromise solution for eliminating false posi-
tives (bins on the left) while preserving a high enough recall
(bins on the right). The final pseudo-labeled dataset is then

D, = {«! 9" ?21, with N, being the number of candi-
date images which have at least one prediction that satisfies
¢ > 7. Since this heuristic does not require the burden of
a parameter sweep to find the threshold value, it can be ap-
plied independently for each class, which does not bias the
threshold value with respect to the class occurrence. It also
means that our method can easily generalize to any dataset

without any additional computational cost.

Iterative student training. We train the student model in
the same manner as for the teacher, but with the labeled and
pseudo-labeled data (D;; = D; U D,,). During the training
of the student, we do not distinguish images coming from
D; or D,,. However, to account for the uncertainty in the
pseudo-labeled data, we generalize the weighting term

S;—T1
J— Th—T,
a; = { 1h 1

used in [26] for the loss by fixing 7, = 1, where 73, and 7;
represent a high and a low threshold value and s; the score
prediction. This leads to the weighted loss function:

if 7 <s; <7y,
otherwise.

@)

Lu - Z Z Qi (‘Ccls + ['Teg) 5 (3)

i=1 | j=1

where L5 and L, are the same classification and regres-
sion losses as in Equation (1). The weighting factor or; used
to reduce the contribution of each prediction is then defined
as
aj_{ Y0 <<
1 otherwise,

“



with s; and 7; being the score and the class-wise threshold
value associated to the prediction. Since the score value of
labeled data are implicitly set to 1, only pseudo-labeled data
contribute to the weighting factor of the loss.

The final step consists in the refinement of the trained
student model with the labeled data only. Our method can
then be used in an iterative pipeline, where the refined stu-
dent model will become the new teacher. Since we expect
that the student model achieves better results compared to
the teacher, its predictions for the candidate labels should be
of higher quality which thus leading to an even better new
student.

4. Experiments
4.1. Experimental setup

Datasets. Our experimental setup follows the methodol-
ogy introduced in STAC [23]. In particular, we evalu-
ate our method on two setups: (sefup 1) natural images
on MS-COCO [15] and (setup 2) satellite images from
the DIOR [11] dataset. For the first setup (called COCO-
standard hereafter), we randomly sample 1,2,5 and 10%
labeled training data out of the 118k images available in the
train2017 split and use the remaining ones as unlabeled
training data. For the second setup (DIOR), we first shuffle
all the labeled images in two parts: the training part with
80% and the validation part with the remaining 20%. Then,
we sample 10% of the training dataset as labeled data and
the remaining 90% as unlabeled data. Unlike most of the
other works in semi-supervised for object detection, which
use PASCAL VOC [4] as second dataset, we evaluate our
method on satellite images with the DIOR dataset to ana-
lyze our method for a totally different image distribution.
For both COCO-standard and DIOR, we report the mean
and standard deviation of the AP5g.95 (mAP) over 5 folds.

Implementation details. For a fair comparison with previ-
ous works, we use Faster-RCNN [20] with FPN [13] and a
ResNet-50 [5] backbone pretrained on ImageNet [22] as ob-
ject detector. For the teacher warm-up, we train the model
for 20k steps of gradient descent with a starting learning
rate of 0.08 that decays after 13k and 18k steps by a fac-
tor 10. For the generation of pseudo-labels, we use 4 dif-
ferent views of the unlabeled image: (1) normal view, (2)
upscale of the original image by a factor of 2, (3) horizon-
tal flip of the original image, and (4) both upscaling and
flipping of the original image. From the score histogram,
we set the threshold by selecting the bin with the lowest
density between 0.5 and 1 with 21 bins —the choice of
the [0.5, 1] range was motivated by the need to select only
pseudo-labels with enough confidence, while we choose 21
bins because we wanted an odd number of bins and, by ex-
perience, the impact of more bins on the threshold value
was insignificant. The student models are trained for 180k

steps, with the same learning rate as the teacher, which fol-
lows the same decay strategy after 120k and 160k steps. Fi-
nally, the student models are refined on the labeled dataset
for 10k steps with a learning rate starting at 0.0008 which
decays after 6k steps. All the models for COCO-standard
are trained on 4 GPUs, with a batch size of 16 per GPU. We
apply random color and scale jitter as data augmentation.
When we train the student models, the batches are formed
with 2 labeled and 14 unlabeled images. For DIOR, we use
3 scale levels per anchor to better match the different bound-
ing box shapes. The batch size is reduced to 8 per GPU and
the student is trained for 90k steps.

4.2. Results

COCO-standard. We compare our model with the state-
of-the-art semi-supervised object detection methods on
COCO-standard, as it is the main benchmark adopted by
the SSOD community. We group the different methods ac-
cording to how their threshold value is set, if any. In par-
ticular, we group methods that perform a parameter search
to find the optimal threshold value. This kind of meth-
ods represents most of previous works in the field, such as
STAC [23], Soft Teacher [30] or Unbiased Teacher [16, 17].
The second group is for methods that do not need an empir-
ical search for their threshold, such as CSD [6], Humble
Teacher [25] and our method. One could say that the for-
mer group are dataset dependent while the latter ignore the
dataset distribution. Even though our ASTOD method has a
threshold parameter, it is adaptive to the dataset, thus closer
to the second group than the first. The results are shown in
Table 1, where our results are obtained after 3 iterations of
student training plus refinement. While being competitive
w.r.t. to the state-of-the-art methods with empirical thresh-
old, like Unbiased Teacher v2 [17] and PseCo [10], our
method consistently outperforms methods that do not take
into account the dataset distribution [0, 25]. It is important
to note that if Unbiased Teacher v2 [17] and PseCo [10]
have better performances than ASTOD, they would be more
challenging to use in practice on a new dataset, simply be-
cause there is no data to fine-tune their thresholds.

DIOR. It is important to design SSOD methods that are
usable and effective in many different setups. While pre-
vious works in the field have mainly focused on natural
scene images with MS-COCO and PASCAL-VOC, we de-
cided to evaluate our method with a different and challeng-
ing setup. We targeted the field of satellite images because
of the growing interest around it, with the DIOR dataset.
Since there is no baseline for SSOD methods for that
dataset, we will compare with the supervised baseline
achieved by our teacher model. We generated candidate
labels with the Flip+Scale strategy and used a class-wise
ground threshold. We also refine the student model to fur-
ther improve its performance. The results of the different
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Table 1: Experimental results on COCO-standard for the mAP: we report the mean and standard deviation over 5 randomly
sampled dataset. We group the different methods w.r.t. to their thresholding strategy. The methods in the middle of the table
use a manual empirical search for the threshold value (these methods are thus intractable when applied on a new unknown
domain), while methods in the lower part are fully automatic. The results of Supervisedf represents the performance of our
teacher, which sets our supervised baseline. The results of our method are obtained after 3 iterations of student with refined
models, where we used our ground threshold and the multi-views strategies during the pseudo-labeling step.

1% 2% 5% 10%
Supervised 9.05 £0.16 12.70 £0.15 18.474+0.22  23.86 £0.81
Supervisedf 12.14 £0.21 16.67 £0.30  23.59+0.20  29.34+0.20
STAC [23] 13.97 £ 0.35 18.25+0.25  24.38+0.12  28.64+0.21
Instant Teaching [35] 18.056 +£0.15  2245+£0.15  26.75+£0.05  30.40 £ 0.05
ISMT [31] 18.88+0.74  2243+£0.56  26.37+£0.24  30.53 £0.52
Unbiased Teacher [16] 20.75+0.12  24.30£0.07  28.27£0.11 31.50 £0.10
Soft Teacher [30] 20.46 +0.39 - 30.74+0.08 34.04+£0.14

Omni-DETR [27] 18.6 23.2 30.2 34.1
Unbiased Teacher v2 [17] 25.40+0.36 28.37+0.03 31.85%£0.09 35.05+£0.02
PseCo [10] 2243£036  27.77+£0.18 32.50+£0.08 36.06+0.24
CSD [6] 10.51 £ 0.06 13.93 £0.12 18.63 £0.07  22.46 £0.08
Humble Teacher [25] 16.96 £0.38  21.724+0.24 27.70+0.15 31.61+£0.28
Ours (ASTOD) 1947+0.39 24.85+0.21 3043+0.50 34.58=£0.22

Table 2: Comparison between models trained on DIOR. The
refined student models are trained with candidates labels
generated with the Scale+Flip technique and a class-wise
threshold. We report the mean and standard deviation over
5 randomly sampled dataset.

Student Refined
51.23+0.35 52.89+0.33

Supervised
mAP  47.59 £+ 0.36

models are presented in Table 2. The gain obtained af-
ter one iteration shows the effectiveness and robustness of
our method towards completely different data distribution,
meaning that it can be further used in other applications.

4.3. Ablation study

We study our method w.r.t. to its different components
on COCO-standard with a labeled dataset size of 10%.

Pseudo-labeling. It is important to rely on high-quality
pseudo-labels. To obtain those high-quality pseudo-labels,
it is possible to use a high threshold value but at the cost
of rejecting potential true positives with lower confidence
scores. However, it is not possible to avoid false negatives
due to missed predictions. Our multi-view pseudo-labeling
strategy can help to reduce their numbers. Figure 2 shows
the predicted candidate labels for the different views we
consider. We can effectively see that only using the nor-
mal view fails to predict some objects in the image, such as
the right snowboard, and adding the predictions of the other
views solves the problem. Since our aggregation of boxes is
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performed with NMS, which is a score-based method, the
final boxes are a mix of the different views, leading to the
best possible candidates.

Ground threshold. The key component of our method is its
ability to determine a suited threshold value without empir-
ical search. The proposed strategy is to compute the score
histogram and set the threshold value to the bin with the
lowest number of instances. While the number of bins and
the score range are parameters of the proposed method, Fig-
ure 3 shows that the shapes of the histograms are the same,
that is U-shaped with high density regions for very low and
very high scores, and that they do not influence the posi-
tion of the lowest density bin. Since this heuristic is inde-
pendent on the data distribution, it can be applied for each
class separately, which gives the possibility to have a set
of thresholds rather than a single one. However, training
with a uniform threshold seems to achieve better results on
COCO-standard, as can be seen in Table 4. Looking at Fig-
ure 4, which shows the score histogram for a single class
and for all the classes jointly, we can see that both of them
define a U-shape. This is the shape that we expect since a
threshold value lower than the ground threshold would lead
to more pseudo-labels, with many of them having a high
probability to be false positives. Also, if the score threshold
was higher than the ground threshold, we would probably
create false negatives. But the problem arises for classes
that are hard to learn. For those classes, the chosen heuristic
can fail. Since most of the predictions for those classes may
have a low confidence score, the histogram can be mono-
tonically decreasing, leading to a ground threshold equal
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Figure 2: Comparison between the candidate labels for the different views. The normal view (a) misses two snowboards.
Both flipped and scaled+flipped views (c) and (d) miss the small snowboard. Only the scaled view (b) has detected all the
snowboards. The aggregated view (e) combines the information of all images (with NMS) to produce the final candidate
labels. Note that images (b), (c) and (d) are transformed back to the original space.
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Figure 3: Histograms for different parameters.

to the last bin. There are multiple consequences to that
scenario. First, we generate a lot of false negatives in the
pseudo-labeled dataset. Then, the student trains on noisy
labels, which will again emphasize the problem of classes
hard to learn. Taking a uniform threshold sets the threshold
value at a lower score than their ground threshold, leading
to fewer false negatives. However, in the DIOR setup, we
observe that this problem is not present, which we explain
by the fact that the teacher is able to better learn the different
classes. As shown in Table 4, the student model performs
better with a class-wise threshold.

The key advantage of our method is that it eliminates
the need for a parameter search to find the threshold value.
However, it is interesting to see how it behaves against this
parameter search. Table 3 shows the performance of the
student model trained with different threshold values and
trained with our method. The results depict two interest-
ing behaviors: (1) the optimal threshold from the parameter
search does not always gives a better performance, as can
be seen on DIOR, (2) the optimal threshold value with pa-
rameter search for two distinct image distributions does not
give the same threshold (0.7 for COCO-standard and 0.8 for
DIOR). This emphasizes that a manual sweep is unsuitable
for generalization purposes. It is also important to note that
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(a) Score histogram for a single (b) Score histogram for all
class. classes.

Figure 4: Score histograms for a single class (7 = 0.7) (a),
and for all the classes (7 = 0.75) (b).

we can process our candidate labels using 6 bins ranging
from 0.5 to 1. In this setup, the width of a bin is 0.1, mean-
ing that the bin with the lowest density will match a value
that could have been selected with this classical grid search.
On COCO-standard, we observed that the ground thresh-
old value in this particular setup is 0.7, which appears to be
the optimal value in Table 4. This result further consolidate
that our ground threshold strategy gives a good threshold
value at no cost. Although this particular setup would give
the best result for the COCO-standard setup, we argue that
restraining our method to this particular example does not
fulfill our idea to be adaptive to any dataset, which is con-
firmed with the result obtained on DIOR.

Table 3: Performances obtained with a parameter search on
the threshold compared to our method. We report the mean
over 5 randomly sampled dataset for both setups.

T 0.5 0.6 0.7 0.8 0.9 Ours
COCO 10% 32.81 32.83 33.02 32.82 3257 3291
DIOR 52.14 52.29 52.55 52.61 52.49 52.89

Iterative students + Refinement. Since our method is not
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Figure 5: Comparison between the different learning curves
of student and refined models w.r.t. the batch size configura-
tion. The vertical dashed line indicate when the refinement
step begins.

Table 4: Comparison between refined student models
trained with different thresholding strategies. We report the
mean and standard deviation over 5 folds for both setups.
Surprisingly, using a uniform value performs better than us-
ing one determined class-wise on COCO-standard.

Setup Class-wise T Uniform 7
COCO-standard ~ 32.56 £0.11  32.91 +0.16
DIOR 52.89+0.33 52.52+0.25

based on a mutual training between the teacher and student
models, the pseudo-labels used for the student are fixed.
However, if we can obtain better results by the end of its
training, we can expect to have better candidate labels by
using the student as our new teacher. Before we replace the
student as our new teacher, we refine the student on the la-
beled dataset only for a few gradient descent steps. This
idea has already been used by Vandeghen ef al. [26] to im-
prove the ROI Heads with only trustable ground-truth la-
bels. As it is shown in Table 5 for COCO-standard and in
Table 2 for DIOR, this final trick is highly effective. The re-
sults obtained for 3 iterations, before and after refinement,
are shown in Table 5.

During our experiments, we performed an analysis on
the batch size distribution between the labeled and pseudo
labeled images. The different configurations were 0|16,
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Table 5: Comparison between the different iterations of stu-
dent and refined models for the mAP on COCO-standard.
There is a twofold message from those results: (1) Consec-
utive iterations of student training consistently improve the
performance compared to the previous iteration. (2) Refin-
ing the student is a simple yet effective way to boost the
performance. We report the mean and standard deviation
over 5 randomly sampled dataset.

1% 2% 5% 10%
Supervised 9.05+0.16 12.70 £ 0.15 18.474+0.22 23.86 £0.81
Supervisedf  12.14 4+ 0.21 16.67 & 0.30 23.59 £ 0.20 29.34 £0.20
Student 1 16.57+£0.46  21.53 £0.34 27.64£0.17  31.77+0.14
Refined 1 16.67 £0.36  21.93 £0.36 28.47 £0.43 32.91£0.16
Student 2 17.75+£0.31 23.23£0.29 29.17+£0.45 32.88£0.18
Refined 2 17.95+£0.37 23.62£0.33 29.54 £0.45 33.86 £0.18
Student 3 18.71+0.30  24.23+£0.34 29.65 £0.41 33.40 £0.23
Refined 3 19.47+0.39 24.85+0.21 30.43+0.50 34.58+0.22

2|14, 4|12 and 8|8, for the labeled and unlabeled size re-
spectively. The averaged learning curves of the first student
models are shown in Figure 5, where the training of the stu-
dent models stops at 180,000 iterations. From the student
results, it could be obvious to discard the first two config-
urations. However, those refined models tend to perform
better than the last two configurations. This analysis shows
that (1) refining the student models is a crucial step to im-
prove their performance, and (2) drawing some conclusions
with only the student performance may not be sufficient.

5. Conclusion

In this paper, we present ASTOD, an iterative end-to-
end self-training method for object detection. Our method
solves the problem of parameter sweep for the threshold
value in SSOD with a heuristic threshold value which adapts
easily to different setups. We also present the systematic
use of a refinement step of the student models to improve
their performance. Our experiments show that our method
largely outperforms state-of-the-art methods in SSOD, that
are threshold-free methods.

Limitations and further work. While our method shows
an excellent capacity to adapt to diverse data distributions,
there is still potential to adapt it to methods which ap-
proach the teacher-student scheme with mutual learning.
We believe that more work should address the problem of
thresholding methods based on parameter search. Finally, a
deeper investigation regarding the refining step may be use-
ful, as we have shown that this step consistently improves
the performance.
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6. Supplementary Material
6.1. Implementation details.

Networks. We use a pre-trained ResNet-50 [5] as backbone
for Faster-RCNN [20] with FPN [13] as object detector.

Training parameters. For the COCO-standard setup, the
teacher models are warmed-up for 20k steps with a learn-
ing rate decay after 13k and 18k steps. Then, our student
models are trained for 180k steps, using a global batch size
of 64. We apply the same learning rate decay after 120k
and 160k steps. We use SGD as optimizer, with an initial
learning rate of 0.08 and with default other parameters. The
refined student models are trained for 10k steps, using a ini-
tial learning rate of 0.0008, which is reduced after 6k steps.
For the DIOR setup, the student models are trained for 90k
steps with a learning rate decay after 60k and 80k steps. The
different values are gathered in Table 6.

Table 6: Hyper-parameters used during the training of the
different models

Parameters COCO-standard DIOR
Teacher Student  Refined Teacher  Student Refined
Training steps 20k 180k 10k 20k 90k 10k
Learning rate 0.08 0.08 0.08 0.08 0.08 0.08
Learning rate decay 13k-18k  120k-160k 6k 13k-18k  60k-80k 6k
Batch Size (labeled — pseudo labeled) 64/0 8|56 64/0 32/0 8[24 32|10

Data augmentations. For the data augmentations during
training, we use some large scale color jittering, such as
random changes in brightness, contrast, hue and saturation.
We also apply some scale jittering and random horizontal
flips.

6.2. Student training.

In Table 7, we show the results of refined student mod-
els trained with pseudo-labels generated with different view
strategies. The idea of using the four different views (nor-
mal, flip, scale and flip+scale). We can see that only scaling
up the view gives worse results, but scaling and flipping
gives a tiny improvement compared to only flipping the im-
age.

Table 7: Comparison between refined student models
trained with different view techniques during the genera-
tion of candidate labels for the mAP on COCO-standard.
For the Scale+Flip technique, we use the information of the
normal view, the scaled/flipped only view and the scale+flip
view. Adding multiple views is a simple yet effective way to
improve the quality of candidate labels. We report the mean
and standard deviation over 5 randomly sampled dataset.

Transformation None Scale Flip Scale+Flip

mAP 32.87+0.23 32.76£0.17 32.90+0.19 32.91+0.16

We also study the effect of weighting the loss in Equa-

tion (3) during the training of the student. We trained a
student by fixing the « term in Equation (3) to 1. On aver-
age, the gain of mAP is 0.13 for the model trained with the
weighted loss.
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AUTOMATIC THRESHOLD SELECTION FOR PSEUDO-LABELING

4.2 EPILOGUE

The main contribution of this work is a practical adaptive mechanism for pseudo-label
threshold selection in SSOD. The method matches or improves manually tuned baselines
while avoiding repeated parameter sweeps.

We validate the approach on both COCO ( | |) and DIOR (
| ]), which propose different data distributions. This cross-domain evaluation con-
firms a central point from Chapter 2: fixed thresholds are sensitive, and a value tuned
on one dataset does not necessarily transfer to another. In addition to adaptive thresh-
olding, the method benefits from two complementary components: confidence-aware loss
weighting for pseudo-labels (inherited from Chapter 3) and a final refinement stage that
fine-tunes the student on labeled data only.

Two limitations remain. First, the method is designed for offline pseudo-labeling be-
cause histogram estimation requires full pseudo-label sets. Extending it to online methods
likely requires a running score memory. Second, the heuristic assumes informative score
distributions; for rare or difficult classes, the histogram can be unstable, which weakens
threshold estimation.

Together, Chapters 3 and 4 provide a coherent response to the semi-supervised part of
the thesis question in Chapter 1: they improve both pseudo-label reliability and pseudo-
label selection under limited supervision. The next part of the manuscript shifts from
semi-supervised detection to self-supervised pretraining, starting with masked modeling
in Chapter
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MASKED MODELING

This chapter introduces masked modeling as a core paradigm for self-
supervised pretraining in vision. We start from the central idea of Masked
Autoencoders (MAE) for images, then extend the discussion to masked
video modeling. The chapter emphasizes masking and reconstruction
choices that matter for motion-sensitive pretraining.

We assume that the reader is familiar with the basics of machine learning,
deep learning, and computer vision.

5.1 MASKED IMAGE MODELING

The key idea of MAE is simple: hide most of an image, then train a model to recover
the missing content from the remaining visible patches ( [ ]). To succeed, the
model must infer global structure, object layout, and local texture from partial evidence,
which turns reconstruction into a representation learning problem rather than a pure
pixel interpolation problem.

The MAE pipeline follows a mask-and-predict strategy described hereafter and shown
in Fig.

1. The image is split into non-overlapping patches (patchify) (

[2021]).

2. A large subset of patches is randomly masked.

3. The encoder processes only visible patches.

4. A lightweight decoder receives encoded visible tokens and mask tokens.
5. The model reconstructs masked patches.

6. After pretraining, only the encoder is retained for downstream transfer.

Formally, let € RT*W*C denote an input image. This image is first patchified (
[2021]) yielding N patches P = {p;}¥ . A random mask set M C {1,..., N}
is sampled at a high ratio (p ~ 75% in standard MAE), and only visible patches
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MASKED MODELING
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Figure 6: Masked Autoencoder (MAE) pretraining pipeline (I1c ot al. [2022]). An input
image is patchified, a large subset of patches is masked, and only visible tokens are processed
by the encoder. A lightweight decoder reconstructs masked content from encoded visible tokens
and learnable mask tokens using a pixel reconstruction loss. The pretrained encoder is then
transferred to downstream tasks.

puisitle — fp.|i ¢ M} are processed by the encoder model. A lightweight decoder model
then predicts the missing patches p; for ¢ € M. The reconstruction objective is
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Three design choices explain why MAE is effective in practice (Ie et al. [2022]). First,
high-ratio masking creates a strong information bottleneck and forces non-trivial infer-
ence. Second, the encoder processes only visible tokens, which makes pretraining compu-
tationally efficient. Third, the asymmetric encoder-decoder design keeps most modeling
capacity in the encoder, which is the component transferred to downstream tasks. This
MAE formulation serves as the conceptual foundation for the object-centric image pre-
training strategy in Chapter 6.

5.2 MASKED VIDEO MODELING

Masked video modeling (MVM) extends MAE from images to clips, often formed by
16 temporally subsampled frames, using spatiotemporal tokens (tubelets) (Feichtenhofer
et all [2022]; Tong et al. [2022]; Wang et al. [20234]). Let & € RTXWXTXC denote an
input clip, consistent with Chapter 2. The high-level pipeline remains analogous to MIM:
tokenize, mask, encode visible tokens, decode with mask tokens, and then reconstruct
masked regions.

The main adaptation from image MAE is the masking policy. Two common variants
are used in practice. In random tube masking, masked spatial locations are aligned across
time. In frame-wise random masking, each frame receives an independent random mask.



5.2 MASKED VIDEO MODELING

In both cases, very high masking ratios are common because adjacent frames are strongly
redundant ( | D).

Two design axes are central in modern MVM:

1. What to mask. Uniform random masking is simple and effective (
| |), while motion-aware or temporally structured masking can allocate visible
tokens more deliberately across static and dynamic regions ( | |;

[2023]).

2. What to reconstruct. Pixel-space reconstruction is direct and stable (

[ l; [ |), whereas feature-level or motion-oriented
targets can encourage stronger semantic and temporal abstraction (

[2023]; [2023a]; [2024]).

These choices directly affect transfer behavior to downstream tasks. Appearance-
dominated pretraining often performs well when static scene structure is sufficient,
but it can underperform in fine-grained temporal reasoning. This limitation moti-
vates explicit motion learning during pretraining, which is particularly important for
motion-dominated benchmarks where temporal dynamics are the primary signal.

This distinction motivates the second self-supervised contribution of this thesis: motion-

aware masked video pretraining with explicit temporal supervision, introduced in Chap-
ter

95






OBJECT-CENTRIC REPRESENTATION LEARNING WITH
MASKED IMAGE MODELING

This chapter presents the following publication: Eymaél, A.”, Vandeghen,
R.”, Cioppa, A., Giancola, S., Ghanem, B., and Van Droogenbroeck, M.
Efficient Image Pre-training with Siamese Cropped Masked Autoencoders.
In European Conference on Computer Vision (ECCV), 2024.

The paper investigates object-centric representation learning with a
Siamese masked modeling framework that uses paired crops from images
rather than paired frames from videos.

6.1 PROLOGUE

Chapter 5 framed masked modeling as a representation-learning problem driven by two
core decisions: what information is hidden and what target is reconstructed. This chapter
instantiates that framework in the image setting, with an explicit focus on object-centric
representation learning.

The project started from a broader objective on temporal self-supervision. During de-
velopment, the central question became whether object-level invariances could be learned
efficiently without video, using spatial view variation alone. Compared with classical
MAE ( [ |), which primarily captures global image structure, our approach
biases learning toward object-centric cues through Siamese masked pretraining on paired
crops of the same image.

This design choice creates a direct connection between the conceptual discussion in
Chapter 5 and the method studied here. We keep the MAE-style mask-and-predict prin-
ciple, but we replace temporal pairing with image-level crop pairing, reducing data and
compute requirements while maintaining strong transfer behavior on object-centric tasks.

Author contribution

I co-authored this work with Alexandre Eymaél during his master’s thesis. I co-designed
the methodology, co-ran experiments, and co-wrote the manuscript. I also supervised
Alexandre’s day-to-day research progress throughout the project and submission phase.
Anthony Cioppa, Silvio Giancola, Bernard Ghanem, and Marc Van Droogenbroeck su-
pervised the work and contributed to scientific direction and writing.
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Efficient Image Pre-Training with
Siamese Cropped Masked Autoencoders

Alexandre Eymagl*!®, Renaud Vandeghen*!®, Anthony Cioppa!s2®,

Silvio Giancola?®, Bernard Ghanem?®, and Marc Van Droogenbroeck!

! University of Liége, Belgium
2 KAUST, Saudi Arabia
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Abstract. Self-supervised pre-training of image encoders is omnipresent
in the literature, particularly following the introduction of Masked au-
toencoders (MAE). Current efforts attempt to learn object-centric rep-
resentations from motion in videos. In particular, SiamMAE recently
introduced a Siamese network, training a shared-weight encoder from
two frames of a video with a high asymmetric masking ratio (95%). In
this work, we propose CropMAE, an alternative approach to the Siamese
pre-training introduced by SiamMAE. Our method specifically differs by
exclusively considering pairs of cropped images sourced from the same
image but cropped differently, deviating from the conventional pairs of
frames extracted from a video. CropMAE therefore alleviates the need
for video datasets, while maintaining competitive performances and dras-
tically reducing pre-training and learning time. Furthermore, we demon-
strate that CropMAE learns similar object-centric representations with-
out explicit motion, showing that current self-supervised learning meth-
ods do not learn such representations from explicit object motion, but
rather thanks to the implicit image transformations that occur between
the two views. Finally, CropMAE achieves the highest masking ratio to
date (98.5%), enabling the reconstruction of images using only two vis-
ible patches. Our code is available at https://github.com/alexandre-
eymael/CropMAE.

Keywords: Self-supervised learning, Masked autoencoders, Siamese net-
works, Video segmentation, Label propagation.

1 Introduction

Self-supervised learning (SSL) has become increasingly popular in the last few
years thanks to its capacity to learn meaningful and robust representation with-
out the need for labels, sometimes even leading to performances on downstream
tasks surpassing its supervised counterpart. This is especially interesting in do-
mains in which data labelling is costly, such as image segmentation or object de-
tection, or when the exact task to solve is not known beforehand [1]. Among pop-
ular self-supervised paradigms, visual contrastive learning [7,20,24] and masked
image modeling (MIM) [23,30,48] have received significant interest due to their
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Fig.1: CropMAE self-supervised pre-training. Given an input image (V1), a
second image is generated by performing a random crop and, optionally, a horizontal
flip on the original image (V2). We then patchify [13] both views and mask [23,30] an
extremely high portion of the second image (above 98.5%). Both views are encoded by
a Siamese [5] ViT encoder, with added positional embedding [13]. A transformer [19]
decoder reconstructs the masked image R using self-attention layers on the tokens of
the masked image and cross-attention layers between the tokens of the masked and
unmasked images.

impressive performance. While highly effective, MIM methods often require a
large amount of data and/or extensive training time to achieve satisfactory per-
formance [16,21,41]. This necessity largely stems from their objective to develop
a conceptual understanding of the data distribution they are trained on, enabling
them to reconstruct images at the pixel level. This challenge is particularly pro-
nounced with Vision Transformers (ViTs) [13] as encoders, as they perform sub-
optimally with limited data due to the lack of visual inductive biases that they
exhibit [13]. A major weakness of contrastive learning techniques is that they
rely on carefully chosen transformations to achieve good performances [7,20,47].

Recently, Siamese Masked autoencoders (SiamMAE) [21] achieved state-of-
the-art performance in numerous propagation tasks [27,35,52] by learning object-
centric representations from videos. This method leverages a Siamese encoder [5]
to process pairs of frames that are asymmetrically masked. Despite its impres-
sive performance, SiamMAE faces two main limitations. Firstly, it is designed
to only process video frames, not standalone images. Yet, image datasets are
typically orders of magnitude larger than video datasets, and less computation-
ally expensive to decode, making image-based pre-training more effective and
scalable than video-based pre-training. Secondly, while SiamMAE reduces the
need for the intense data augmentation found in contrastive learning methods, it
still requires learning a conceptual understanding of the visual world, similar to
most MIM techniques, thus requiring extensive training (2,000 epochs) on large
datasets such as K400 [29] to reach state-of-the-art performances.
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In this work, we propose a novel self-supervised learning method, called Crop-
MAE, that reframes the siamese-based paradigm introduced in SiamMAE in
order to alleviate the need for video dataset, while keeping competitive perfor-
mances on downstream tasks. Specifically, we use random views of the same
image to simulate viewpoint changes, object transformations, motion, and oc-
clusions. Our method can therefore leverage both image and video datasets, and
train at a significantly faster pace than SiamMAE. Moreover, we demonstrate
that CropMAE learns meaningful object-centric representations for downstream
video tasks without explicit motion. Finally, unlike most MIM techniques, the
pretext task of CropMAE is directly tractable based on the visible frame with-
out the need to learn conceptual information about the world, which we believe
is the reason for its faster training. An overview of our method is presented
in Figure 1.

Contributions. We summarize our contributions as follows. (i) We introduce a
novel pre-training method, CropMAE, based on sole images, which alleviates the
need for video decoding and significantly accelerates training. The novel pretext
task we introduce learns faster while quickly reaching good performances. (ii) We
empirically demonstrate the feasibility of learning meaningful representations for
downstream video tasks from still images or data distributions traditionally not
associated with videos. Notably, this approach yields better results than training
directly on video frames. (iii) We show, for the first time, that employing an
extremely high masking ratio (98.5%, i.e., using only two visible patches for
a ViT/16), surpassing those explored in existing studies, can be optimal and
generate a meaningful and challenging self-supervised task.

2 Related Work

Visual representation learning. Visual self-supervised learning focuses on
learning rich and generalizable representations of images or videos. This is typ-
ically achieved through pretext tasks [7,32,33,39], enabling the learned repre-
sentations to be applicable to a broad set of downstream tasks [11,14,52], either
by fine-tuning the learned models for specific tasks, or by freezing the weights
and training a linear classifier or an MLP on top of it. Key downstream tasks
in the visual domain include image classification [3,6,7,9, 18,20, 23, 34,48, 51|,
video classification [15,16,18,34,41,44], object detection [9,20,23|, and video seg-
mentation [4,6,9,21,28]. Our method, CropMAE, is a new visual self-supervised
representation learning method for propagation tasks [27,35,52].

Contrastive Self-Supervised Learning. Contrastive self-supervised learn-
ing [22] has been recognized as an effective method for feature extraction, ap-
plicable both to images [9,20] and videos [10,38]. This approach encourages the
encoder to learn robust representations of the input data by minimizing the dis-
tance between representations of different augmented versions of the same image.
Initially, it was common to enforce distinct images to have different representa-
tions in order to avoid representation collapse [7,12,46|. However, subsequent
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discoveries [20,24] have shown that robust learning can be achieved even with-
out imposing this constraint. Contrastive self-supervised learning has also been
widely used for correspondence learning [26,45], as it inherently learns to build
representations that are invariant and robust to perturbations. Contrary to con-
trastive learning, CropMAFE does not rely as extensively on data augmentations
and is not subject to representation collapse issues.

Masked I'mage Modeling. Drawing inspiration from the field of natural lan-
guage processing [30], masked image modeling (MIM) techniques have emerged
as highly effective learners in the vision domain [3,23,49]. This approach in-
volves dividing images into small patches [13], with a high proportion of them
being masked, and subsequently reconstructing them using a denoising autoen-
coder [43]. Notably, after the training phase, the decoder is discarded, leaving
the encoder to serve as a feature extractor. MIM has been applied with success
across a broad range of fields, and has had numerous extensions and improve-
ments [2,8,15-18,21,28,34,36,41,44].

Siamese Masked Autoencoders. Building upon the work of masked autoen-
coders [23], Siamese Masked Autoencoders (SiamMAE) [21] have emerged as a
new state-of-the-art in video propagation tasks such as video object segmenta-
tion [35], pose keypoint propagation [27]|, and semantic part propagation [52].
SiameseMAE uses a Siamese encoder [5] to process either pairs [21] or groups [28§]
of frames, randomly selected from a video. A key feature of SiameseMAE is its
asymmetric masking technique: the initial frame undergoes no masking, thereby
serving as a complete reference, while a substantial portion (up to 95%) of the
second frame is masked. This setup encourages the network to accurately re-
construct the masked subsequent frames using the fully visible initial frame as
a reference. The efficacy of SiameseMAE is believed to stem from its ability to
effectively model object motion from videos and visual correspondence, learning
the “propagation” and boundaries of objects from their observed positions in
the past to their future locations, based on the few visible patches [21]. In this
work, we show that explicit motion derived from videos is not mandatory for
Siamese masked autoencoders to learn object-centric representations. Particu-
larly, we demonstrate that the ability to recognize object boundaries and acquire
propagation skills can be effectively learned from still images.

3 Method

We propose a novel self-supervised method, namely CropMAFE, capable of learn-
ing valuable representations both from images and video frames. First, we create
two augmented views (V; and V3) of an input image (I) by randomly crop-
ping, resizing and horizontally flipping the original image (Sec. 3.1). Second, we
patchify [13] both views V; and Va (Sec. 3.2) and mask [23,30] an extremely
high portion of the second view (V2) (Sec. 3.3). Both views are encoded in a
Siamese [5] ViT encoder, with an additional positional embedding [13]. Third, a
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(b) Random. (c) Local-to-Global. (d) Global-to-Local.

Fig. 2: Illustration of our four cropping strategies. For a given input image I,
we generate an unmasked view V7 and a masked view V5 following one of four different
cropping strategies: (a) Same Views, where Vi = V5; (b) Random Views, where V; and
V> are two independent random crops; (¢) Local-to-Global, where V; is a random crop
within V2, and (d) Global-to-Local, where V2 is a random crop within V.

transformer [19] decoder reconstructs a target image R (Sec. 3.4). The Siamese
network and the decoder are trained by minimizing the L2 norm between the
target V5 and the reconstructed image R. After such pre-training, the decoder is
discarded, and we use the encoder as a feature extractor on downstream tasks.
With this setup, we demonstrate that meaningful data augmentations, particu-
larly random crops, can generate rich and useful object-centric representations
for propagation tasks without explicit motion. Figure 1 illustrates the main
components of our method.

3.1 Cropping

Random crops have been widely used in visual self-supervised learning, especially
in contrastive learning, where they are essential to reach excellent performances
and develop robust representations [7,9,20]. Specifically, we examine four strate-
gies inspired by the contrastive learning literature [7].

— Same Views. This setup corresponds to a direct adaptation of SiamMAE
to images, in which the input image I is cropped once and serves both as V}
and V5. An illustration is given in Figure 2a.

— Random Views. For a given input image I, two independent random
cropped views are generated for V; and V5. This setup poses a challenge,
particularly when the views are adjacent, i.e., that there is minimal to no
overlap between the two crops as illustrated in Figure 2b.

— Local-to-Global Views. In this setup, the masked view V5 is a random
crop of the original image I, and the unmasked view V; is another random
crop of the masked view V5. An illustration is provided in Figure 2c.

— Global-to-Local Views. Inversely, the unmasked view V; is a random crop
of the original image I, and the masked view V5, is another random crop of
the unmasked view V;. An illustration is provided in Figure 2d.

Note that our experiments indicate that the Global-to-Local view strategy leads
to the best performance.
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3.2 Patching

The two views V; and V, are patched following the original ViT [13]. Specifically,
each view is converted into N x N patches that are fed into the encoder. Similar
to SiamMAE, we augment the linear projections of these patches with positional
embeddings [42], and append a [CLS] token.

3.3 Masking

Since both views are highly spatially redundant, a high masking ratio (above
75%) is usually necessary to create a challenging pretext task and to achieve
optimized performances with masked autoencoders [23]. This is even more im-
portant in videos where both the spatial and temporal dimensions are highly re-
dundant, requiring even higher masking ratios (90%) [16,41,44]. SiamMAE [21]
employs a highly asymmetrical masking strategy, where the first frame is left
completely visible while the second one is masked at 95%, which corresponds to
9 visible patches out of the 196 available when using a ViT /16 [13]. Using such a
high masking ratio encourages the model to propagate the visible patches from
the first frame to the second one and to learn temporal correspondences through
motion [21]. However, employing a high masking ratio can make some examples
ambiguous or may require additional knowledge beyond merely “propagating”
patches from the unmasked view. For instance, if an object is only partially vis-
ible in the first view, while it is completely present (but masked) in the second
one, the task becomes intractable if the model relies solely on the first view to
reconstruct it. This prompts the model to learn a conceptual representation of
the objects it encounters [23], enabling it to “hallucinate” what it partially sees
when propagating past patches is either impossible or insufficiently informative.

Unlike previously introduced MAE methods, CropMAE does not need to
learn any conceptual information about objects. Indeed, since our pretext task
reconstructs a local view from a global one, there is no ambiguity as the local
view is always present within the global view. Provided that the model (i) suc-
cessfully identifies the location of the local view within the global view based
on the visible patches and (ii) accurately determines the transformations re-
quired to reconstruct the local view from the global view, the task is directly
tractable based on the inputs that the model receives without any prior concep-
tual knowledge. This naturally makes the pretext task significantly easier than
in other MAE approaches such as MAE (23|, VideoMAE [41], or SiamMAE [21],
where rich conceptual representations should be used to solve the task. For that
reason, we employ an even higher masking ratio. More specifically, our method
performs best with only a few visible patches, typically 1 or 2 out of 196, which
corresponds to a masking ratio between 98% and 99%. Note that increasing the
masking ratio from 95% to 98.5% decreases the number of visible patches by a
factor of 4.5, reducing them from 9 to just two visible patches.
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3.4 Encoder and Decoder Architectures

Following [21], we use a Siamese ViT [13] encoder to process our two views
and a vanilla Transformer [42] composed of cross-attention and self-attention
layers as our decoder. Specifically, our decoder alternates between self-attention,
where tokens of the masked image attend to each other, and cross-attention
layers, where the tokens of the masked image attend to tokens of the visible
image. We train the Siamese architecture by minimizing the L2 loss between the
normalized [23] pixel values of the view V5 and the reconstruction R.

4 Experiments

4.1 Experimental setup

Implementation details. Following previous methods [6,21,41], we use the
ViT-S/16 as encoder architecture [13] for most of our experiments and fair com-
parisons with respect to other methods in the field. For the decoder, we employ
a 4-layer Transformer [42] with a dimension dpedel = 256, where each block
comprises a cross-attention layer, a feed-forward layer (of dimension dg = 2048),
and a self-attention layer. GELU activation functions [25] are utilized alongside
a dropout rate of 10% [40]. We use the AdamW [31] optimizer and a base learn-
ing rate of 1.5¢~*. The exhaustive list of hyper-parameters that we use can be
found in the Appendix.

Baselines. We compare our method with several state-of-the-art methods in-
cluding MAE-ST [16], MAE [23], VideoMAE [41], and SiamMAE [21]. To the
best of our knowledge, no official open-source code is available for SlamMAE, so
we reimplemented it to compare the evolution of our performance during train-
ing, using the exact same hyperparameters described in the SiamMAE paper
(refer to the supplementary material). Our results are consistent with the ones
reported in their paper [21]. However, we train for 400 epochs instead of 2000
to save computational resources. Results for longer training can be found in the
Appendix.

Datasets. We pre-train our models on Kinetics-400 [29] (K400), on ImageNet [37]
(IN), or on a subset of ImageNet (IN Subset). IN Subset contains 239, 787 ran-
domly selected images, which corresponds to the number of videos in K400, for
fair comparison between methods trained on K400 and ImageNet. During pre-
training, we randomly sample an image (or a frame on K400), which is then
processed following our methodology described in Section 3.

Downstream tasks. We evaluate our method on three propagation down-
stream tasks: video object segmentation (DAVIS-2017 [35]), human pose prop-
agation (JHMDB [27]) and semantic part propagation (VIP [52]). These propa-
gation tasks are framed as a semi-supervised problem, where the first annotated
frame is provided, and the model is expected to propagate the segmentation
mask to subsequent frames.
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Table 1: Comparison with prior work. We evaluate our method on three down-
stream tasks: video object segmentation (DAVIS-2017 [35]), human pose propagation
(JHMDB [27]) and semantic part propagation (VIP [52]). Specifically, we compare
our method with other methods trained on 400 epochs, on K400 [29] or on our Ima-
geNet [11] Subset (IN Sub) for fair comparison. { refers to results reported in [21]. I
refers to our implementation.

DAVIS VIP JHMDB
Method Backbone Dataset Epochs|7&F,, Jm Fm |mloU|PCK@0.1 PCK@O0.2
MAE-ST [16] 1 ViT-L/16 K400 800 54.6 55.5 53.6| 33.2 44.4 72.5
MAE [23] t VIT-B/16 IN 1600 | 53.5 52.1 55.0|28.1| 44.6 73.4
VideoMAE [41]  |ViT-S/16 K400 800 39.3 39.7 38.9|23.3 41.0 67.9

SiamMAE [21]  |ViT-S/16 K400 2000 | 62.0 60.3 63.7/37.3| 47.0 76.1
SiamMAE [21] £ |ViT-S/16 K400 400 57.9 56.0 60.0| 33.2 46.1 74.0

CropMAE (ours)| ViT-S/16 K400 400 58.6 55.8 61.4|33.7 42.9 71.1
CropMAE (ours)| ViT-S/16 IN Sub 400 60.4 57.6 63.3| 33.3 43.6 72.0
CropMAE (ours)|ViT-B/16 IN Sub 400 | 60.9 57.9 63.8|32.8 | 44.3 72.3
4.2 Results

We compare our method to previous works and present quantitative results in
Table 1. We then provide some qualitative results of the reconstructed image and
the downstream tasks respectively in Figures 3 and 4. The first part of Table 1
displays results as reported in their original papers, under optimal training con-
ditions in terms of both training duration and data volume. In the second part,
we report the results achieved by our reproduced implementation of SiamMAE
and CropMAE under our constrained training: either on K400 or on our Ima-
geNet Subset, for a fixed duration of 400 epochs, and for both ViT-S/16 and
ViT-B/16.

When trained for 2,000 epochs on K400, SiamMAE achieves state-of-the-art
performances on the three downstream tasks, and outperforms previous MAE
methods such as MAE-ST [16], MAE [23] and VideoMAE [41]. However, con-
sidering a fixed budget of 400 epochs, CropMAE achieves significantly better
results than SiamMAE on DAVIS-2017 [35], both when trained on K400 and
on our ImageNet Subset (+0.7% and +2.5% respectively). We believe that by
explicitly transforming images through cropping, our pre-training method more
quickly understands features useful for segmentation, such as object boundaries.
On VIP [52], CropMAE still performs better than SiamMAE, although by a
smaller margin (4+0.1 when trained on ImageNet, and +0.5 when trained on
K400). On JHMDB [27], CropMAE only outperforms VideoMAE. We explain
these inferior performances by noting that SiamMAE uses two different frames,
resulting in complex human pose modifications, which likely helps the network
understand human motion and perform better on JHMDB. Conversely, our ran-
dom crops do not mimic these transformations. Yet, they help the network learn
object boundaries more explicitly, making it more suited for segmentation tasks
such as DAVIS.
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Fig. 3: Reconstructions of CropMAE. We train CropMAE with a ViT-S/16 with-
out normalizing pixel values and a masking ratio of 98.5%. We visualize the reconstruc-
tions of some images from ImageNet. The images are displayed in the following order
from top to bottom: Input Image (Vi), Random Resized Crop (V2), Masked Image
(M), and Reconstruction (R).
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4.3 Attention Maps

In SiamMAE, Gupta et al. [21] argue that their model learns the concept of
object boundaries through object motion in videos. To support this claim, they
present attention maps extracted at some layers of their model, demonstrating
that attention predominantly focuses on object boundaries. In a similar way,
we train a ViT-S/8 with CropMAE on our ImageNet Subset and visualize the
self-attention maps of the [CLS] token from a specific head of the last encoder
layer. We show the results in Figure 5. Our findings indicate that our model
learns to identify object boundaries as well as SlamMAFE without explicit mo-
tion (i.e., without relying on video frames). This implies that learning object
boundaries is not solely attributable to the motion observed in videos; instead,
it can also stem from the transformations and deformations operated on a single
image. Hence, this phenomenon is present in both SiamMAE, where it happens
naturally between two frames, and in CropMAE, where motion is artificially
induced through random cropping. The main difference remains that CropMAE
is trained on images instead of videos.
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Video Object Segmentation

Fig. 4: Qualitative results. We train CropMAE with a ViT-S/16 and qualitatively
validate our results on three propagation downstream tasks: video object segmenta-
tion (DAVIS-2017 [35]), semantic part propagation [52], and human pose propagation
(JHMDB [27)).

4.4 Learning Speed

We evaluate the evolution of the performances of CropMAE and SiamMAE. In
particular, we compare SiamMAE trained on K400, CropMAE trained on K400,
and CropMAE trained on ImageNet Subset, all for 400 epochs. The performance
on the DAVIS-2017 object propagation task [35] is reported every 50 epochs in
Figure 6. Remarkably, our approach demonstrates superior performance when
trained on the ImageNet Subset compared to training using K400 video frames.
This improvement can be attributed to two main factors: (i) the greater diversity
of the ImageNet dataset, containing a broader spectrum of objects, and (ii) its
focus on currated object-centric images, which likely results in more relevant
crops and reconstruction tasks. In contrast, random cropping in K400 frequently
yields images without any objects, diminishing the effectiveness of the learning
process.
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Fig. 5: Self-attention maps from CropMAE with a ViT-S/8 trained on our
ImageNet subset. We visualize the self-attention of the [CLS] token from a selected
head in the last encoder layer of a ViT-S/8, which was trained on our ImageNet subset
without using any supervision to learn this specific token. These self-attention maps
reveal that our model can learn object boundaries without the need for prior motion
information during pre-training.

Our approach demonstrates significantly faster learning than SiamMAE. In
particular, our method achieves a J&F,, value of 58.0 after only 150 epochs on
our ImageNet Subset and 250 epochs on K400. In contrast, SiamMAE reaches
the same performance level after 350 epochs. We attribute this trend to our
pretext task, which does not require any conceptual knowledge to be completely
tractable and uses object transformations much more explicitly than SiamMAE,
leading to faster propagation comprehension. In contrast, SiamMAE must learn
the concept of motion and understand object transformations more implicitly
between two frames through more complex perturbations such as occlusions and
viewpoint changes.

4.5 Training time

We compare the training times of CropMAE and SiamMAE. On the one hand,
CropMAE uses an extremely high masking ratio, and only needs a single frame of
a video clip to train, or even a standalone image. On the other hand, SiamMAE
uses a lower masking ratio and needs two different frames to work. Both these
factors significantly impact the training time, as seeking distant frames may
require decoding a larger portion of the video, and the number of operations
performed by the attention layers increases quadratically with the number of
visible patches [23]. We measure the total time taken by both approaches to
train and report our results in Table 2. As it can be seen, CropMAE trains
almost 30% faster than SiamMAE on K400 for a fixed computational budget,
thanks to its use of fewer patches and frames. When pre-training on images (i.e.,
on the IN Subset), which are significantly faster to decode, CropMAE achieves
a tremendous speed-up of 2380% on our hardware while also reaching better
performances.
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Fig. 6: Performances of CropMAE and SiamMAE on DAVIS during pre-
training. For a fixed number of 400 epochs, CropMAE trains faster and consistently
yields better results than SiamMAE [21], when trained on K400 frames or ImageNet
Subset images.

Table 2: Speedup of CropMAE compared to SiamMAE. We train both methods
for 400 epochs on K400, and on ImageNet Sub for CropMAE, and report the speedups
observed on the whole training process.

Method Dataset Number of images Mask Ratio GFLOPS Speedup

SiamMAE K400 2 95% 5.8 x1.0
CropMAE K400 1 98.5% 5.6 x1.29
CropMAE IN Subset 1 98.5% 5.6 x23.8

4.6 Ablation Studies

We perform several ablation studies on the different components of CropMAE
and report the results in Table 3. Unless stated otherwise, we use the default
parameters presented in the Appendix. Specifically, we train CropMAE on our
ImageNet subset for 400 epochs and report the results obtained on the DAVIS-
2017 [35] object propagation task.
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Table 3: Ablation Study. We analyze the different components of our method to
understand their impact on the downstream performance. We use a ViT-S/16 [13] with
the default configuration, as presented in Section 4.1, and report the results obtained
on the DAVIS-2017 [35] validation set.

Mask Ratio J&Fm Jm Fm
0.75 (49) 45.3 44.3 46.3

Crop Strategy J&Fnm JTmn Fm

Same Views 36.6 35.8 37.5 0.90 (19) 47.1 46.1 48.0
Random Views  60.0 57.2 62.8 0.95 (9) 51.2 49.9 524
Local-to-Global  55.9 53.8 58.0 0.985 (2) 60.4 57.6 63.3

Global-to-Local 60.4 57.6 63.3 0.99 (1) 58.6 55.9 61.5
(a) Crop Strategy. A simple extension of (b) Mask Ratio and number of visible
SiamMAE to images does not work. Reconstruct- patches. Our method works best when an
ing the local view from the global view works best extremely large portion of the patches is
for CropMAE. masked.
Decoder Depth J&F,, Jm Fm Decoder Embed Dim J&F,, Jm Fm
2 59.1 56.7 61.6 128 58.5 56.0 61.0
4 60.4 57.6 63.3 256 60.4 57.6 63.3
8 57.0 54.5 59.4 384 59.0 56.3 61.7

(c) Decoder Depth. Our method works best (d) Decoder Embedding Dimension. Our
with a small depth. method works best with a small decoder em-
bedding dimension.

Augmentation J&F, JTn  Fm

Color Jitter 56.2 53.1 59.2
Gaussian Blur  59.6 56.7 62.4
None 60.3 57.4 63.2
Horizontal flip 60.4 57.6 63.3
(e) Data Augmentations. Our method

works best with horizontal flips randomly ap-
plied on both random crops.

Cropping Strategy. We study the effect on performance of different cropping
strategies in Table 4a. We can see that reconstructing the same views (Fig-
ure 2a) yields very poor performances (36.6), suggesting that the model failed
to learn any propagation capabilities. Reconstructing the Local-to-Global view
(Figure 2c) results in significantly improved performance (55.9). The Random
Views (Figure 2b) and Global-to-Local (Figure 2d) approaches achieve the high-
est scores (60.0 and 60.4, respectively). Interestingly, these setups are the only
ones enabling a completely tractable task without any prior knowledge, meaning
the reconstruction can solely rely on the unmasked image. In fact, tractability
is sometimes guaranteed in the random setting, while it is always true for the
Global-to-Local approach, which likely explains its superior performance.
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Masking Ratio. We examine the importance of the masking ratio in Table 4b.
Our method exhibits suboptimal performance at a 75% masking ratio, despite
this being the preferred choice for the traditional image MAE framework [23].
Similarly, it underperforms at the 90% ratio used in video frameworks [16,41,
44]. We can see an improvement with a masking ratio of 95%, as adopted in
SiamMAE [21], but the optimal results are reached with a visibility reduced
to merely a few patches, i.e., two (60.4) or one (58.6), equivalent of masking
ratios of 98.5% and 99%, respectively. We attribute this trend to the fact that
our pretext task is simpler than those used in other frameworks as it does not
require any conceptual knowledge and can be fully achieved with the help of the
visible image, thus requiring an extremely high masking ratio to be challenging.

Decoder Architecture. Next, we study different decoder architectures, specif-
ically their depth and embedding dimension. We report our results in Tables 4c
and 4d. Similarly to other MAE works [23,50], we found that the optimal decoder
(256-d, 4 blocks) is smaller than the encoder (384-d, 12 blocks).

Data Augmentations. We evaluate our method with additional data augmen-
tations commonly used in contrastive learning [7,20] and present our results in
Table 4e. Similar to SiamMAE [21], we observe that using color jitter signifi-
cantly reduces performance. The use of Gaussian blur also leads to a decline in
performance but to a lesser extent. When we do not apply the random horizontal
flip, we observe a minimal drop in performance.

5 Conclusion

In this work, we introduce CropMAE, a self-supervised method for quickly learn-
ing rich features for video propagation tasks by reconstructing a crop of an im-
age that has been masked at an extremely high proportion (over 98.5%). We
empirically demonstrate that our method can learn useful features for video
downstream tasks without requiring explicit video motion. These features can
be learned from still images, resulting in even richer information. Thanks to our
tractable pretext task, our method trains faster than existing methods and is
applicable to both video frames and still images. Finally, we show on-par perfor-
mances with state-of-the-art methods for three video propagation downstream
tasks.

Limitations and future work. Despite being designed to work with small
quantities of data and facilitate fast training, we believe the scalability of our
method warrants further investigation. This includes both model scalability (i.e.,
patch size and ViT size) and data scalability (i.e., the amount of data available
and the differences between images and video frames). More effort should be
directed towards understanding the unique contributions of video frames instead
of still images, especially concerning scalability, and determining their necessity
to develop rich and robust representations.
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6.2 EPILOGUE

6.2 EPILOGUE

This chapter demonstrates that a practical alternative to video-based Siamese pretraining
is possible: paired crops from still images are sufficient to learn strong object-centric
representations. From the perspective of Chapter 5, the method preserves the masked
modeling backbone while changing the source of supervisory variation from temporal
co-occurrence to geometric view transformations.

Methodologically, the results support three points. First, image-only Siamese pretrain-
ing remains competitive on object-centric downstream tasks. Second, removing depen-
dence on video reduces pretraining complexity and wall-clock cost. Third, very high
masking ratios remain effective in this regime, reinforcing the information bottleneck
emphasized in MAE.

The main boundary is unchanged: motion is not supervised explicitly. This is accept-
able for appearance-dominated transfer, but it is insufficient for tasks where temporal
dynamics are the primary signal. Chapter 7 therefore extends the same mask-and-predict
logic to video and makes motion explicit in both masking strategy and learning target.
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MOTION-CENTRIC REPRESENTATION LEARNING WITH
MASKED VIDEO MODELING

This chapter presents the following publication: Vandeghen, R.”, Thoker,
F. M.”, Ghanem, B., and Van Droogenbroeck, M. TrackMAE: Video Rep-
resentation Learning via Track Mask and Predict. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2026.

The paper introduces a masked video pretraining strategy that uses ex-
plicit motion targets and motion-aware masking to improve motion-centric
downstream performance.

7.1 PROLOGUE

Chapter 5 highlighted that masked video modeling is governed by two linked choices:
which tokens are hidden and which targets are reconstructed. Chapter 6 showed that, in
the image setting, this framework can already yield strong object-centric features with
efficient pretraining. The present chapter addresses the complementary regime where
temporal dynamics are not optional but central to downstream performance.

Standard masked video formulations mainly reconstruct appearance and capture mo-
tion only indirectly, which is a limitation for motion-centric tasks requiring fine-grained
temporal reasoning. The main idea of this work is therefore to use motion as a direct
supervision signal during pretraining. We introduce TrackMAE, which augments spatial
reconstruction with trajectory prediction derived from a point tracker. In parallel, mask-
ing is made motion-aware so that visible tokens are allocated across both high-motion
and low-motion regions rather than sampled uniformly.

This formulation keeps the simplicity and scalability of mask-and-predict pretrain-
ing while increasing temporal supervision density. The goal is not to replace spatial
reconstruction but to complement it with explicit motion targets that better match the
structure of temporal downstream tasks.
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Abstract

Masked video modeling (MVM) has emerged as a simple
and scalable self-supervised pretraining paradigm, but only
models motion information implicitly, limiting the encoding
of temporal dynamics in the learned representations. As
a result, such models struggle on motion-centric tasks that
require fine-grained motion awareness. To address this,
we propose TrackMAE, a simple masked video modeling
paradigm that explicitly uses motion information as a re-
construction signal. In TrackMAE, we use an off-the-shelf
point tracker to sparsely track points in the input videos
generating motion trajectories. Furthermore, we exploit the
extracted trajectories to improve the random tube masking
with a motion-aware masking strategy. We enhance video
representations learned in both pixel and feature semantic
reconstruction space by providing a complimentary super-
vision signal in the form of motion targets. We evaluate
on six datasets across diverse downstream settings and find
that TrackMAE consistently outperforms the state-of-the-art
video SSL baselines, therefore learning more discriminative
and generalizable representations.

1. Introduction

Self-supervised learning (SSL) has become the default
pretraining recipe, allowing models to learn diverse yet
powerful representations for different modalities, includ-
ing text [5, 12] image [3, 6-9, 21, 22, 36, 58] and
video [23, 49, 51] replacing manual labels with pretext ob-
jectives that exploit the structure of the raw data. Among
video methods, masked video modeling (MVM) stands out
for its simplicity and scalability: a high fraction (often
80-95%) of spatiotemporal tokens is hidden, and a vi-
sion transformer is trained to reconstruct them from the
visible context [14, 23, 45, 49]. In practice, videos are
decomposed into tubelets (e.g., 2x16x16) and only vis-
ible tokens are encoded, which makes computation effi-
cient and enables training on large corpora. However, the
most common instantiation of MVM is pixel reconstruc-
tion with random tube masking, which tends to empha-

Point tracker

Mask and
Predict

Feature extractor ———»

Figure 1. TrackMAE improves masked video modeling by jointly
predicting spatial features and motion trajectories in a mask-and-
predict fashion.

size low-level appearance statistics (color/texture continu-
ity, local smoothness) and under-utilize temporal structure.
Real-world videos also exhibit strong temporal redundancy
and sparse foreground motion, so masked pixel reconstruc-
tion can often be solved via spatial correlations or short-
horizon consistency without learning fine-grained dynam-
ics. This mismatch is observed in the downstream perfor-
mance of such models, as shown in [46, 47]. They per-
form well on appearance-dominated datasets like Kinetics-
400 [27] or UCF101 [44] but lag on motion-centric tasks
such as Something-Something V2 [19] and FineGym[42],
where accurate temporal modeling is crucial.

Recent efforts inject more structure into MVM along
two orthogonal axes. One line alters where to learn by
biasing masks toward informative regions, e.g., selecting
high-motion tokens via flow [23] or motion vectors [14],
or adaptively sampling tokens with learned heuristics [2].
Another line changes what to learn by replacing pixels with
feature-space targets (e.g., HOG, DINO, CLIP), which miti-
gates pixel-level shortcuts and encourages learning of high-
level semantics like object/part structure, attributes, and ob-
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ject—scene relations [45, 48]. While both directions help,
they supervise motion only implicitly. The model is never
asked to predict how things move or to maintain identity
over time. As a result, improvements in motion sensitiv-
ity are limited, especially under high masking ratios where
temporal cues must be inferred from few visible tokens. We
suggest that temporal correspondence should be a first-hand
signal during pretraining, complementing pixel/feature tar-
gets rather than competing with them.

In this work, we propose to directly use motion as a train-
ing signal by complementing the spatial reconstruction with
amotion prediction target. By leveraging the motion predic-
tion produced by a point tracker, our method TrackMAE
(Fig. 1) aims to jointly reconstruct both the spatial and mo-
tion targets. In particular, we use CoTracker3 [26], a ro-
bust and high-quality point tracker, to extract motion trajec-
tories. TrackMAE adds two components to masked video
modeling: (i) a lightweight trajectory decoder that predicts
point-track displacements, and (ii) motion-aware masking
that preferentially samples visible tokens from both high-
and low-motion regions. Finally, we show that our mo-
tion target complements both pixel- and feature-based spa-
tial targets, leading to on par with or state-of-the-art results
on several benchmarks. We summarize our contributions as
follows:

1. We propose TrackMAE, a new masked video pretraining
scheme with explicit motion awareness based on predic-
tion of tracked point trajectories.

2. We improve the random tube masking strategy with a
motion-aware masking that equally samples visible to-
kens from high- and low-motion regions.

3. Extensive evaluation on multiple datasets demonstrating
state-of-the-art performance on motion-centric bench-
marks as well as strong generalization capabilities.

2. Related work

Masked video modeling. Masked modeling has emerged
as a powerful learning paradigm for representation learning
for both visual and non-visual modalities like text [5, 12],
audio [10, 18, 24], images [I, 3, 13, 20, 22, 55, 58], and
video [14, 16, 23, 45, 49, 50]. The goal is to hide a por-
tion of the input from the model and aim to predict the hid-
den part from the visible context only. In vanilla masked
video modeling [49], a considerable portion of the input
pixels are typically kept hidden at random, and the model is
trained to predict those hidden pixels from the visible por-
tion, thereby encoding useful video representations. Many
follow-up works improve this mask-and-predict task by ei-
ther leveraging what to mask [2, 14, 23, 38] or what to pre-
dict [31, 40, 45, 48, 54, 56].

In the masking paradigm, MAR [38] designed a new
masking strategy tailored for action recognition, based on
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the running cell masking. MGM [14] leverages the motion
information contained in motion vectors of the raw videos
to create a motion-aware masking strategy. MGMAE [23]
follows the same idea of improving the masking based on
motion information extracted from an optical flow instead.
AdaMAE [2] learns a sampling network that selects re-
gions with high information, which continually improves
the masking strategy over training time.

Beyond the pixel reconstruction paradigm, Mask-
Feat [54] aims to reconstruct HOG features [11]. In
the same manner, MME [45] reconstructs both posi-
tion changes and the HOG-based shape features. MME
builds motion targets based on pre-computed optical flow
forming trajectory-like signals, and extracts hand-crafted
HOG features around these trajectories for prediction.
Such a pipeline requires a heavy pre-processing, camera-
motion—sensitive pipeline and produces noisier long-range
motion, while we directly extract the trajectories from RGB
on the fly. Furthermore, MotionMAE [56] aims to recon-
struct temporal frame differences, while recent works like
SIGMA [40] rely on clustered DINO [8] features as the
reconstruction target. Closely related, SMILE [48] uses
CLIP [39] features for reconstruction and improves the
motion awareness by injecting synthetic motions by copy-
pasting segmented objects onto the videos using randomly
generated paths. Different from SMILE, our motion infor-
mation comes from real trajectories from a tracking module
representing actual pixel motion.

Overall, our approach extracts motion trajectories from
a tracking module and leverages them as additional motion
reconstruction target and reuses them to enhance the motion
awareness in the masking, thereby improving the spatial and
motion semantics of the learned video representations.

Learning from motion. Motion in video data has long
served as free supervision in vision, and prior work ex-
ploits it for several tasks. For image representation learning,
Wang and Gupta [52] use visual tracking to create positive
pairs, encouraging patches that are linked by a track to have
similar features. For dense visual correspondence, Wang
et al. [53] learn features by tracking backward and then for-
ward in time (cycle consistency), enabling self-supervised
correspondence. Li et al. [32] learn dense correspondence
by optimizing region tracking and pixel-level matching.
With the emergence of reliable point trackers such as Co-
Tracker3 [26], point tracks have become strong supervisory
signals. They can guide attention routing [29] or supervise
time-consistent dense features via clustering [41]. Track-
tention [29] injects point-track correspondences into the at-
tention layer of image models, yielding temporally consis-
tent features that handle large motion and turning them into
strong video models for depth estimation and colorization.
Similarly, MoSIC [41] first clusters long-range tracked tra-
jectories via optimal-transport clustering and then propa-



gates the cluster assignments along tracks to enforce tem-
poral coherence under occlusion and viewpoint change, im-
proving dense representations.

Our approach is inspired by these works to use trajecto-
ries for motion injection, albeit with a different objective.
Instead of temporal consistency or label propagation, we
aim to improve the motion semantics in masked video mod-
eling representations.

3. Methodology

In this section, we start by revisiting the masked video mod-
eling frameworks in Sec. 3.1. In Sec. 3.2, we develop our
new training scheme, based on motion prediction.

3.1. Masked Video Modeling

Input. Masked video modeling, e.g. VideoMAE [49], is an
extension of standard image masked modeling MAE [22].
The input is a short clip V. € RT>*HXWX3which is
partitioned into non-overlapping space-time tubelets C =
{c;}N | of size t x p x p, where t is the temporal size of the
tubelet and p is the spatial patch size (e.g., t = 2, p = 16).
This yields N = % . % . % tokens of size 3, each corre-
sponding to a local cubic video volume. A tubelet embed-
ding layer (a 3D conv) maps each tubelet in C into a set of
tokens 7 = {Ti}i\il, 7 € RP, and a fixed positional em-
bedding is added to preserve spatial and temporal order.
Masking. Masked video modeling randomly hides a large
subset of tokens and asks the model to recover them from
the remaining context. A high-ratio masking (typically
90%) is applied at the token level following a Bernoulli dis-
tribution. This produces a visible set 7****® and a masked
set of tokens 7 ™@sked_Sych aggressive masking makes re-
construction non-trivial, forcing the model to capture mean-
ingful spatio-temporal dependencies in the video data.

Architecture. Masked video modeling relies on a stan-
dard ViT-based encoder—decoder architecture. The encoder
® takes the visible set of tokens as the input to produce
latent representations Z = ® (7). The decoder ¥
then maps the encoder’s output to produce reconstruction
predictions. To reconstruct the input clip, a complete se-
quence is formed by inserting learnable [MASK] tokens at
the masked positions and adding the same positional em-
beddings used at input. The decoder W takes this complete
sequence and predicts the missing content at every position.
The goal of the decoder is to predict the space-time tubelets
C = U ([Z, [MASK]]), of the same size as C.

Reconstruction objectives. Since the main goal is to em-
ploy a mask-and-predict task, the reconstruction is purely
performed on masked tokens to prevent any information
leakage or shortcut solutions by also predicting the visible
tokens. In most masked video modeling methods [14, 23,
49], the reconstruction is done in the pixel space. That is,
the model is directly optimized to predict the pixel values of

masked space-time tubelets from the set of visible tubelets
with the following L2 loss

1
£pi:z:el = |Tmasked‘ Z

i€ T masked

e — &l (1)

where ¢; is the i;j, token in the decoder. To solve this re-
construction task under a strong information dropout, the
model has to encode the spatio-temporal dynamics of the
input videos, thereby learning useful video representations.

Beyond the pixel space reconstruction, several works re-
construct in more semantic feature spaces e.g., HOG [11],
DINO [8, 36], or CLIP [39]. Concretely, video frames are
processed to extract per-frame descriptors, which are then
aligned to the model’s space—time tokens. In other words,
each space-time pixel tubelet c; is projected onto a feature
space F, extracting feature tokens f; for each tubelet. The
model is then optimized to predict the semantic feature val-
ues of masked space-time tubelets from the set of visible
pixel tubelets, according to the following loss

1

i€ T masked

2

;@
2

£, — &

Lfeature =

where f'i is again the iy, token in the decoder output F=
U (P(Tvisile) [MASK]). Such reconstruction adds an ab-
straction to the mask-and-predict task, reducing the chances
of any shortcuts in pixel reconstruction, and encourages di-
rectly modeling high-level video semantics instead of low-
level semantics in the pixel space.

3.2. TrackMAE: Learning from Motion

In this section, we introduce TrackMAE, a masked video
pretraining framework that leverages tracked trajectories
from CoTracker3 [26] in the form of motion prediction and
motion-aware masking to enhance temporal awareness in
learned video representations. In particular, we make two
additions to the vanilla masked modeling paradigm. First,
we integrate motion prediction, i.e. predicting a sparse set of
trajectories as an additional self-supervision task along with
the spatial reconstruction. Second, we replace the random
uniform masking with a motion-aware masking that keeps
visible tokens from high- and low-motion regions using dis-
placement magnitudes from the extracted trajectories.

Extracting motion targets. As mentioned in Sec. 3.1, the
input clip V. € RT*HXWX3 g patchified into space-time
tubelets C = {c;}¥, of size t x p x p, where p is the
spatial patch size. Our goal is to approximate the motion
in the given input clip V by tracking the center pixels of
patches in the first frame in the subsequent frames with an
off-the-shelf tracking module like CoTracker3 [26]. To that
end, we sample query points from a uniform grid of size
G x @ for the first frame, where G = %, and predict their
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Figure 2. Overview of TrackMAE. In the lower branch, a video clip V is first patchified and masked. The visible tokens are fed to a
ViT encoder ®. Then the decoder W,4+i4: aims to reconstruct spatial features based on the encoder output. In the upper branch, the input
video clip is processed by a CoTracker3 module, extracting sparse point trajectories. The encoder output is then passed to a second decoder
W vrotion, Which aims to predict the extracted trajectories. The training objective combines both motion and spatial reconstruction.

2D positions (x, y) in subsequent frames, extracting a set of
motion tracks of shape T'x & x W 2. For efficiency and to
match the shape of input video tokens, we feed the tracking
module every other frame, producing motion tokens M =
{m;}}¥, of size 2, matching the size of C. Finally, this set
of motion tokens M is used as the reconstruction target.
In practice, we predict the displacement of the point tracks
instead of absolute trajectory values.

By sparsely tracking only one point per 16 by 16 patch,
we may not accurately capture fine motion displacement in
the extracted motion tokens. Ideally, we would like to track
as many points per patch as possible to generate denser mo-
tion targets. However, dense tracking is expensive, with
computational cost proportional to the query grid size G.
To overcome this issue, we introduce a simple yet effective
upsampling trick. Assuming that nearby pixels in a patch
behave similarly in terms of motion, we can spatially inter-
polate extracted sparse motion tokens to simulate denser tra-
jectories per patch. In other words, we can spatially upsam-
ple the sparse motion tokens M into a dense set of motion

tokens U of size % 78 %, where v is the upsampling fac-

tor. This is equivalent to tracking v? points per patch, gen-
erating more dense motion targets for reconstruction. We
show, in Sec. 4.3, that upsampled targets demonstrate better
downstream performance without any added cost.
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Architecture. In TrackMAE, our goal is to jointly solve
two prediction tasks in a mask-and-predict manner; one
is spatial reconstruction, and the other is motion predic-
tion. As in Sec. 3.1, we employ an encoder-decoder frame-
work with a common encoder and two separate decoders.
As before, encoder ® takes visible tokens 7 Vi€ ag the
input to produce latent features Z. The two decoders
Vpatiat and Vo050, take the encoded features Z with
learnable [MASK] tokens and positional embeddings to
predict the spatial and motion tokens, respectively, as ¢ =
Uspatial ([Z, [MASK]]) and M = U, p4i0n ([Z, [MASK]]).
Objectives. In addition to the spatial reconstruction objec-
tive, we additionally optimize for the motion prediction. We
follow the masked reconstruction strategy to only predict
motion tokens of the hidden portion on the input as

1
= |Tmasked‘ Z

i€ T masked

Emotion ||mz - ﬁlz”é ) (3)

which supervises the motion decoder on masked positions
only. The final objective is a weighted sum of the two ob-
jectives as

L= Espatial + A Emotiona 4

where ‘Cspatial is either ‘Cpiwel (Eq (1)) or ['featu're
(Eq. (2)). As shown in the experiments, our proposed



motion prediction 1oss L,,oti0n 1S complementary to both
Lyizer and feature reconstruction Lfeqrure. The overview
of the method is shown in Fig. 2.
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Figure 3. Masking comparison. We show how our motion-based
tube masking compares to random tube masking. By explicitly
sampling visible tokens, our motion-based sampling distribution
ensures that visible tokens cover both motion and static regions.
In the motion-based tube sampling, red squares are sampled from
the high-motion and blue squares from the low-motion bin.

Motion aware masking. The vanilla tube masking used
in VideoMAE does not assume any information of motion,
leading to random masking maps. Since the tracker mod-
ule already gives us motion prediction for trajectory recon-
struction, we can also leverage that information to create a
motion-guided masking map. In particular, based on the full
trajectory predictions, we compute the average displace-
ment M, of size p x p, for each query point over the tem-
poral dimension. We then use M as a sampling distribution
for the visible tokens. Such distribution can be seen in the
first column of the last row in Fig. 3. To sample visible to-
kens from that distribution, we first create 2 uniform bins,
containing high- and low-motion samples. We uniformly
sample visible tokens from each bin, using a motion ratio
Pmotion 0 control the number drawn per bin. This mask-
ing formulation allows to control where the masking should
be done and in what proportion. Such a masking example
is depicted in Fig. 3, as well as the random tube masking,
which can be expressed as a special case of our sampling
distribution, using a uniform distribution instead of M.

4. Experiments

In Sec. 4.1, we describe the pretraining setup that we use
in our experiments. In Sec. 4.2, we compare our method
against prior methods in different linear probing and full
finetuning setups. We run some ablation studies in Sec. 4.3
and assess the generalization performance in Sec. 4.4.

4.1. Implementation Details

Following previous methods, we pretrain a video-based
ViT-B model on the Kinetics-400 (K400) [27]. We re-
place the original tube masking with our motion-guided
tube masking, using a motion ratio of pyori0n = 50%, and
equally balance the losses with A=1. For pixel reconstruc-
tion, we use the default offline CoTracker3 module with a
grid size of 14 x 14, and use upsampling with v=2. With
feature reconstruction, we use a CLIP ViT-B model to ex-
tract features. In that setup, we use a grid size of 28 x 28,
without upsampling and without our motion-guided mask-
ing. Unless stated otherwise, we follow the same hyperpa-
rameters as in [49] and pretrain our model for 800 epochs.
More details can be found in the supplementary materials.

Table 1. Linear probing comparison. We evaluate TrackMAE on
different spatial- and motion-centric benchmarks. For both pixel
and feature reconstruction, our method is on par with previous
methods for spatial-centric tasks. For motion-centric tasks, our
method largely improves previous methods. We report the Top-
1% accuracies of ViT-B models pretrained on K400, and highlight
in bold best and underline second best results.

Spatial-centric Motion-centric

Method Target

K400 HMDB SSv2 GYM
Pixel Reconstruction
VideoMAE [49] Pixel 20.7 377 17.5 239
MVD [51] Pixel 187 286 122 227
MGMAE [23] Pixel 249 413 16.8 26.1
EVEREST [25] Pixel 14.1 303 145 233
MGM [14] Pixel 198 403 21.7 258
TrackMAE (ours) Pixel 257 40.6 23.6 29.0
Feature Reconstruction
MME [45] HOG 19.1 37.1 166 29.0
SIGMA [40] DINO 47.5 523 208 30.1
SMILE [48] CLIP 56.2 534 237 302
TrackMAE (ours) CLIP 552 53.1 273 318

4.2. Comparison with State-of-the-Art

Linear Probing. To evaluate the quality of learned video
representations, we conduct linear probing experiments
across four standard action recognition benchmarks. In this
setup, the pretrained encoder is frozen, and a linear classi-
fier is trained on top of it. This isolates the effect of pre-
training and removes the influence of fine-tuning dynamics,
providing a proper measure of representation quality. We
compare TrackMAE with prior methods based on both pixel
and feature reconstruction. For a fair comparison with prior
methods, we evaluate using their publicly released ViT-B
checkpoints pretrained on K400. All downstream results
are obtained under a unified evaluation protocol.

Table 1 presents the linear probing results across multi-
ple benchmarks. In the pixel reconstruction setting, Track-
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Table 2. Full finetuning comparison. We evaluate TrackMAE
finetuned on SSv2 and K400 after pretraining the models on K400,
outperforming all prior works. We highlight in bold best and
underline second best results.

Method Targets  SSv2 Top-1 K400 Top-1
VideoMAE [49] Pixel 68.5 80.0
OmniMAE [17] Pixel 69.0 80.8
MGM [14] Pixel 71.1 80.8
MGMAE [23] Pixel 68.9 81.2
TrackMAE (ours) Pixel 70.1 80.8
TMMET[45]C © © T HOG ~ T 705~ T 815 T
SIGMA [40] DINO 71.1 81.5
SMILE [48] CLIP 72.1 83.1
TrackMAE (ours) CLIP 72.8 83.6

MAE consistently outperforms the VideoMAE baseline by
a margin of ~5% across all datasets. This affirms our
hypothesis that predicting motion provides a strong self-
supervisory signal for learning discriminative video repre-
sentations. Moreover, TrackMAE surpasses other motion-
aware pixel reconstruction methods such as MGM [14] and
MGMAE [23], particularly on motion-centric datasets like
SSv2 and FineGym. This performance gap underscores
TrackMAE ’s superior ability to encode fine-grained tempo-
ral dynamics. In the feature reconstruction setting, Track-
MAE again yields consistent gains and outperforms all
prior methods, including the state-of-the-art SMILE for the
motion-centric tasks. These results demonstrate that motion
prediction is not only effective in isolation but also comple-
ments semantically rich targets (e.g., CLIP features), en-
hancing representation learning beyond the pixel space. In
summary, these findings confirm that our approach leads to
more temporal awareness in the learned representations.

Full Finetuning. To fully leverage the learned spatiotem-
poral representations, we perform end-to-end finetuning of
both the pretrained backbone and the classification head on
downstream datasets. This setup is crucial for assessing the
transferability and task-specific adaptability of representa-
tions learned through our trajectory-guided pretraining. In
contrast to linear probing, which freezes the encoder, full
finetuning enables the model to refine its temporal and se-
mantic understanding based on the target task distribution.
We evaluate our method on two representative benchmarks:
Kinetics-400 and Something-Something V2 (SSv2), cover-
ing both appearance- and motion-focused benchmarks. We
use the same evaluation protocol as the prior masked video
modeling works [14, 23, 49], ensuring a fair comparison.
Further details, are provided in the supplementary material.

We evaluate TrackMAE under two standard transfer
regimes: in-domain transfer (pretraining and finetuning on
the same dataset i.e., K400) and cross-domain transfer (pre-
training on K400 and finetuning on SSv2). The results,
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Table 3. Reconstruction targets. Trajectory reconstruction pro-
vides a strong supervisory signal to learn useful video representa-
tions and complements both pixels and CLIP reconstruction, con-
sistently improving the downstream results.

Reconstruction K400,  SSv2,
Targets
Trajectory only 46.5 53.1
Pixels 46.0 522
Pixels + Trajectory  48.9 55.7
CLIP 52.7 57.1

CLIP + Trajectory 55.8 61.1

summarized in Tab. 2, show that TrackMAE consistently
achieves strong performance across both settings. As with
linear probing, we again observe that our TrackMAE with
pixel reconstruction improves the VideoMAE baseline by
+0.8% for in-domain transfer, and +1.6% for cross-domain
transfer. Moreover, TrackMAE with pixel targets is on par
or outperforms other prior methods with pixel targets, Om-
niMAE (1.1% on SSv2) MGMAE (1.2% on SSv2), even
in full-finetuning settings. This again validates that adding
our motion prediction task to pixel reconstruction is effec-
tive for learning better transferable video representations.
Finally, TrackMAE with CLIP targets outperforms all
other prior methods, achieving state-of-the-art performance
in all settings. In particular, TrackMAE outperforms
SMILE, which also uses CLIP targets along with synthetic
motion infusion for learning motion-aware representations
by 0.7% and 0.5% on SSv2 and K400, demonstrating bet-
ter motion encoding without the need for any synthetic mo-
tion priors. To summarize, adding motion prediction targets
complements the spatial reconstruction targets to enrich
the learned video representations for both appearance and
motion-focused downstream tasks even in full-finetuning
settings. We show a more detailed SOTA comparison with
other pretraining settings in the supplementary material.

4.3. Ablations

To assess the contribution of each design component in our
TrackMAE framework, we conduct a series of ablation ex-
periments, as summarized in Tabs. 3 to 6. For computa-
tional efficiency, we adopt the ViT-S architecture and pre-
train on a subset of Kinetics-400, referred to as K400,
which includes 1/3 of the total training videos. Evalua-
tion is performed on both K400 and SSv2;, also a reduced
version of SSv2. By default we use pixel and motion tra-
jectories as reconstruction targets, employ a grid size of
14 x 14, use random tube masking, set A=1, and train for
200 epochs, unless specified otherwise.

Impact of reconstruction targets. Table 3 analyzes the
impact of the different target reconstructions used. We first
observe that trajectory reconstruction as a standalone task



Table 4. Masking strategy. Replacing random tube masking with
our motion-based masking consistently improves the results for
both pixels and pixels + trajectory reconstruction.

Target Masking K400,  SSv2,
Pixel Tube 46.0 522
Pixel Motion-aware  46.6 52.6
Pixel + Trajectory ~ Tube 48.9 55.7

Pixel + Trajectory =~ Motion-aware  49.4 56.2

Table 5. Impact of dense tracking. Increasing the tracker grid
size consistently improves the results, but at a higher computa-
tional cost. Upsampling the tracker’s prediction from 14 x 14 to
28 x 28 yields better performance without any added cost.

Grid Size  Upsampling K400,  SSv2,
14 x 14 None 48.9 55.7
28 x 28  None 49.5 56.7
56 x 56 None 50.0 57.0
14 x 14 14 — 28 (v=2)  50.6 57.6
14 x 14 14 — 56 (v=4) 504 57.4

is very effective for learning useful video representations,
indicating that it can act as a strong self-supervisory signal.
Next, we observe that combining trajectory reconstruction
with pixel reconstruction outperforms both trajectory-only
and pixel-only reconstruction by (+2.4% and + 2.9%) on
K400, and (+2.6% and +3.5%) on SSv2, respectively. Fi-
nally, when combined with more high-level semantic targets
like CLIP instead of pixel targets, we observe a significant
improvement of (+2.9% and + 4.0%). One of the reasons
for this is that trajectory targets are closer to pixel targets in
the sense that they represent movement of pixels and might
rely on the same semantics for solving the reconstruction
tasks. On the other hand, CLIP targets are highly semantic
and largely encode what is present but not how things move,
and trajectory prediction fills that gap with a more compli-
mentary reconstruction task. In summary, this clearly indi-
cates that exploiting motion trajectories as a complementary
target strengthens video representation learning.

Impact of motion-aware masking. Table 4 shows the
impact of our proposed motion-aware masking over ran-
dom tube masking. We compare our motion-aware masking
against random tube masking under two regimes: pixel-only
and pixel+trajectory reconstruction. Motion-aware masking
yields consistent gains of roughly +0.5% at no extra com-
putation, as the same trajectories used for supervision are
repurposed to construct the masking prior.

Impact of dense tracking. As mentioned in Sec. 3.2, we
track one point per patch from the first frame and initialize
query points accordingly on a coarse grid of size 14 x 14 to
extract sparse motion trajectories. In this ablation, we show
the impact of extracting and predicting denser trajectories.

Table 6. Motion ratio mask- Table 7. Balancing the losses.
ing. Equally sampling (50%) Equally balancing the loss (A =
visible tokens from the high 1.0) yields the best results com-
motion and low motion bins pared to unbalanced setups.

yields the best results compared

. . A K400,  SSv2
to asymmetric sampling. _

0.1 471 54.0

) 0.5 482 54.6

Pmotion KA00m  SSv2p 10 489 357

25 48.7 554 20 488 55.7
50 494 56.2
75 49.0 559

In particular, we initialize query points on denser grids (28 x
28 and 56 x 56) to extract denser trajectories. The results in
Tab. 5 show that moving from a coarse to denser prediction
consistently improves the results.

However, these gains come at a cost, since the compu-
tational cost of CoTracker3 is directly proportional to the
query grid size. Table 5 also shows that by upsampling the
sparse trajectories to denser trajectories via spatial interpo-
lation from 14 — 28 (v=2) yields the strongest gains on
both datasets at no cost (+1.7% and +2.0%). However,
upsampling from 14 — 56 (v=4) does not improve over
14 — 28 (v=2) setting. One of the reasons could be that
spatial interpolation exploits the piecewise-smooth nature
of local motion and densifies supervision at token locations,
strengthening gradients without introducing tracker noise.
Impact of p,,, 4. Table 6 indicates how our motion-guided
masking behaves when we vary the proportion of masked
tokens sampled from high- and low-motion regions. Sam-
pling too few (25%) or too many (75%) motion locations
slightly degrades performance compared to 50% motion ra-
tio, showing that equally biasing the mask towards both mo-
tion and static parts is a good balance.

Impact of \. Table 7 shows that using the same weight for
the losses yields the best results, indicating that both signals
are useful during training.

4.4. Downstream Generalization on SEVERE

Next, following [40, 48], we assess the robustness of Track-
MAE beyond standard action recognition on the SEVERE
benchmark proposed in [46] and extended in [47]. It con-
sists of a controlled suite of eight evaluations designed to
probe four aspects of generalization: domain shift, sample
efficiency, action granularity, and task shift. Concretely,
we measure transfer under distribution shift on Something-
Something V2 and FineGym (Gym99), low-data finetuning
with 1K examples on UCF101 and FineGym, fine-grained
discrimination on FX-S1 and UB-S1 splits of FineGym,
and non-standard objectives via temporal repetition count-
ing on UCFRep [57] and multi-label classification on Cha-
rades [43]. All experiments follow the official SEVERE
protocols and are reported in Tab. 8. Implementation and
training details are reported in the supplementary material.
Domain shift. On SSv2 and Gym99, TrackMAE with
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Table 8. Comparison on SEVERE generalization benchmark [46]. We compare prior video SSL methods on four generalization factors
of SEVERE benchmark spanning a total of eight downstream settings. TrackMAE delivers consistently strong or superior performance
across these diverse settings in both pixel and feature reconstruction modes, indicating that trajectory-guided masked pretraining improves

robustness and generalization of learned video representations.

Method Domain shift Sample efficiency (10%) Action granularity Task shift Mean
SSv2 Gym99 UCF GYM FX-S1 UB-S1  UCF-RCJ| Charades
Pixel Reconstruction
VideoMAE [49] 68.6 86.6 74.6 259 42.8 65.3 0.172 17.8 57.6
MVD [51] 70.0 825 67.1 17.5 31.3 50.5 0.184 16.1 52.1
MGMAE [23] 689 872 772 24.1 33.7 79.5 0.181 17.9 58.8
MGM [14] 71.1 89.1 784 26.4 38.6 86.9 0.152 22.5 62.2
TrackMAE 703 88.7 79.8 31.0 41.6 85.5 0.162 20.8 62.9
Feature Reconstruction
MME [45] 70.1 89.7 792 29.8 55.5 87.2 0.155 23.6 65.0
SIGMA [40] 709 89.7 84.1 28.0 55.1 79.9 0.169 23.1 64.2
SMILE [48] 72.1 90.8 86.4 35.1 55.1 88.3 0.170 325 679
TrackMAE w/o motion 71.9 90.0 85.5 314 55.1 74.6 0.170 27.1 64.8
TrackMAE 728 91.1 86.7 344 59.0 90.1 0.170 305 684

CLIP+motion targets attains the strongest performance
among masked video modeling approaches, slightly im-
proving over SMILE and other feature-based baselines. Im-
portantly, even the pixel-only TrackMAE variant improves
over VideoMAE and remains competitive with motion-
aware designs such as MGM and MGMAE, showing that
explicit trajectory prediction enhances robustness to distri-
bution shifts even when training purely in pixel space.
Sample efficiency. In the 1K-sample setting (UCF102,
Gym103), TrackMAE maintains strong performance, con-
firming that trajectory-guided pretraining produces features
that adapt well under limited supervision. The pixel-based
TrackMAE variant already surpasses its pixel-only counter-
parts, indicating that injecting motion structure into masked
prediction benefits low-shot recognition without relying
solely on high-level feature targets.

Action granularity. For fine-grained splits FX-S1 and UB-
S1, TrackMAE with CLIP+motion achieves the best results,
and the pixel-based TrackMAE variant also improves over
or is on par with motion-guided baselines like MGM and
MGMAE. These gains underline that TrackMAE is particu-
larly effective for capturing subtle temporal and spatial dif-
ferences required in fine-grained action classification.

Task shift. For the task shift, TrackMAE shows improve-
ments over baselines VideoMAE and MGMAE in the pixel
space but is on par or slightly worst than the current best
method SMILE in the feature reconstruction.

Summary. In the pixel space, TrackMAE outperforms
all prior works with a significantly improving mean re-
sults by +5.3% over VideoMAE and by +4.1% over MG-
MAE, showing strong generalization capability. Further-
more, adding our motion prediction targets to CLIP-only
reconstruction (denoted as TrackMAE w/o motion) results
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in a mean improvement of 3.4%, indicating the generaliza-
tion capability is infact enhanced by the prediction of mo-
tion trajectories. Finally, TrackMAE with CLIP targets im-
proves the previous state-of-the-art mean results by 0.5%.

5. Discussions

Computational cost. Point tracking comes at a non-
negligible cost. In practice, we observe that the pretrain-
ing time increases by 50%. However, with stronger per-
formance on linear probing and generalization, the tradeoff
is reasonable. Furthermore, we are able to mitigate larger
cost due to denser tracking with our upsampling strategy
enabling our method to extract motion targets on the fly in
a scalable manner.

Motion robustness. Point trackers are prone to incorrect
prediction, often due to very high motion or occlusion. To
evaluate the robustness of our method under jittered trajec-
tories, we trained our model to reconstruct noisy predic-
tions, either spatially or temporally, using Gaussian noise.
In that setting, the performance degradation is around -
0.5%, showing that even under noisy motion targets, our
method is still able to learn meaningful motion-based rep-
resentations.

6. Conclusion

We introduce TrackMAE, a new masked video modeling
paradigm based on motion prediction. In particular, we
leverage a sparse point tracker to a create motion-based
reconstruction signal. To mitigate the computational cost
needed to obtain denser trajectories, we show that spatially
interpolating the tracker output yields better performance
without additional cost. We also use the motion trajectories
to propose a new motion-aware masking strategy that fur-
ther improves the downstream performance. Across linear



probing, full fine-tuning, and SEVERE, TrackMAE shows
consistent gains on appearance- and motion-centric tasks,
translating into stronger discrimination and broader gener-
alization than prior video SSL methods.
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TrackMAE: Video Representation Learning via Track Mask and Predict

Supplementary Material

7. Detailed SOTA Comparison

In the main paper, we restricted comparisons to self-
supervised masked video models with the same backbone
and similar pretraining schedule. We now broaden that
comparison to include both self-supervised (MVM variants
with pixels/HOG/DINO/CLIP targets) and supervised base-
lines on K400 and SSv2, reported with the ViT-B backbone
and a range of pretraining epochs. We evaluate in the full
finetuning setup on K400 and SSv2 datasets to assess in-
domain and cross-domain transfer. The results are shown in
Table 9.

Kinetics-400 (in-domain pretraining and finetuning).
On K400, TrackMAE attains 83.6 Top-1 with 600 epochs,
outperforming all listed masked-video baselines trained for
equal or longer schedules: VideoMAE [49] (80.0/81.5 at
800/1600), CMAE-V [35] (80.2/80.9), OmniMAE (80.8),
MGM (80.8/81.7), MGMAE [23] (81.2/81.8), MME [45]
(81.5/81.8), and SIGMA [40] (81.5). TrackMAE also edges
SMILE [48] (83.1 at 600 and 83.4 at 1200), indicating
a stronger accuracy—compute trade-off at shorter sched-
ules. Compared to supervised architectures, TrackMAE
surpasses MViTv2-B [33] (82.9) and Uniformer-B [30]
(83.0), despite using the standard ViT-B backbone and a
self-supervised objective.

SSv2 (cross-domain: K400—SSv2). When pretrained on
K400 and finetuned on SSv2, TrackMAE reaches 72.8,
improving over SMILE [48] (72.1 at 600; 72.4 at 1200)
and clearly ahead of VideoMAE [49] (68.5), SIGMA [40]
(71.1), MGM [14] (71.1), and MGMAE [23] (68.9). It
also exceeds the supervised counterparts reported under the
same column (e.g., VideoSwin [34] 69.6, MViTv2-B [33]
70.5, Uniformer-B [30] 71.2). These results indicate better
domain transfer to motion-centric SSv2, consistent with the
hypothesis that explicit motion supervision complements
CLIP-space semantics.

SSv2 (in-domain: SSv2—SSv2). With SSv2 pretraining,
TrackMAE attains 72.5, matching the best reported MVM
result in the table (SMILE [48] at 72.5) and exceeding
other MVM baselines like MGMAE [23] (72.0 at 1600),
MGM [14] (71.8 at 1600), CMAE-V [35] (70.5 at 1600),
VideoMAE [49] (69.6 at 800), and OmniMAE [17] (69.5).
This suggests TrackMAE’s motion signal remains benefi-
cial even when the pretraining domain already contains sub-
stantial temporal variation.

In summary, TrackMAE achieves state-of-the-art results
among masked-video models under comparable settings
and is competitive with, or outperforms, strong supervised
models. The pattern supports the central claim that ex-

plicit motion supervision paired with CLIP-space recon-
struction produces video representations that are both se-
mantically strong and motion-aware, yielding robust trans-
fer in-domain and under-domain shift.

8. Additional Ablations

Impact of masking. Table 10a shows the impact of the
masking ratio used during pretraining on the finetuning per-
formance. We observe that a masking ratio of 90%, simi-
lar to previous methods [23, 49], shows that learning from
highly masked spatial and trajectory tokens works well in
practice.

Impact of separate decoding. We study in Tab. 10b the
impact of training with a joint or separate decoders to re-
construct both the spatial and trajectory targets. As shown
in the table, separate decoders work best, which may indi-
cate that involving the same decoder for both tasks may lead
to information leakage, degrading the signal.

Impact of noisy tracks. As mentioned in the main pa-
per that our method shows robustness against noisy target
tracks. The results are shown in Tab. 10c. We observe that
our method is robust for both spatial and temporal noise,
meaning that even under a noisy tracker, our model would
still be able to learn meaningful features.

K400 finetuning

©
F e
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CLIP only (Baseline)
CLIP + Traj (Ours)

Top-1 Accuracy (%)
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~
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SSv2 finetuning

~
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Figure 4. Training evolution. We report the Top-1 Accuracy for
K400 and SSv2 finetuning at different pretraining epochs. Our
model trained with both CLIP and trajectory reconstructions con-
sistently outperforms the CLIP reconstruction only.
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Table 9. Detailed SOTA comparison of masked video modeling methods on Something-Something V2 and Kinetics-400 for full
finetuning action recognition. Our TrackMAE outperforms many supervised approaches and achieves the best performance masked
video modeling methods with similar pretraining setups.

SSv2 Pretraining K400 Pretraining

Method Backbone  Targets Epochs SSv2 Top-1 SSv2 Top-1 K400 Top-1
Supervised
Mformer [37] Mformer-B - - - 66.7 79.7
VideoSwin [34] Swin-B - - - 69.6 80.6
TimeSformer [4] ViT-B - - - 59.5 80.7
MViTvl [15] MViTvl-B - - - 67.7 80.2
MViTv2 [33] MViTv2-B - - - 70.5 82.9
Uniformer-B [30] Uformer-B - - - 71.2 83.0
Self-supervised
VideoMAE [49] ViT-B Pixel 800 69.6 68.5 80.0
VideoMAE [49] ViT-B Pixel 1600 69.6 - 81.5
CMAE-V [35] ViT-B Pixel 800 69.7 - 80.2
CMAE-V [35] ViT-B Pixel 1600 70.5 - 80.9
OmniMAE [17] ViT-B Pixel 800 69.5 69.0 80.8
MGM [14] ViT-B Pixel 800 70.6 71.1 80.8
MGM [14] ViT-B Pixel 1600 71.8 - 81.7
MGMAE [23] ViT-B Pixel 800 71.0 68.9 81.2
MGMAE [23] ViT-B Pixel 1600 72.0 - 81.8
MME [45] ViT-B HOG 800 70.0 70.5 81.5
MME [45] ViT-B HOG 1600 - - 81.8
SIGMA [40] ViT-B DINO 800 71.2 71.1 81.5
SMILE [48] ViT-B CLIP 600 72.5 72.1 83.1
SMILE [48] ViT-B CLIP 1200 - 72.4 83.4

" TrackMAE (Ours) ViT-B  CLIP 600 725 728 836

Table 10. Additional ablations on our proposed TrackMAE. The default setting uses pixel reconstruction and motion prediction with a
grid size of 14, masking ratio of 90%, A = 1, and two separate decoders.

Ratio K400s SSv2q Decoder K400, SSv2, Noise K400s SSv2g
95% 48.1 54.4 A None 49.4 56.2
0% 494 562 Joint 487555 Spatial 489 557

80% 49.2 56.0 Separate  49.4  56.2

(a) Masking ratio. Masking 90% of the to-
kens, as in previous methods, works best.

Temporal 48.8 55.8

(b) Joint or Separate decoders. Using sepa-
rate decoder for motion prediction outperforms
using the joint decoder.

(c) Impact of noisy tracks. Adding spatial or
temporal noise to the tracker trajectories does
not affect our method much.

9. Convergence Results shows that our model trained with both the spatial and tra-

jectory targets consistently outperforms the model trained
We analyze the convergence behavior of our approach com- with the spatial targets only. We observe that with fewer
pared to the baseline. We evaluate our CLIP + Trajec- epochs, our performance is much better than the baseline;
tory and CLIP-only reconstruction at different pretraining however, the gap is narrowed with more pretraining epochs.

epochs on both K400 and SSv2 finetuning tasks. Figure 4
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10. Discussion on Motion Masking

In this section, we expand the discussion on our motion-
aware strategy. In particular, we expand the discussion on
different sampling distributions Sec. 10.1, and the different
sampling strategies Sec. 10.2 based on motion trajecotories.

t t+1 t+2 First

Consecutive

Figure 5. Sampling strategies. We show how we can use the
motion information to create different sampling distribution.

10.1. Sampling Distribution in Masking

As mentioned in the main paper, we use the motion trajec-
tories to create a sampling distribution. We explore two dif-
ferent ways to do this: (1) we accumulate the displacement
made by each point of the grid through time with respect to
the first frame, (2) we accumulate the displacement made by
each point of the grid through time in the next consecutive
frame. In other words, the first strategy gives the average
motion information over time of how much a given point
is moving, without taking into account the trajectory. The
second strategy gives the average motion information over
time of how much and where a given point is moving. Those
2 sampling strategies are depicted in Fig. 5.

Both sampling strategies have their own merits, i.e. the
first strategy will put some emphasis towards tokens that
are likely to move, without guarantee that they are seen
in the following frames. Our intuition is that it forces the
model towards learning some motion dynamics of the dif-
ferent moving objects. For the second strategy, our intuition
follows the same reasoning, but with visible tokens sam-
pled along the trajectory. In practice, we see both version
works on par, with slightly better results for the first strat-
egy, which is used for the results in the main paper. It is also
worth mentioning that whatever the strategy used, it is al-
ways impacted by the input data. We observe that the K400
dataset is prone to have erratic movements, which may lead
to poor motion information. In such a case, our sampling
distribution tends to behave more like a uniform sampling,
thus falling back to the original random tube masking strat-

cgy.
10.2. Sampling Strategy in Masking

Besides different sampling strategy, there are also many dif-
ferent ways to sample visible tokens from it. For computa-
tional reasons and for its intuitive soundness, we only eval-
uated the motion bins strategy described in the main paper.
However, we describe below some other strategies.

Video frames + Sampling distribution Motion bins

ik
B

Bernoulli High / Low

Figure 6. Masking strategies. We show how we can use our sam-
pling distribution to create different masking maps. Red squares
are high-motion visible tubes, blue squares are low-motion visible
tokens. For the “exclude topk™ strategy, we also show the
tokens excluded from being sampled.

Motion bins. We sample visible tokens from high- and low-
motion regions of the sampling distribution using 2 uniform
bins. Depending on the value of py,oti0n, We control the
number of tokens sampled coming from each bins. Our in-
tuition is that this strategy gives, on average, a good balance
between high- and low-motion visible and masked tokens.
This is the strategy used in the main paper.

Bernoulli High/Low. Instead of uniformly sampling from
high- and low-motion regions, we can sample using a
Bernoulli distribution. For the high-motion tokens, we di-
rectly sample from the sampling distribution, and for the
low-motion token, we sample from the “l-motion” distri-
bution, excluding tokens already sampled from the high-
motion part. Similarly as for the motion bins strategy, we
can use the same parameter to control the number of tokens
for each high- and low-motion regions. However, we visu-
ally observe that this strategy tends to create blob regions,
which would usually hurts training.

Sorting. Based on the previous strategy, we can directly
sort high- and low-motion tokens and follow their ordering,
instead of sampling from the distribution. This strategy cre-
ates bigger blobs, which we believe would hurt even more
the training.

Uniform topk. To find a better balance between Bernoulli
and sorting, we can uniformly sample from the Top-k most
moving tokens. However, in order to sample from a smaller
set than in the motion bins strategy, we need to specify how
many samples are used in the Top-k operation, adding a new
hyperparameter to tune.

Exclude topk. In contrast to previous strategies, which use
the motion to guide the sampling of visible tokens, we can
use the motion information to decide where we should not
sample visible tokens. From the Top-k most moving tokens,
we can chose to explicitly remove them from the sampling
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Table 11. Datasets details. Splits of datasets used in full finetun-
ing and linear probing.

Dataset Abbrev. #Classes #Train #Test
Kinetics-400 K400 400 240K 19K
UCF-101 UCF 101 9.5K 3.8K
HMDB-51 HMDB 51 4.8K 2K
Something-Something V2 SSv2 174 169K 24.8K
FineGYM GYM 99 20.5K 8.5K

distribution, as learning to reconstruct those tokens may be
interesting. Then, we can use any strategy to sample the
visible tokens. All sampling strategies are shown in Fig. 6

We leave the exploration of such masking strategies,
their impact on different pretraining data and downstream
tasks for future work.

11. Experimental Details
11.1. Datasets

Kinetics-400 [27] (K400) is a large-scale YouTube-sourced
corpus with 400 human action categories and over 306k
short clips. It remains a canonical benchmark for learning
generalizable video representations.

Something-Something V2 [19] (SSv2) emphasizes object-
centric, first-person interactions that differ markedly from
K400’s Internet footage. It comprises 168,913 training and
24,7777 test samples spanning 174 categories, stressing tem-
poral reasoning and commonsense dynamics.

UCF-101 [44] (UCF) collects 9,537 training and 3,783
test clips from YouTube across 101 action classes. Al-
though coarser in granularity and overlapping with K400
categories, it is widely used for transfer evaluation in self-
supervised video learning.

HMDB-51 [28] (HMDB) contains 6,766 clips from varied
sources (films, archives, web videos) covering 51 classes
(at least 100 videos per class). Its heterogeneity challenges
models to cope with diverse cinematic and real-world con-
tent.

FineGYM [42] (GYM) targets fine-grained action under-
standing in gymnastics. We use the Gym-99 subset (99
classes) with 20,484 training and 8,521 test samples, focus-
ing on subtle motion differences within highly structured
routines.

SEVERE Benchmark [46] SEVERE aggregates eight
evaluation settings across SSv2, UCF, FineGYM, and Cha-
rades to stress sample efficiency, granularity, and task shift.
Table 12 details each subset and metric.
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11.2. Training and Evaluation Details

Pretraining Details. We pretrain on K400 [27] and
SSv2 [19]. Following VideoMAE [49], we sample clips
of 16 frames at 224x224 with a temporal stride of 2 on
SSv2 and 4 on K400. We compute space—time tube tokens
via a 3D convolution, treating each 2x16x16 cube as a to-
ken. For each sampled 16-frame clip, we temporally down-
sample it with a stride of 2 to extract the trajectories from
CoTracker3 [26], matching the total number of trajectory
tokens with space-time cubes. In practice, we use the nor-
malized temporal differences of the extracted motion trajec-
tories as the target, rather than absolute values.

All hyperparameters are shown in Table Tab. 13, follow-
ing [48, 49]. All pretraining runs use 16 xNVIDIA A100
GPUs. For downstream tasks, we discard the decoders and
use only the pretrained encoder with a task-specific head
(e.g., a linear classifier for action recognition).

Linear probing details. We strictly follow the settings in
[48] and train the linear head on top of the frozen backbone
with the target dataset, as shown in Tab. 14. Experiments
are run on 4x V100 GPUs.

Full finetuning details, We strictly follow the settings in
[48] and train the backbone + head with the taget dataset, as
shown in Tab. 15. Experiments are run on 4x V100 GPUs.

SEVERE benchmark details. Following [40, 48], we
evaluate with the official SEVERE codebase [46], strictly
reusing the provided training and evaluation configurations
to ensure a fair comparison, also shown in Tab. 15. Exper-
iments are run on 4 x V100 GPUs.



Table 12. SEVERE benchmark. Subsets, protocols, and metrics following [46].

Dataset Experiment Setup Group Task #Classes Finetune Test Metric
FineGym [42] Gym99 Full Action Class. 99 20,484 8,521 Top-1 Acc.
UCF 101 [44] UCF (103) Sample Efficiency  Action Class. 101 1,000 3,783 Top-1 Acc.
FineGym [42] Gym (10®) Sample Efficiency  Action Class. 99 1,000 8,521 Top-1 Acc.
FineGym [42] FX-S1 Action Granularity ~ Action Class. 11 1,882 777 Mean-per-class
FineGym [42] UB-S1 Action Granularity Action Class. 15 3,511 1,471 Mean-per-class
UCFRep [57] UCF-RC Task Shift Repetition Counting - 421 105 Mean Error
Charades [43] Charades Task Shift Multi-label Class. 157 7,985 1,863 mAP

Table 13. Pretraining configuration.

Shared

Optimizer AdamW

Base learning rate 1.5 x 10™*

Weight decay 0.05

Momentum (Betas) ($1=0.9, 52=0.95
Batch size 512

LR schedule cosine decay

Warmup epochs 40

Augmentation MultiScaleCrop(1, 0.875)
Dataset-specific Epochs FlipAug.
SSv2 800 no
K400 600 yes

Table 15. Full finetuning configuration.

Parameter Value
Optimizer AdamW
Base learning rate 1.0 x 1073
Weight decay 0.05

Momentum (Betas)

B1=10.9, B2 =0.999

Layer-wise LR decay  0.75
LR schedule cosine decay
Warmup epochs 5
RandAug 9,0.5)
Label smoothing 0.1
Mixup 0.8
CutMix 1.0
Drop path 0.1
Table 14. Linear probing configuration. Dataset-specific Batchsize Epochs FlipAug.
config K400 HMDB SSv2 GYM ;ig) ?2 Tgo Iy‘zs
optimizer AdamW SEVERE 16 100 yes
base learning rate 1x1073
weight decay 0.05
optimizer momentum B1, B2 = 0.9,0.999
layer-wise Ir decay 0.75
batch size 128
learning rate schedule cosine decay
training epochs 30 100 50 100
flip augmentation yes yes no  yes
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MOTION-CENTRIC REPRESENTATION LEARNING WITH MASKED VIDEO MODELING

7.2 EPILOGUE

This chapter extends masked modeling from appearance-centric pretraining to motion-
centric representation learning. TrackMAE combines trajectory prediction with motion-
aware masking. Together, these two components provide a stronger temporal signal than
random masking with spatial reconstruction alone.

Empirically, the method improves transfer across diverse downstream settings and is
especially effective when temporal reasoning is critical. Together with Chapter 6, this
result establishes a coherent progression within the thesis: the same masked modeling
principle can be specialized first for object-centric invariances in images, then for motion-
centric abstractions in video, by adapting masking and reconstruction design.

The method also has practical constraints. It depends on tracker quality, and tracking
adds computation during pretraining. In addition, sparse trajectory supervision does not
capture all motion phenomena, especially under severe occlusion or very long temporal
dependencies. These limits motivate future work on tighter integration between tracking
reliability, masking policy, and reconstruction targets.



Part III

CONCLUSION






CONCLUSION

This thesis studied one central question introduced in Chapter 1: how to leverage un-
labeled data efficiently. The work addressed this question through two complementary
paradigms: semi-supervised learning and self-supervised learning.

In semi-supervised object detection (Part 1), the thesis made two contributions. First,
Chapter 3 showed that pseudo-label uncertainty should be handled explicitly during
student training and that confidence-aware loss weighting improves robustness. Second,
Chapter 4 introduced adaptive threshold selection to reduce dependence on costly manual
search while improving transfer across datasets.

In self-supervised learning (Part [1), the thesis examined masked modeling objectives
for images and videos. Chapter 6 demonstrated that object-centric representations can be
learned efficiently from Siamese image crops, reducing the need for video-only pretrain-
ing. Chapter 7 then extended masked video modeling with explicit motion supervision,
improving motion sensitivity through trajectory prediction and motion-aware masking.

Taken together, these contributions support a common conclusion: unlabeled data
are most useful when training objectives explicitly encode uncertainty, structure, and
invariances that match the target task.

Despite these contributions, several limitations remain.

o Pseudo-label dependence. Semi-supervised detection pipelines remain sensitive
to teacher quality, especially for rare classes and domain shifts.

e Offline assumptions. Adaptive threshold estimation was designed for offline
pseudo-labeling and is not directly transferable to fully online settings.

e Objective mismatch risk. Masked reconstruction objectives can still favor ap-
pearance shortcuts when temporal supervision is weak.

e Auxiliary module dependence. Motion-aware pretraining can depend on exter-
nal components, such as tracker reliability and computational overhead.

Several directions follow naturally from this work.

e Online adaptive pseudo-labeling. Extending adaptive thresholding to stream-
ing settings with dynamic score statistics.

e Class-aware and uncertainty-aware selection. Improving pseudo-label selec-
tion for long-tail categories with calibrated confidence and better class balancing.
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e Unified spatial-temporal objectives. Designing pretraining losses that jointly
optimize appearance semantics and motion consistency without relying on non-

semantic reconstruction.

e Task-adaptive pretraining. Learning objectives that adapt to downstream re-
quirements, instead of using a fixed pretext across tasks.

As a final conclusion, we show in this thesis that learning with unlabeled data is pos-
sible and can be done in various forms. While the work in the field of semi-supervised
object detection has slowed down recently, the line of work in the self-supervised learning
paradigm is still in full swing. We hope that the contributions presented in this thesis can
contribute to the scientific community, and that we will continue, one way or another, to
learn with unlabeled data in the future.



“Anyone who stops learning is old, whether at twenty or eighty. Anyone who keeps
learning stays young.”

Henry Ford
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