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Abstract

Dense self-supervised learning has shown great promise
for learning pixel- and patch-level representations, but ex-
tending it to videos remains challenging due to the com-
plexity of motion dynamics. Existing approaches struggle
as they rely on static augmentations that fail under object
deformations, occlusions, and camera movement, leading
to inconsistent feature learning over time. We propose a
motion-guided self-supervised learning framework that clus-
ters dense point tracks to learn spatiotemporally consistent
representations. By leveraging an off-the-shelf point tracker,
we extract long-range motion trajectories and optimize fea-
ture clustering through a momentum-encoder-based opti-
mal transport mechanism. To ensure temporal coherence,
we propagate cluster assignments along tracked points, en-
forcing feature consistency across views despite viewpoint
changes. Integrating motion as an implicit supervisory sig-
nal, our method learns representations that generalize across
frames, improving robustness in dynamic scenes and chal-
lenging occlusion scenarios. By initializing from strong
image-pretrained models and leveraging video data for train-
ing, we improve state-of-the-art by 1% to 6% on six image
and video datasets and four evaluation benchmarks. The im-
plementation is publicly available at our GitHub repository:
github.com/SMSD75/MoSiC

1. Introduction

Dense self-supervised learning has emerged as a powerful
paradigm for learning rich pixel- and patch-level representa-
tions without reliance on labeled data [24, 59, 71]. While sig-
nificant progress has been made in the image domain, lever-
aging videos for self-supervised learning presents an even
greater opportunity. Videos not only provide vast amounts of
readily available data but also introduce a natural temporal
dimension, which could be crucial for learning representa-
tions that extend beyond static imagery. However, directly
applying image-based self-supervised learning techniques to
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Figure 1. We introduce MoS1iC, a self-supervised framework that
uses optimal transport (OT) to enforce spatio-temporal consistency
in dense visual representations. By tracking points across frames
and clustering their motion trajectories, Mo S iC encourages features
of points that move together to be temporally coherent.

videos proves ineffective [4, 57]. In images, correspondences
are often implicitly encoded by data augmentations—for
instance, color transformations preserve pixel-wise associa-
tions. In contrast, videos exhibit complex motion patterns
caused by object movement, camera shifts, and dynamic
backgrounds, breaking such pixel-level correspondences.
In this work, we aim to learn temporally coherent dense
representations by leveraging motion as an implicit supervi-
sory signal. Rather than treating frames independently, we
enforce feature consistency over time by clustering points
that move together. This encourages representations that
are not only spatially meaningful but also temporally stable,
improving robustness to occlusions and viewpoint changes.
Prior works have explored various strategies for learning
dense representations in videos, including architectural
modifications to track multiple objects in ViTs [61], joint-
embedding architectures with specialized masking strate-
gies [4, 7], and temporally coherent clustering [50]. In this
work, we propose a new approach inspired by the Gestalt
principle of "what moves together belongs together" [32].
We bring this principle to a much finer level of granularity
and introduce MoS1iC in Figure 1, a self-supervised Motion-
based Sinkhorn Clustering framework that clusters points
along motion tracks to learn spatiotemporally consistent rep-
resentations.
Our approach begins by extracting dense point tracks that
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Figure 2. In-context scene understanding on Pascal VOC MoSiC
improves DINOv2’s dense representations on unlabeled videos,
resulting in precise segmentation boundaries and better object iden-
tification.

capture long-range motion trajectories across frames. These
tracked points are then clustered using a momentum-encoder-
based optimal transport mechanism, ensuring feature con-
sistency while applying the loss only to visible points. By
enforcing temporal coherence along motion trajectories, our
model captures object permanence despite occlusions and
viewpoint changes, resulting in more stable and semantically
meaningful representations. Extensive evaluations across
six image and video datasets demonstrate the effectiveness
of MoS1iC, showcasing its ability to learn robust and transfer-
able dense features for tasks such as semantic segmentation
and scene understanding. Notably, by leveraging the strong
vision foundation model DINOv2 [42], MoSiC consistently
improves its dense representations, as demonstrated quali-
tatively in Figure 2. This improvement is further validated
quantitatively, achieving a 1% to 6% gain across four bench-
marks—solely through training on video data.

2. Related Works

Video-to-Image self-supervised learning Video data pro-
vides rich temporal signals that naturally supervise learning
by capturing object transformations and scene dynamics over
time. Unlike static images, videos encode motion patterns
and object persistence, offering essential cues for robust vi-
sual understanding. Early approaches explored various pre-
text tasks, including egomotion prediction [1, 26], pose esti-
mation [13], dense prediction [37, 47], optical flow [39, 64],
and visual correspondence learning [63].

Traditional self-supervised learning (SSL) methods, primar-
ily developed on ImageNet, rely on augmentations for con-
trastive or predictive objectives [10, 14]. While extended to
video [19, 45, 58, 62], direct transfer often leads to perfor-
mance drops due to distribution shifts [45]. Recent works
instead learn directly from videos, avoiding augmentation-
based supervision. Carreira et al. [12] process continuous
video streams without mini-batches, while DoRA [61] uses a
single, long, unlabelled video to train strong image encoders
without relying on traditional data augmentation techniques.
MooG [60] models dynamic scene elements for improved
motion tracking, and [11] scales SSL to larger models via
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masked autoencoding for spatiotemporal learning.

Closest to our work, TimeTuning [50] leverages temporal
cues but struggles with occlusions and long-range tracking
under rapid camera motion. Unlike existing SSL. methods,
we incorporate dense point tracking to ensure robust tempo-
ral correspondences, improving performance on real-world
video and image datasets.

Unsupervised object segmentation Unsupervised object
segmentation has been widely studied, with many meth-
ods [2, 6, 22, 35, 53, 68] segmenting objects in images with-
out labeled data. These approaches often use pretrained mod-
els to extract information and train another model for seg-
mentation. Seitzer et al. [52] use slot attention to reconstruct
DINO-pretrained features, clustering image regions into ob-
jectslots. CroC [54] aligns cluster centers across views using
a dense self-supervised loss, while Leopart [71] enhances
representations with dense clustering. Hummingbird [5]
leverages attention mechanisms within and across images
for in-context scene understanding. CrIBo [36] enforces
cross-image nearest-neighbor consistency, while NeCo [44]
enforces patch-level nearest-neighbor consistency generating
high-quality dense representations.

While these methods demonstrate the effectiveness of clus-
tering and feature alignment for object segmentation, they
primarily focus on static images, lacking the temporal con-
sistency crucial for videos. In contrast, our method extends
these ideas to the video domain by leveraging motion trajec-
tories as signal. By propagating cluster assignments along
tracked points, we ensure spatiotemporally coherent repre-
sentations, bridging the gap between object-centric cluster-
ing and motion-aware learning. Tracktention [34] is another
work that uses point trackers, which guides the attention for
video prediction tasks to improve temporal consistency for
depth. In contrast, we use point tracks to enforce temporal
consistency for object segmentation across time.

3. MoSicC: Motion-Based Sinkhorn Clustering

We introduce MoS1iC in Figure 3, a novel approach to dense
self-supervised learning in videos that leverages motion as
an implicit supervisory signal. Our method first extracts
long-range motion trajectories using an off-the-shelf point
tracker, ensuring robustness to occlusions and object perma-
nence. To enforce spatiotemporal coherence, we perform
clustering over these motion trajectories, aligning feature
representations across frames. Unlike prior methods that
rely purely on mask propagation or local frame-based learn-
ing, our approach establishes long-range correspondences,
leading to spatiotemporally consistent features, considerably
improving the quality of the learned representations.
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Figure 3. MoSiC: Motion-based Sinkhorn Clustering for dense self-supervised pretraining. A video clip is patchified, with masked patches

passed through the student network to obtain Z%% € R™s*4xT

Zleach

, while the teacher network processes the patches from raw clip to produce
R™*4*T Features are clustered using Sinkhorn- Knopp [15] into prototypes P. The cluster assignments Q" (eq. (6)) and Q}»

(eq. (7)) are computed for the first frame (¢ = ¢o). These assignments are then propagated along motion trajectories Traj, ; computed using

CoTracker-v3 [29] to obtain Q™" (eq. (8)). Finally, a cross-entropy loss is applied between Qi and Q' (eq. (10)) for frames where
Traj, ; remains visible, ensuring temporal consistency by clustering points along motion paths and preserving object identity over time.

3.1. Preliminaries

Given a video clip X € R?**wxexT where T is the number
of frames, h x w is the spatial resolution, and c is the num-
ber of channels, we first divide each frame into n = hx—;"
patches of size p x p. These patches are then linearly pro-
jected into d-dimensional embeddings and passed through an
encoder. We apply a binary mask M € {0, 1}™*7 uniformly
across all frames, randomly masking a fraction m of the to-
kens. Following Moutakanni ef al. [41], we demonstrate
that simple augmentations, such as cropping and masking,
are sufficient for learning effective representations, elimi-
nating the need for more complex augmentations like color
jitter, grayscale, or blurring. We use a Vision Transformer
(ViT) [17] in a teacher-student framework, where the stu-
dent and teacher models are fy and gy. The representations
are given by Z'h = g4(X,) € R™*? for the teacher and
7% = fo((1—M)® X;) € R™*9 for the student networks,
where © denotes the Hadamard product and n¢ denotes the
number of unmasked tokens.

3.2. Clustering Motion Trajectories

A major challenge in learning from real videos is the tran-
sient nature of objects due to occlusions, camera movement,
and object permanence. Unlike images, video frames un-
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dergo temporal deformations, making feature consistency
difficult. Prior methods [50] propagate object masks across
frames but struggle when objects temporarily disappear, lead-
ing to propagation errors. Additionally, long-range tracking
suffers from drift accumulation, which compounds over time
and degrades feature representations—an issue that worsens
with longer sequences.

Motion Trajectories From a Point Tracker To address
these challenges, we utilize an off-the-shelf point tracker
capable of long-range tracking and robust to object perma-
nence. The tracker samples points from a regular grid in
the first frame and updates their positions across subsequent
frames. Given our video clip X, we sample N points from
the initial frame, forming a grid = (z;, yi)fvzl, where (z;, y;)
are the coordinates of the i point. Using the video clip X
and the grid, the tracker predicts the trajectories of these
points across all frames as:

Traj, ; == Tracker(Xy, (i, i) € RTXNx2

(1)
Traj, ;, represents the trajectory of the i point across T
frames, with each element encoding its coordinates at time ¢.

Optimal-Transport Based Clustering Although motion
trajectories provide a strong signal for motion-based group-



ing, relying solely on them can be a challenge especially for
objects with subtle or ambiguous motion. To address this,
we perform clustering to enforce temporal coherence, ensur-
ing that points belonging to the same object or part remain
consistently clustered over time. Given motion trajectories
from the point tracker, we incorporate semantic clustering to
obtain a more discriminative representation of objects.

We first cluster the features from the student and teacher net-
works ZSW g R7sxdxT | zieach o RrxdXT for the first frame
using the Sinkhorn-Knopp algorithm [15]. This clustering
solves an entropy-regularized optimal transport problem, it-
eratively refining the assignment of feature tokens to cluster
prototypes while maintaining marginal constraints and has
been used in various self-supervised works [3, 9, 42, 51].
Let pstu, peach ¢ RE>d denote K cluster prototypes and
Ziw e Rrexd ziewh ¢ Rn*4 represent the features ex-
tracted from the initial frame ¢ to. The transport
cost between the patch features and the cluster prototypes
Cstu c R”s ><K’ Cteach c RnxK are:

Cstu _ _ZggupstuT c R"s x K (2)
Cteach — _Z;((ejachjgteachT c RnXK 3)

which denote the negative cosine similarity between the
normalized patch features and normalized prototypes. The
optimal transport plans M“* and M®"* ysing eq. (2) and

eq. (3) are obtained by solving:
€

Mstu* — : Mstu Cstu ——_H Mstu 4

arg  min MO CT) = SHQEE) @)
]\4tf:achx< _ : Mteach Cteach o E H Mteach
arg Mleuglelﬁl/l[eum< ’ > )\ ( )

(&)

where M ¢ R7sxK peach ¢ RnxK are the assign-
ment matrices, H (M) is an entropy regularization, and e
is the regularization coefficient than controls the smoothness
of the assignment enforcing uniform marginal constraints
M1 =1, /n,, M1, =1x/K and

Mteacth — 17:,/”7 A]\4leach—r ]-n — ]-K/K

3.3. Cluster Propagation using Motion Trajectories

After clustering the initial frame, we propagate these assign-
ments across frames using the tracked motion trajectories
from eq. (1). This allows us to maintain consistent object
representations over time, even when objects undergo de-
formation. Given the tracked trajectories from eq. (1), we
sample features from the student and teacher embeddings
Z% | Ztexch gt these locations.

To extract features at the tracked locations, we interpolate
values from the feature maps using the continuous trajectory
coordinates. Since these points do not always align with
discrete pixel locations, we apply bilinear interpolation for
the teacher network, computing feature values as a weighted
sum of the four nearest neighbors. For the student network,
we use nearest-neighbor interpolation, since the points are
sampled along a simple uniformly spaced grid.
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Figure 4. Previous methods such as TimeT lose precise object
mapping after occlusions (e.g., a tree), rapid camera and object
motion — resulting in degraded and coarse segmentation targets
over long-range video clips. In contrast, MoSiC leverages stable
point tracks, preserving consistency despite occlusions and motion
via our trajectory based clustering loss eq. (10).

Cluster Propagation First, we compute the cluster as-
signment for the features from the teacher and the student
networks using M*"* and M'**"* computed in eq. (4) and
eq. (5) as follows:

stu __ stu* stu
Qi = argmax M - 7} ©6)
teach __ teach*® teach
Qi = arg max M Ly 7

where the optimal transport plans assigns each feature to its
nearest cluster prototype. We guide the cluster assignments
QanCh using the motion trajectories Traj, ; obtained from
eq. (1), where each tracked point retains its original cluster
assignment as it moves along the trajectory:

teach, __ ~teach,s _ .
t = s V(@i Yie) = Traj, ;

®)

3.4. Training Objective

To ensure temporal consistency, we aim to align features
of different views of the same object over time. Although
motion trajectories provide the correspondence of object
locations across frames, relying solely on trackers may not
guarantee that features from different views are assigned to
the same cluster. For each frame ¢ € T, let Qig”l denote the
cluster assignment for the i-th point in the initial frame ¢
from the student network, and Q'*™ denote the propagated
cluster assignment for the i-th point in frame ¢ from the
teacher network, as defined in eq (8).

We compute the cluster scores Sf;u’k’z for each cluster £ and
point ¢ in the frame ¢ applying a softmax on the similarity

between the Z;."" and the cluster prototypes M*"*:

stux stu, @
Sstu,k,i o eXp(M : Zto )

= ; ©))

to Zk’ eXp(Mslu* . Zts(t)uﬂ)
The teacher’s assignments are one-hot vectors, where
§(QF* ™ — k) equals 1 if the assigned cluster is & and 0 oth-
erwise. The clustering loss is formulated as a cross-entropy

loss, averaged over all visible trajectories and frames:



K
Cclust(i) = — Z th,i . §(Qtteach,i _

t=1 k=1

k) - log (S35

(10)
where v is a visibility flag indicating whether the i-th point
is visible in frame ¢. This ensures that the loss is computed
only for points that are visible in each frame, thereby enhanc-
ing the robustness of our model to occlusions. Therefore,
as shown in Figure 4 we enforce that all patches along a
trajectory, representing the same object or part as observed,
are consistently clustered over time. This approach extends
beyond individual images by maintaining consistency across
pixel trajectories throughout the video sequence.

4. Experiments

4.1. Experimental setup

We follow TimeTuning [50] and initialize MoSiC with a
pretrained DINOV2 [42] backbone and a frozen CoTracker-
v3 [29] for point tracking. Training is conducted on
YouTube-VOS [65], one of the largest video segmentation
datasets. For evaluation, we discard the projection head and
use the teacher network as the feature extractor, following
DINO [10]. Unless specified, mean intersection over union
(mloU) serves as the primary metric.

We assess linear segmentation on Pascal VOC [18], COCO-
Things [8], and ADE20K [69] by training a segmentation
head on frozen spatial features, and perform end-to-end
segmentation using the Segmenter head [55]. For frozen
clustering-based evaluations, we apply K -Means to spatial
tokens, setting K to both the number of ground-truth objects
and larger values (300, 500), then match cluster maps to
ground truth using Hungarian matching [33]. Dense nearest-
neighbor retrieval is used to evaluate on-context scene under-
standing [5] for ADE20K and Pascal VOC. For unsupervised
video semantic segmentation, we perform clustering and
overclustering on YouTube-VOS and DAVIS [48], aligning
clusters with ground truth via Hungarian matching.

We evaluate MoS1iC across four dense benchmarks spanning
images and videos, assessing unsupervised semantic seg-
mentation across time and space, visual scene understanding,
and feature transferability via linear segmentation. Addi-
tional experiments, including end-to-end finetuning results
for object detection and segmentation, scaling to the large
variant, image classification performance and pretraining
with DINO, can be found in Appendix 6.1

4.2. Unsupervised Video Object Segmentation

To assess temporal coherence in MoSiC, we evaluate
the clustering performance on DAVIS [48] and YouTube-
VOS [65]. Following [50], clusters are aligned with ground-
truth object masks using the Hungarian algorithm [33]. We
also evaluate performance under Over-Clustering, where a
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larger number of clusters is used. This is particularly relevant
in dense self-supervised learning, as representations serve as
feature descriptors for downstream tasks such as semantic
segmentation and object detection.

From Table 2, MoS1C-S14 outperforms TimeT [50] by 8.7%
and 9.4% mloU on DAVIS and YouTube-VOS, respectively.
Additionally, MoS1iC surpasses both DINOv2 and DINOv2-
R by 4.3% and 3.7% on average across clustering and over-
clustering evaluations. These results highlight MoSiC ’s
ability to produce temporally consistent segmentations and
generalize across diverse video datasets.

4.3. Visual In-Context learning

We compare MoSiC on the Hummingbird Benchmark [5],
which evaluates in-context reasoning in vision models. Un-
like traditional segmentation approaches, this task does not
involve fine-tuning; instead, segmentation maps are gener-
ated by matching patch-level feature similarities between
validation (query) and training (key) images. As shown in Ta-
ble 1, MoSiC consistently outperforms SOTA on Pascal-
VOC [18] and ADE20K [69], particularly in low-data set-
tings. On Pascal VOC, MoS1iC-S14 outperforms DINOv2
by 6% and DINOvV2-R by nearly 10% with 1/128th of the
data and persists across all data regimes, with MoSiC-S14
surpassing DINOv2 by 1% even with full data. The larger
variant, MoS 1C-B 14, further improves performance, outper-
forming DINOv2-R by 10% in the lowest-data setting and
exceeding DINOv2 by 3% with full data.

Similarly, on ADE20K, MoSiC outperforms DINOv2 by
2% across both variants. These results demonstrate MoSiC
’s ability to learn robust and transferable representations,
especially in data-scarce scenarios where it significantly
outperforms prior methods.

4.4. Frozen Clustering

We assess the quality of learned representations by clustering
features and evaluating their ability to differentiate objects
within datasets. Ideally, the patch features corresponding
to the same object should be assigned to a single cluster.
If representations capture finer details (e.g., hands or faces
rather than entire persons), they should remain consistent
across images. To analyze this, we extract dense features and
apply K-Means clustering with varying K values. Cluster
maps are then aligned with ground truth using Hungarian
matching [33]. We evaluate performance when K matches
the number of ground-truth objects, as well as under Over-
Clustering, similar to subsection 4.2.

From Table 3a and Table 3b, MoSiC achieves the highest
mloU across all clustering granularities. For K = 300, it
outperforms DINOv2 by 3.7% on Pascal VOC and 1.6% on
COCO-Things, indicating its ability to learn structured, dis-
criminative representations. Under Over-Clustering (K =
500), MoSicC surpasses CrIBo by 5.7% on Pascal VOC
and 6.6% on COCO-Things, demonstrating its capacity to



Table 1. In-context scene understanding benchmark. We evaluate dense nearest neighbor retrieval performance across various training
data proportions on ADE20K [69] and Pascal VOC [18]. Retrieved cluster maps are compared with the ground truth via Hungarian

matching [33]. We report mloU; higher is better.

ADE20K PAscAL VOC
METHOD BACKBONE  PARAMS 1/128  1/64 1/8 1/1 1/128 1/64 1/8 1/1
TRAINED ON IMAGES
DINO [10] ViT-S/16 21M 9.5 11.0 150 179 26.4 30.5 413 487
CrOC [54] ViT-S/16 21M 8.7 108 152 173 34.0 41.8 538 605
SelfPatch [66] ViT-S/16 21M 10.0 109 147 177 28.4 326 432 508
Leopart [71] ViT-S/16 21M 12.9 148 196 239 44.6 49.7 584 645
CrlBo [36] ViT-S/16 21M 14.6 173 227 26.6 53.9 599 669 724
DINOV2 [42] ViT-S/14 21M 22.8 264 335 388 56.0 624 723 77.0
FINETUNED ON VIDEOS
TimeT [50] ViT-S/16 21M 12.1 14.1 189 232 38.1 438 552 623
MoSiC ViT-S/14 21M 23.8 274 357 40.7 62.5 66.6 747 78.2
TRAINED ON IMAGES
MAE [23] ViT-B/16 85M 10.0 11.3 154 18.6 3.5 4.1 5.6 7.0
DINO [10] ViT-B/16 85M 11.5 135 182 215 33.1 377 498 573
Leopart [71] ViT-B/16 85M 14.6 16.8 21.8 26.7 50.1 547  63.1 69.5
Hummingbird [5]  ViT-B/16 85M 11.7 151 223 296 50.5 572 643 718
CrlBo [36] ViT-B/16 85M 15.9 184 244 284 55.9 61.8 692 742
DINOV2 [42] ViT-B/14 85M 24.2 27.6 347 399 55.7 61.8 724 77.1
FINETUNED ON VIDEOS
MoSicC ViT-B/14 85M 254 293 373 426 65.5 698 769 80.5

Table 2. Unsupervised video semantic segmentation results for clustering and over-clustering on DAVIS [48] and Youtube-VOS
(YTVOS) [65]. For clustering, the Hungarian algorithm [33] matches clusters (K) to ground truth (GT) per frame (F), clip (C), or dataset
(D). For over-clustering: K=10 (F, C), K=200 (D, DAVIS), K=500 (D, YTVOS). All the models are ViT-S16, except for DINOv2 variants
and MoSiC, which are ViT-S14. We report mloU and, unlike [50], do not use CBFE for any method to ensure consistency; higher is better.

CLUSTERING OVER-CLUSTERING
YTVOS DAVIS YTVOS DAVIS
F C D F C D F C D F C D
TRAINED ON IMAGES
DINO [10] 39.1 379 19 30.2 310 1.6 66.2 654 4.0 569 549 179
Leopart [71] 39.2 379 117 30.3 302 16.5 64.5 628 155 549 544 26.7
DINOV2 [42] 563 555 12.8 574 574 13.6 62.8 625 173 579 585 255
DINOvV2R [16] 56.8 554 14.7 573 578 143 64.0 635 21.5 58.1 595 272
FINETUNED ON VIDEOS
STEGO [22] 415 403 20 319 310 32 58.1 543 5.1 476 463 104
DINO [10] 372 361 1.2 293 292 24 53.1 509 1.3 454 440 8.6
Leopart [71] 415 405 7.7 375 365 126 60.8 59.8 6.8 53.7 53.1 16.8
TimeT [50] 50.2 514 128 495 492 12.8 60.6 594 18.1 559 576 220
MoSiC 60.6 59.6 18.4 589 608 234 66.8 65.6 244 584 59.8 29.0

encode fine-grained object structures. These results show
MoSicC ’s effectiveness in distinguishing objects and their
components, making it suitable for dense prediction tasks.

4.5. Linear Segmentation

We further evaluate Mo SiC for supervised semantic segmen-
tation, keeping the pretrained backbone frozen while training
a linear layer on top. Output features are upsampled via bi-
linear interpolation to match input dimensions, allowing for
pixel-wise cross-entropy loss. Unlike fine-tuning, this setup
provides a more reliable measure of the backbone’s learned
representations. As shown in Table 4, MoSiC consistently

outperforms SOTA segmentation models, including CrIBo,
and surpasses DINOv2-R by up to 4% on Pascal VOC and
3.3% on ADE20K. Additionally, MoSiC outperforms DI-
NOV2 across all datasets, underscoring its ability to capture
semantically meaningful features that enable strong segmen-
tation performance with just a linear probe.

4.6. Generalization to Diverse Vision Encoders

We explore the generalization of MoSiC to a diverse set of vi-
sion foundation models. We observe in Table 5, that MoSiC
enhances both in-context scene understanding and linear
classification for vision models, as well as vision-language
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Table 3. Frozen clustering-based evaluations. (a) We evaluate the models using K -means with various clustering granularities K on the
features of Pascal VOC [18] and COCO-Things [8]. Cluster maps are matched to the ground-truth via Hungarian matching [33], We report
mloU; higher is better. (b) We post-process these maps for unsupervised semantic segmentation on Pascal VOC. All the models are ViT-S16,

except for DINOv2 variants and MoSiC, which are ViT-S14.

(a) Clustering

(b) Semantic segmentation

PAscAL VOC COCO-THINGS METHOD MmIoU
METHOD K=100 K=300 K=500 K=100 K=300 K=500 TRAINED ON IMAGES
TRAINED ON IMAGES MaskConstrast [59] 35.1
DINO [10] 10.1 13.9 17.3 14.4 18.8 19.2 DINOV2R [16] 35.1
CrOC [54] 10.2 16.4 20.0 224 14.7 18.1 DINOv2 [42] 37.5
iBOT [70] 16.5 23.8 31.1 15.5 26.6 28.0 DeepSpectral [40] 37.2
EVA-CLIP [56] 31.7 37.4 41.4 30.5 38.0 39.8 DINOSAUR [52] 37.2
DINOV2R [16] 34.8 46.7 495 32.0 38.9 41.2 Leopart [71] 41.7
Leopart [71] 39.2 46.5 51.2 383 47.8 532 COMUS [67] 50.0
CrlBo [36] 40.3 51.3 54.5 40.2 46.0 48.3 FINETUNED ON VIDEOS
DINOV2 [42] 432 55.1 58.6 438 51.6 53.1 TimeT [50] .
FINETUNED ON VIDEOS MoSiC 51.2
TimeT [50]7 34.6 43.6 46.2 34.9 427 44.6
MoSiC 50.0 58.8 60.2 45.8 532 54.9

Table 4. Linear segmentation performance. A linear segmen-
tation head is trained on top of frozen spatial features. We report
mloU scores on 4 validation datasets.

METHOD ARCH. COCO-THINGS  COCO-STUFF ~ PASCAL VOC  ADE20K
TRAINED ON IMAGES
DINO [10] ViT-S/16 439 459 50.2 17.5
iBOT [70] ViT-S/16 58.9 515 66.1 21.8
CrOC [54] ViT-S/16 64.3 512 67.4 23.1
CrlBo [36] ViT-S/16 64.3 49.1 71.6 22.7
DINOv2 [42] ViT-S/14 81.4 58.3 78.9 379
FINETUNED ON VIDEOS
TimeT [50] ViT-S/16 58.2 48.7 66.3 20.7
MoSiC ViT-S/14 82.3 61.0 79.7 39.6
TRAINED ON IMAGES
DINO [10] ViT-B/16 55.8 51.2 62.7 23.6
MAE [23] ViT-B/16 38.0 38.6 329 5.8
iBOT [70] ViT-B/16 69.4 559 73.1 30.1
CrlBo [36] ViT-B/16 69.6 53.0 739 25.7
EVA-CLIP [56]  ViT-B/16 75.9 48.0 70.4 34.6
DINOv2 [42] ViT-B/14 84.0 58.9 80.3 42.6
FINETUNED ON VIDEOS
MoSiC ViT-B/14 85.8 61.4 81.5 43.6

models such as EVA-CLIP [56], achieving improvements of
2% and 3% on average, respectively, using only video-based
training. This demonstrates that videos can serve as a com-
plementary source of information to further enrich image
and language datasets.

Table 5. Performance on In-context visual scene understand-
ing (IC) and linear classification (L.C) benchmarks with and
without MoSiC. MoSiC improves various baselines across seg-
mentation datasets.

1C(1/1) LC
METHOD
ADE20K PASCAL VOC ADE20K PASCAL VOC

DINO-S16 17.9 48.7 17.5 50.2
+MoSiC 24.9 64.5 22.3 67.3
EVA-CLIP-B14 [56] 329 69.0 34.6 70.4
+MoSiC 35.0 70.0 40.1 73.4
DINOV2R-B14 39.5 78.8 43.0 80.2
+MoSiC 43.7 79.3 4.4 81.1
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4.7. End-to-end Full Fine-tuning

In Table 6 and Table 10, we evaluate the performance of
MoSiC when used as the backbone for object detection and
semantic segmentation in the full finetuning setting. For
object detection ViT-Det [38] and for semantic segmentation
Segmenter [55] frameworks are used. As shown, our method
consistently outperforms DINOvV2 across all datasets and
evaluation protocols, setting a new state-of-the-art—despite
being fine-tuned solely on video data that differs in distri-
bution from the evaluation datasets. Since full finetuning
updates all model parameters, the superior performance of
MoSicC indicates that learning a more structured, object-
aware feature space is achievable even without any image
dataset, by finetuning on videos alone.

Table 6. MoSiC vs. DINOv2 on object detection. We use
ViTDet [38] on COCO [8] and report Average Precision (AP) on
bounding-box object detection (AP*™) and instance segmentation
( Apmask).

Method Backbone  Params AP  Apm®k
DINOvV2 ViT-S/14 21M 42.5 36.7
MoSiC ViT-S/14 21M 42.5 36.8
DINOv2 ViT-B/14 85M 46.1 41.9
MoSicC ViT-B/14 85M 46.4 42.0
DINOv2 ViT-L/14 307M 51.6 45.9
MoSiC ViT-L/14 307M 51.8 46.0
4.8. Ablations

We conduct ablations on key parameters of MoSiC using
the DINO [10] backbone trained on YouTube-VOS for 50
epochs with an image resolution of 224. We evaluate visual
in-context learning on Pascal VOC12 and ADE20K, using a



Table 7. Ablating the key parameters of MoSiC by training a linear layer on top of the frozen representations (Lin.) or using the in-context
(IC) evaluation [5] on the validation images of Pascal VOC (PVOC) and ADE20K.

(a) Mask Ratio (b) EMA Teacher (c) Grid Size (d) Crop Scale

RATIO PVOC ADE20K TEACHER PVOC ADE20K GRID PVOC ADE20K INTERVAL PVOC ADE20K

No Mask  51.1 18.2 X 50.5 18.2 8x8 49.2 17.5 No crop 49.1 18.0

10% 51.5 18.6 v 51.5 18.6 16 x 16 51.5 18.6 [0.2,1] 50.8 18.5

20% 51.3 18.8 32x32 505 18.2 [0.4,1] 51.5 18.6

40% 49.9 18.5 [0.6,1] 50.5 18.4

(e) Number of Prototypes (f) Optimized points (g) Clip length in second (h) Number of frames.

PROTOTYPES PVOC ADE20K BarcH PVOC ADE20K T PVOC ADE20K #FRAMES PVOC ADE20K
50 46.5 15.3 All 50.5 18.0 0.5 476 16.2 2 39.3 13.1
100 51.5 18.6 Visible  51.5 18.6 1 50.5 18.2 4 48.0 16.4
200 51.0 18.7 1.6 51.0 18.2 8 50.4 18.2
300 50.1 18.1 32 515 18.6 12 51.5 18.6

reduced memory size of 1/100 of the original setting in our
primary experiments.

Masking ratio. We analyze the effect of different masking
ratios in Table 7a. Moderate masking enhances semantic
learning by preventing reliance on a limited set of patches.
However, excessively high masking (e.g., 40%) degrades
performance by reducing available input information. We se-
lect a 10% masking ratio due to its superior training stability
over 20%, despite both achieving similar performance.

Crop scale. Table 7d evaluates the impact of different crop-
ping scales in augmentations. Moderate cropping yields the
highest improvements, particularly due to the non-object-
centric nature of YouTube-VOS, where aggressive crop-
ping can make it difficult to extract meaningful regions
consistently across frames. This differs from static-image
datasets [71].

EMA teacher. We assess the impact of an Exponential
Moving Average (EMA) teacher in Table 7b. Incorporating
a teacher network improves performance by 1% on Pas-
cal VOC and 0.4% on ADE20K, aligning with findings
from [10], where EMA stabilization led to improved training
consistency in self-supervised frameworks.

Number of prototypes. Table 7e shows that increasing
the number of prototypes significantly enhances performance
up to a threshold. The best results are achieved with 100
prototypes, beyond which improvements plateau. MoSiC
remains robust across a wide range (100-300 prototypes),
indicating insensitivity to fine-tuning this parameter.

Grid size. Table 7c shows the effect of different grid sizes
for tracking initialized points. Denser grids improve perfor-
mance, peaking at 16 x 16, after which performance slightly
drops at 32 x 32. This decline is likely due to an incompati-
bility between patch-based feature extraction and point-wise
tracking, where excessive density leads to misleading corre-
spondences during training.
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Clip length. We evaluate the effect of clip length in Ta-
ble 7g, considering sequences of 12 frames. Longer clips
improve performance by exposing the model to richer mo-
tion cues and diverse object transformations. We select a
3.2-second clip length as the optimal setting for all

Number of clip frames. Table 7h explores the impact
of clip frame count while keeping the time step per frame
fixed at 3.2/12 seconds. Increasing the frame count consis-
tently improves performance, as it provides richer spatial
and temporal signals during training. We use 12 frames as
the optimal setting.

Optimized points. To improve tracking accuracy, we ap-
ply loss only to points that remain visible throughout the
sequence. As shown in Table 7f, this approach reduces false
similarity enforcement, improving performance by up to 1

5. Conclusion

In this paper, we introduced MoSiC, a motion-based self-
supervised learning approach that leverages dense point
tracking to enforce temporal consistency in feature learn-
ing. By propagating cluster assignments along motion tra-
jectories, our method effectively mitigates occlusions and
long-range tracking drift, enhancing representation quality
for dense prediction tasks. Extensive evaluations across un-
supervised video-object segmentation, in-context learning,
frozen clustering, and linear segmentation demonstrate that
MoSiC achieves state-of-the-art performance across both
image and video benchmarks. Our results highlight the im-
portance of motion cues in self-supervised representation
learning and suggest that point tracking can serve as a pow-
erful supervisory signal—enabling robust feature learning
without requiring dense annotations.
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