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Abstract

Distinguishing visually similar objects by their motion remains a critical challenge
in computer vision. Although supervised trackers show promise, contemporary
self-supervised trackers struggle when visual cues become ambiguous, limiting
their scalability and generalization without extensive labeled data. We find that pre-
trained video diffusion models inherently learn motion representations suitable for
tracking without task-specific training. This ability arises because their denoising
process isolates motion in early, high-noise stages, distinct from later appearance
refinement. Capitalizing on this discovery, our self-supervised tracker significantly
improves performance in distinguishing visually similar objects, an underexplored
failure point for existing methods. Our method achieves up to a 6-point improve-
ment over recent self-supervised approaches on established benchmarks and our
newly introduced tests focused on tracking visually similar items. Visualizations
confirm that these diffusion-derived motion representations enable robust tracking
of even identical objects across challenging viewpoint changes and deformations.

1 Introduction

Imagine tracking one of two similar-looking deer walking in the forest (Figure 1(a)). Humans
effortlessly resolve such visual ambiguities by relying on the distinct motion signatures of objects.
This ability to perceive coherent objects through their unique temporal dynamics, even when static
appearances are confounding, is fundamental. However, imbuing visual representations with this
innate understanding of temporal dynamics, especially for tracking similar-looking objects, remains a
significant challenge in computer vision [31, 23, 10, 51].

Many self-supervised methods [7, 23, 45], while good at learning intra-frame appearance features, fail
when confronted with visually similar targets (see DIFT [45] in Figure 1(c)). Their Achilles’ heel is
the neglect of inter-frame temporal relationships. Even approaches that incorporate temporal signals
through training objectives like cycle-consistency [32, 52, 24] often process frames independently at
inference using 2D image encoders. This inherently limits their ability to model the continuous motion
crucial for disambiguating similar objects in dynamic scenes (see CRW [24] and Spa-then-Temp [31]
in Figure 1(c)).

In this paper, we show that representations for similar-looking object tracking do not need to be
learned from scratch with intricate tracking-specific objectives. Instead, they can be repurposed
within the internal workings of pre-trained video diffusion models [58, 2]. Unlike methods that view
video as a sequence of isolated images [20, 23, 36], video diffusion models, by their very nature of
generating coherent and realistic video, must implicitly capture the complex interplay of inter-frame
dynamics. We find that the denoising process, particularly as it reconstructs motion from highly
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Figure 1:Video label propagation on similar-looking objects. State-of-the-art self-supervised
trackers, such as DIFT [45], CRW [24] and Spa-then-Temp [31], often struggle when multiple objects
look similar in a video. This failure is due to their exclusive reliance on appearance features. By
dissecting and repurposing pretrained video diffusion models, we construct a feature that captures
intra-frame motions in videos, allowing us to correctly track similar-looking objects, such as the deer
highlighted by the green box in (c). In this �gure, the green and red masks represent segmentation
maps of different objects, while the blue, green, and red boxes highlight the ground truth regions,
correctly predicted regions, and incorrectly predicted regions, respectively.

noisy states, already encodes a rich, motion-aware representation through its feature activations—a
representation ripe for tracking without any explicit tracking supervision.

We introduce theTemporalEnhancedDiffusion tracking framework (TED), a simple yet remark-
ably effective approach that harnesses these latent diffusion features. TED synergizes the motion
intelligence distilled by video diffusion models with conventional appearance features, enabling
it to conquer the limitations of prior art [6, 23, 45] and robustly track visually indistinct objects
(Figure 1(c)).

Experimental results show that our TED method outperforms 17 popular self-supervised models,
achieving state-of-the-art performance in pixel-level object tracking. On the widely-used DAVIS-2017
benchmark [35], our TED signi�cantly outperforms recent self-supervised methods [23, 45, 36, 31] by
up to 6%. When evaluated on videos that include multiple similar-looking objects, our TED method
achieves even larger improvement by up to 10%. Visualizations con�rm that our representations
encode differently for similar looking objects with different motion. Our approach also achieves
signi�cant improvement in other challenging scenarios, such as appearance-identical objects, real-
world viewpoint changes, and object deformations.

2 Related Work

Learning video representations for temporal correspondence is crucial for visual tracking [46, 55, 31].
Due to limited annotations, recent studies have proposed various pretext tasks to learn representations
in a self-supervised manner. We discuss related work below.

Self-supervised representation learning from images.Prior studies learn appearance features in
video representations by training models on independent images [20, 6, 23, 45]. Some methods adopt
instance discrimination as a pretext task, such as MoCo [20] and SimCLR [6]. SFC [23] improves
further by integrating image-level and pixel-level cues for representation learning. DIFT [45]
leverages knowledge from image diffusion models [40]. However, these methods only learn intra-
frame appearance features, which fail in tracking visually similar objects (Figure 1(c)).

Self-supervised representation learning from videos.Some methods introduce temporal signals to
model training, using two pretext tasks: cycle-consistency over time and frame reconstruction. Cycle-
consistency task tracks a patch backward and forward in time to align its start and end points [32, 52,
24], while frame reconstruction aims to reconstruct pixels from adjacent frames [47, 28, 27]. Recent
studies integrate temporal and spatial cues for training, such as Spa-then-Temp [31] and SMTC [36].
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Figure 2:Our approach successfully tracks objects with identical appearances.We conduct a
controlled study, that we perform object label propagation on videos featuring two identical-looking
and independently moving balls, with frames and their ground truth labels shown in (a) and (b). State-
of-the-art methods [24, 31, 45] fail to distinguish these two balls, leading to incorrect predictions (c).
In contrast, our approach accurately track both balls despite their identical appearance (d).

However, during inference, these models process frames independently using 2D image encoders,
neglecting temporal context. Therefore, they fail to track similar-looking objects as in Figure 1(c).

Video object segmentation.Supervised methods for video object segmentation [9, 57, 8] achieve
impressive results but rely on large-scale annotated datasets for model training. For example,
SAM2 [38] is trained on 50.9K videos with 35.5M masks. In contrast, our work addressesself-
supervisedtracking: no segmentation labels are used. Furthermore, models like SAM2 [38] use
discriminative training objectives, whereas our work explores the inherent tracking capability of
generative models. We �nd that video diffusion models can effectively track visually similar objects
without any tracking-speci�c supervision, pointing to a promising direction for future trackers.

Video diffusion models.Diffusion models [21] have achieved great success in image generation [37,
43, 34, 42], such as Stable Diffusion [40] and ADM [14]. Video diffusion models further include
temporal blocks for frame consistency [3, 48], with pioneering work Sora [4], I2VGen-XL [58], and
Stable Video Diffusion [2]. Diffusion models have also been used in tasks like image classi�cation [29,
12], semantic segmentation [1, 60, 53] and pose estimation [22, 16]. In contrast to these studies, we
are the �rst to show that video diffusion models excel at tracking similar-looking objects without any
tracking-speci�c training. Our �nding that video diffusion models learn motions at high-noise stages
also advances the understanding of video diffusion models.

Track by diffusion models. There has been recent interest in applying diffusion models to track-
ing [25, 59, 50]. Track4Gen [25] tackles point tracking by training video diffusion models on labeled
point trajectories, whereas our work explores pretrained video diffusion models for object segmen-
tation without any tracking-speci�c training. Diff-Tracker [59] is built on image diffusion models
with additional motion encoders to learn temporal cues. By contrast, our work directly explores the
built-in motion of pretrained video diffusion models without extra modules. VidSeg [50] performs
instance-agnostic video semantic segmentation that cannot distinguish different objects in the same
category. It also requires maintaining and updating an additional KNN classi�er to learn temporal
changes during tracking. By contrast, our approach can distinguish even similar-looking objects
without extra components.

3 Challenges for Tracking Visually Similar Objects

Task de�nition. We focus on video label propagation task, which aims to transfer ground truth labels
of the �rst frame (e.g., segmentation map) to subsequent frames [47]. The key is training models to
obtain frame representationR , which learns pixel-level correspondence among frames [23, 36, 31].
Due to limited annotations, prior studies train models in a self-supervised manner [24, 31], with
pretext tasks like instance discrimination [20, 7, 23]. During inference, for each pixel in the current
frame, the label is predicted by aggregating labels of its most similar pixels from previous frames,
where the pixel similarity is computed using representationR (see Section 4.4 for details).

Challenges for tracking similar-looking objects. Label propagation for visually similar objects
demands capturing robust motion signals, as appearance cues can become ambiguous and misleading.
While prior studies excel at tracking objects using appearance features [23, 36, 31], they often fail
when tracking multiple, similar-looking objects. We �nd this is due to their excessive dependence on
appearance—a shortcut effective for distinct objects but a point of failure when objects are visually
alike.
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Figure 3:Framework. Our work tracks objects via video label propagation, which transfers ground
truth label of the �rst frame to subsequent frames. As video diffusion models typically have a
maximum input length, we �rst divide the long video into overlapping video windows (see (a)). For
each window, we use video diffusion models to to extract frame representations that capture rich
inter-frame motion features(see (b)). Speci�cally, our method uses the 3D UNet backbone that can
processes the entire video sequence along the temporal axis. Finally, to predict the label for a query
pixel i in the target frame (R t ), we follow prior studies to aggregate the labels of its most similar
pixels in previous frames (see (c); details in Section 4.4). We term our methodTemporalEnhanced
Diffusion tracking framework (TED). Experiments demonstrate that our TED improves tracking
performance across diverse video scenarios, including those with similar-looking objects.

To illustrate this, we begin our investigation with a controlled toy experiment featuring two identical-
looking, independently moving balls (Figure 2(a)). Given the ground truth segmentation map of each
ball in the �rst frame (Figure 2(b), left), the task is to predict pixel-level labels of subsequent frames.
Since the balls are identical, motion is the only signals that the trackers can rely on to make the right
prediction. Figure 2(c) shows that state-of-the-art methods [45, 24, 31] struggle with object identity,
leading to poor tracking. Moreover, we experiment on real-world videos with similar-looking objects.
As shown in Figure 1(c), state-of-the-art trackers [45, 24, 31] fail to distinguish similar-looking deer
when they swap positions. These �ndings highlight the dif�culty of tracking multiple similar-looking
objects in video label propagation.

4 Temporal-Enhanced Diffusion for Tracking

In Section 3, we show that state-of-the-art methods fail to track visually similar objects, highlighting
the dif�culty of self-supervised tracking when visual cues are ambiguous. To address this challenge,
we propose a new Temporal-Enhanced Diffusion tracking framework (TED). We show that video
representations for similar-objects tracking do not necessarily to be learned from scratch with tracking-
speci�c objectives. Our TED leverages the motion intelligence from a pre-trained video diffusion
model, enabling robust tracking of similar-looking objects.

In this section, we �rst introduce the tracking setup and video diffusion models. We then show
how we obtain motion-aware representations without any tracking-speci�c objectives, and how to
complement them with appearance features for further improvement. Finally, we show how these
representations yield tracking results by label propagation.

4.1 Preliminaries: Tracking Setup and Video Diffusion Models

We focus on video label propagation task [47] as de�ned in Section 3. Following prior work [27], we
aim to learn a frame representation,R t , for each frameI t of a video, such that the similarity between
representations re�ects the true correspondence of pixels across frames.

Our approach builds upon video diffusion models, which are often obtained by adding a temporal
dimension to image diffusion models, using 3D architectures to capture temporal context. Video
diffusion models are trained to generate realistic video sequences by learning to reverse a diffusion
process [21, 39, 4]. This process involves adding Gaussian noise to a clean videoX 0 at different
noise levels, indicated by step� . The model,� � , is trained to predict the added noise at each step� ,
minimizing the following loss:

L = EX ;� �N (0 ;1) ;�

h
k� � � � (X � ; � )k2

2

i
(1)
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Figure 4: Representation visualization.We show
a video with two similar looking deer swapping
positions in the �rst column, and PCA results of
model representations in column 2-4 (similar pixel
colors indicate similar features). While state-of-
the-art Spa-then-Temp [31] and DIFT [45] ob-
tain similar features for both deer, ourR m dis-
tinguishes each deer by their different motions.

where
X � =

p
� � X 0 +

p
1 � � � "; " � N (0; 1) (2)

Here,� � is a noise schedule parameter, with larger� indicating higher noise levels.N (0; 1) denotes
the Gaussian distribution. This training process forces the model to learn not only the visual content
of individual frames, but also the coherent motion that connects them. Given a noisy videoX � , the
model obtains a cleanerX � � 1 by removing the predicted noises inX � , termed denoising process. In
this work, we study video diffusion models using the widely-used 3D UNet as� � , which is built by
inserting temporal layers, such as temporal attention and 3D convolution, into a 2D UNet [41]. Our
work is also model-agnostic, which adapts to any pretrained video diffusion model that may not use a
3D UNet.

4.2 Space-time Learning for Motion-aware Representations

We begin by investigating the internal feature activations of video diffusion models. We �nd that
high noise levels during the denoising process encode a rich representation of motion, while low
noise levels primarily capture appearance information (see Figure 6 and Section 5.3). This discovery
motivates us to a novel approach for object tracking. We leverage the internal feature activations (" � )
at these high noise levels to extract robust motion cues.

Formally, given a video sequenceX = f I 1; I 2; : : : ; I N g, we �rst add noise to obtainX � (following
Equation 2). Then, we perform a single forward pass through the UNet of video diffusion models
(UNetv ) to obtain features fromnv layer, with entire videoX � as input (Figure 3(b)):

R 1; R 2; : : : ; R N = UNetv (X � ; nv ) (3)

where� represents the noise level. Crucially, unlike prior methods that computeR t by independently
processing each frame (R t = F (I t )) using 2D image encoders, our video diffusion model's features
R 1; R 2; : : : ; R N incorporate temporal information through temporal attention and 3D convolutions.
Consequently, eachR t represents not only the appearance of frameI t , but also inter-frame motion
dynamics captured within the representation from high-noise inputs, enabling effective tracking.

Handling long videos: sliding window approach.Video diffusion models typically have a maximum
input length,L . To handle videos longer than that, inspired by temporal segment networks [49], we
adopt a sliding window method, as shown in Figure 3(a). The videoX = f I 1; I 2; : : : ; I N g is divided
into multiple overlapping short video clipsf X k g with window sizeL .

X 1 = f I 1; I 2; : : : ; I L g;
X 2 = f I 1+ L � overlap; I 2+ L � overlap; : : : ; I L + L � overlapg;

...

(4)

where0 � overlap< L . By integrating the temporal knowledge from the 3D UNet, for each frame
representationR t in the clip, it encodes the temporal motions from all frames in the current video
clip X k . Overlapping frames further improve motion consistency among video clips.

Visualization of motion-aware representations.After obtaining representations from video diffu-
sion models (R m ), we study ifR m can differentiate similar-looking objects.We visualize both our
representationsR m and representations from state-of-the-art methods [31, 45] in Figure 4, where
two similar-looking deer swapping positions over time. We perform principal component analysis
(PCA) [33] on two frames (denoteds andt) for each model (e.g.,~R s

m ; ~R t
m = PCA(R s

m k R t
m ) for

ourR m ). In Figure 4, similar pixel colors indicate similar representations. Figure 4 shows that prior
methods [31, 45] capture similar features for different deer, indicated by similar colors. In contrast,
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Figure 5:Predictions for pixel-level object tracking. We evaluate TED on the video label prop-
agation task, comparing its predicted segmentation maps with those from state-of-the-art meth-
ods [31, 45]. Our TED consistently outperforms both methods [31, 45] on DAVIS (Figure a-d)
and YouTube-Similar (Figure e-f) datasets, aligning with Table 1. Notably, our TED delivers more
accurate predictions in scenarios with complex deformations (a) and viewpoint changes (b), while
Spa-then-Temp [31] and DIFT [45] struggle with tracking completeness, e.g., the missing arm in (a).
Our TED also achieves superior tracking in multi-object scenarios, such as interacting objects (c-d)
and similar-looking objects (e-f). In contrast, Spa-then-Temp [31] and DIFT [45] have mislabeling
issues, such as incorrect labels for the gun in (d) and misaligned labels for sheep in the background
(f). These results show that our TED signi�cantly improves tracking performance, highlighting the
superiority of our motion-aware representations in tracking. (Best viewed when zoomed in.)

ourR m learns clearly distinct features for each deer, shown as different color. These results highlight
the superiority of our method in capturing object motions, enabling tracking similar-looking objects.
Note that PCA is used only for visualization, and the originalR m is used for tracking.

4.3 Motion Meets Appearance for Robust Tracking

While the motion-aware representations extracted from the video diffusion model (R m ) are pow-
erful, they are not the only source of useful information for tracking. Appearance cues remain
important, particularly for distinguishing objects that are not identical. Inspired by the Two-Stream
ConvNets [44], we combine the orthogonal motion (R m ) features from video diffusion models and
appearance (R a) features from a pre-trained image diffusion model [45]:

R f = concat
�

� �
R m

kR m k2
; (1 � � ) �

R a

kR ak2

�
(5)

wherek � k denotes L2 normalization, and� is a weighting factor (between 0 and 1) that controls the
relative importance of motion and appearance. Different fromR m , which learns inter-frame features
as de�ned in Equation 3,R a is obtained by feeding each frame independently into the 2D UNeti
of an image diffusion model. Speci�cally, for each frameI t , we compute its appearance feature as
R t

a = UNeti (I �
t ; ni ), whereI �

t is computed by adding noise toI t , andni is the block index within
the image diffusion model for feature representation. We refer to this combined approach using frame
representationR f for tracking as Temporal-Enhanced Diffusion tracking method (TED).
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4.4 Tracking via Label Propagation

To perform tracking (i.e., label propagation), we follow the standard protocol used in previous
work [52, 24, 23]. Given the ground truth labels in the �rst frameI 1, we use a recurrent method to
propagate the labels to subsequent frames fromI 2 to I N , based on frame representations (R f ).

Figure 3(c) shows how we predict the label for a query pixeli in the target frame (R t ). De�ne the
�rst frame and the previousm frames as reference frames, we �rst compute the pairwise similarities
between pixeli and pixels in the reference frames. In Figure 3(c), we show the case with one
reference frame, with representation termedR r . Following prior studies [24, 23, 31], we restrict
the similarity computation to a spatially local neighborhoodS(i ) aroundi . This yields a similarity
matrix A tr , where each elementA tr (i; j ) is the dot product of the representations of pixeli in R t

and pixelj in R r (with j 2 S(i )). To identify the most similar pixels toi , we retain only the top-K
values fromA tr to form A0

tr , setting all other values to zero. Finally, the label for pixeli is predicted
by aggregating the labels from its most similar pixels in the reference frames using a weighted sum:

yt (i ) =
X

r

X

j 2S ( i )

A0
tr (i; j ) � yr (j ) (6)

The pixel-level labelsyt is computed in the representation space and then interpolated to match the
size of video frames following [24, 23, 31]. We show the pseudocode of our TED in Appendix A.

4.5 Implementation Details

Motion-aware representationsR m . Any pretrained video diffusion models can serve as our motion
feature backbone. We default to the widely-used I2VGen-XL [58] and also explore Stable Video
Diffusion [2]. Since I2VGen-XL supports up to 16 frames, longer videos are split into multiple
16-frame clips. We pass each clip through model's 3D UNet and extract features from the third block
asR m . The diffusion step� for computing model inputX � is chosen empirically.

Appearance-aware representationsR a . Our TED framework supports any frame representations
that learn appearance features. Different fromR m that takes the entire video sequence as model
input (Section 4.2), we obtainR a for each frame by inputting the image independently to the image
encoder (i.e.,R t = F (I t )). We default to image-diffusion model ADM [14] as image encoder,
extracting features from its eighth block asR a . We also test Stable Diffusion [39].

Tracking via label propagation. Our TED method usesR f , a fusion ofR m andR a , to obtain
tracking results. We follow the setups of prior studies [24, 23, 45] for label propagation, with
pseudocode and details in Appendix A and Appendix B.1.

5 Experiments

5.1 Experimental Setups

Baselines.Our TED advances self-supervised tracking without any labeled training data. We evaluate
on video label propagation task, and compare against 17 state-of-the-art self-supervised methods.

Self-supervised representation learning from images. We evaluate 7 models that
learn appearance features by training on independent images. We consider instance-discrimination
methods, e.g., MoCo [20]. We also test SFC [23], a strong baseline that integrates image-level and
pixel-level cues, and DIFT [45], which leverages knowledge from image diffusion models [40].

Self-supervised representation learning from videos. We benchmark 10 models that
incorporate temporal cues to training through diverse pretext tasks. We evaluate on strong baselines
trained for frame reconstruction (e.g., UVC [32]), cycle consistency (e.g., CRW [24]), and video
contrastive learning (e.g., VFS [55]). We also include recent Spa-then-Temp [31] and SMTC [36].

Datasets.Our method uses pretrained diffusion models for tracking, without additional training. We
benchmark on following test sets, with video examples in Appendix B.2. We follow prior studies
[24, 36, 31] to report region similarity (J m ) and contour accuracy (Fm ) for evaluation.

Standard benchmark. We follow previous work [32, 27, 52, 24, 36, 31] and evaluate on the
widely-used DAVIS-2017 validation set [35], which contains 30 videos (2023 frames, 59 objects).
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Table 1: Results for pixel-level similar-looking object tracking task. Our TED advancesself-
supervisedtracking without any labeled data. We evaluate it on the video label propagation task
against 17 state-of-the-art self-supervised methods. 'Temporal Train' indicates whether the method
uses temporal signals during training. Colored numbers indicate thebestresults. Our TED achieves
signi�cant improvements across all datasets. On the widely-used DAVIS benchmark [35], our TED
outperforms recent methods by up to 6%. On Youtube-Similar, featuring real-world similar-looking
objects, our TED achieves an even larger gain of 10%. On Kubric-Similar, with two identical-
looking, independently moving balls, TED reaches a highJ m of 87.2%, while most methods stay
near 50%, equivalent to random guessing due to the objects' identical sizes. These results highlight
the effectiveness of our TED in tracking similar-looking objects.

Temporal Method DAVIS Youtube-Similar Kubric-Similar
Train J &F m(" ) J m(" ) Fm(" ) J &F m(" ) J m(" ) Fm(" ) J &F m(" ) J m(" ) Fm(" )

5

InstDis [54] 66.4 63.9 68.9 - - - - - -
MoCo [20] 65.9 63.4 68.4 48.0 48.5 47.4 56.6 51.6 61.6
SimCLR [6] 66.9 64.4 69.4 37.5 36.9 38.1 55.6 50.3 60.9
BYOL [19] 66.5 64.0 69.0 47.1 47.7 46.5 54.8 49.2 60.5
SimSiam [7] 67.2 64.8 68.8 47.4 47.9 47.0 58.4 52.6 64.1
SFC [23] 71.2 68.3 74.0 55.5 55.3 55.7 47.7 43.1 52.3
DIFT [45] 75.7 72.7 78.6 60.7 59.8 61.7 55.1 52.7 57.6

3

Colorization [47] 34.0 34.6 32.7 - - - - - -
TimeCycle [52] 48.7 46.4 50.0 39.8 41.3 38.2 50.6 44.0 57.2
CorrFlow [28] 50.3 48.4 52.2 39.6 40.0 39.3 32.6 27.0 38.3
UVC [32] 60.9 59.3 62.7 49.7 49.8 49.7 56.9 51.3 62.6
VINCE [17] 65.2 62.5 67.8 44.9 45.4 44.3 54.1 48.5 59.7
MAST [27] 65.5 63.3 67.6 - - - - - -
CRW [24] 67.6 64.8 70.2 52.0 52.3 51.6 54.9 49.7 60.1
VFS [55] 68.9 66.5 71.3 57.3 57.1 57.5 44.2 38.5 49.9
SMTC [36] 73.0 69.4 76.6 57.5 57.2 57.9 68.6 64.7 72.5
Spa-then-Temp [31] 74.1 71.1 77.1 59.6 59.2 60.1 48.9 44.0 53.8

3 TED (Ours) 77.6 74.4 80.8 66.0 65.1 67.0 90.2 87.2 93.1

Real-world similar-looking benchmark. We introduce Youtube-Similar, including 28 videos
featuring similar-looking objects from Youtube-VOS [56], totally 839 frames and 69 objects.

Controlled identical-object benchmark. In real-world videos, visually similar objects can
still differ due to factors like gestures. To eliminate these variations, we introduce Kubric-Similar,
including 30 videos (480 frames, 60 objects) in which two identical-looking balls move independently.
The dataset is generated by Kubric simulator [18], with random ball colors, sizes, and motions.

5.2 Experimental Results

Quantitative results. We compare our TED method with 17 self-supervised methods in Table 1. Our
TED achieves thestate-of-the-art tracking performance onall datasets. On the standard DAVIS
dataset, our TED signi�cantly outperforms recent methods by up to 6%, such as SFC [5] by 6.4%,
SMTC [36] by 4.6%, Spa-then-Temp [31] by 3.5% and DIFT [45] by 1.9%. By introducing motion-
aware features from video diffusion models, our TED achieves an even greater improvement when
tracking similar-looking objects on Youtube-Similar, such as Spa-then-Temp [31] by 6.4% and
DIFT [45] by 5.3%. On Kubric-Similar that includes identical objects, many methods achieve aJm
around 50%, no better than random guessing due to identical sizes of two balls. By contrast, our
TED achieves a highJ m of 87.2%. These improvements highlight the effectiveness of our method in
object tracking, even for challenging settings with multiple similar-looking objects.

Visualizations. Figure 5 compares our tracking results with state-of-the-art methods on the DAVIS
dataset (a-d) and YouTube-Similar (e-f). Our TED approach signi�cantly outperforms prior methods,
aligning with Table 1. Our TED effectively handles complex deformations (Figure 5(a)) and viewpoint
changes (Figure 5(b)), while Spa-then-Temp [31] and DIFT [45] struggle with elements like the
human arm (Figure 5(a)). Our TED also excels in multi-object scenarios, such as interacting objects
(Figure 5(c-d)) and similar-looking objects (Figure 5(e-f)). By contrast, Spa-then-Temp [31] and
DIFT [45] often confuse different objects, leading to incorrect tracking results. For example, in
Figure 5(d), Spa-then-Temp mislabels a gun as a human and DIFT shows signi�cant contour errors.
In Figure 5(f), both Spa-then-Temp and DIFT mistakenly assign the target label to a background
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Figure 6:Tracking results under different denoising steps.We evaluate tracking performance
using model inputsX � at various denoising steps� , where larger� indicates more noise (see (b)).
The performance of appearance featuresR a degrade signi�cantly as� increases, while our motion
featureR m maintains high tracking accuracy even with a large� . Notably,R m peaks at� =600 on
Youtube-Similar and� =900 on Kubric-Similar, where appearance cues are almost available. These
results reveal that video diffusion models can learn object motions from highly noisy inputs, enabling
effective, motion-aware tracking.

sheep. These results demonstrate that our TED signi�cantly outperforms prior methods across various
scenarios, highlighting the superiority of motion-aware features in our work.

5.3 Analysis and Ablation Studies

The impact of diffusion features from different noisy levels on motion-based tracking.We
evaluate tracking performance using model inputsX � at various denoising steps� (see Equation 2
and Equation 3), as shown in Figure 6. We will show that video diffusion models capture object
motions even at early denoising steps when the inputX � is highly noisy.

Figure 6(a) shows that the tracking performance of appearance featureR a drops signi�cantly with
larger� (e.g.,� � 600). This is becauseX � is heavily corrupted at high noise levels, as shown
in Figure 6(b), thus appearance features are almost unavailable. In contrast, our motion feature
R m achieves high tracking results at high noise levels. Interestingly,R m even achieves its best
performance (marked by a star in the �gure) at� =600 on Youtube-Similar and� =900 on Kubric-
Similar, whenR a almost fails. While motion features are crucial for identifying similar-looking
objects, appearance features provide �ne-grained details for accurate segmentation. This explains why
our fused representationR f outperforms motion-only featuresR m in real-world data, highlighting
the bene�t of jointly leveraging motion and appearance cues for tracking.

Figure 7: Fusion weight (� ). Our method
integrates the advantages of motion and ap-
pearance features. For dataset where visual
clues are ambiguous, such as Kubric, more
video diffusion features are important in im-
proving the accuracy.

An interesting question is: how do video diffusion
models learn object motions with highly noisy in-
put X � ? With loss de�ned in Equation 1, diffusion
models are trained to reconstruct clean input from its
noisy counterparts. To achieve this goal, they solve
different tasks at different noise levels [11]. When
X � is highly corrupted at high noise levels, video
diffusion models are trained to solve the hard task
that learns coarse-grained signals in the video, such
as motion (e.g., changes of object positions among
frames). Therefore, its representationR m encodes
rich motion information that enables effective track-
ing of similar-looking objects. When inputX � is less
noisy, diffusion model is trained to denoise appear-
ance details, where motion features are also learned
but may not be so prioritized, leading to performance
decrease at low noise levels. Our analysis and results provide new insights into both tracking and
video diffusion models.
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The effect of coef�cients for combining motion and appearance.Figure 7 shows tracking accuracy
with varying fusion weight� (see Equation 5), where� =1 givesR f = R m while � =0 givesR f
= R a . On Kubric-Similar with visually identical balls, motion features solely are suf�cient for
successful tracking. Our results align with this expectation by achieving the best result with� =1.0.
On real-world DAVIS and Youtube-Similar, ourR f performs best with a moderate� value around
0.5. These results show that ourR f effectively integrates the advantages of motion and appearance
features in complex scenarios, outperforming the case of using eitherR m or R a alone.

Table 2: Block indexes. Motion represen-
tationR m achieves the best tracking results
when extracted from the third block of pre-
trained I2VGen-XL [58].

Block J &F m(" ) J m(" ) Fm(" )

1 24.8 28.2 21.4
2 47.6 52.7 42.5
3 66.3 63.4 69.1
4 31.5 27.2 35.8

The effect of layers for feature representation.We
extract representations from internal layers of video
and image diffusion models for tracking, with block
indices denoted asnv andni as in Section 4. Our
framework is agnostic to speci�c layers. Motion
and appearance features can be taken from different
layers, and the optimal layers for the two backbones
do not need to be the same. Following [45], we use
the decoder representations from UNet. We report
the tracking results usingR m alone from different
decoder blocks in Table 2. Table 2 shows that the
medium block (block 3) yields the best performance among all blocks on the DAVIS dataset.

Figure 8:Overlapping frames among video
clips (l). A small l (e.g.,l=2) is suf�cient for
boosting tracking accuracy, highlighting the
importance of using multiple input frames in
capturing motion clue for our method.

The impact of overlapping frames on tracking.
Motion features are crucial for successful tracking
of similar-looking objects. Figure 8 shows the track-
ing accuracy on Youtube-Similar versus overlapping
frames (l) among video clips. Compared to the
non-overlapping case (l=0), introducing overlapping
frames (l>0) achieves higher tracking accuracy due
to improved motion consistency among video clips.
At the same time, a smalll (e.g.,l=2) is suf�cient for
good performance since tracking accuracy improves
marginally with higher values ofl . These results
highlight the importance of accurate inter-frame mo-
tions in frame representations when tracking similar-
looking objects.

Table 3:Pretrained diffusion models.. Our
TED achieves the best tracking results using
representations from I2VGen-XL [58] and
ADM [14].

R m R a J &F m(" ) J m(" ) Fm(" )

SVD [2] SD [39] 71.5 68.9 74.1
SVD [2] ADM [14] 76.6 73.6 79.7
I2VGen [58] SD [39] 71.7 69.0 74.5
I2VGen [58] ADM [14] 77.6 74.4 80.8

The effect of diffusion models. We evaluate our
TED using representations from different diffusion
models on DAVIS dataset, as shown in Table 3. Our
TED achieves the best tracking results using motion
features from I2VGen-XL [58] and appearance fea-
tures from ADM [14], which are used by default in
this work.

Computation cost analysis. Our method has
20% more computation time than generative model
method DIFT [45] on DAVIS videos and 89% than the popular self-supervised discriminative model
method SFC [23]. For memory, our method uses 64% more than DIFT and 705% more than SFC.
See more details in Appendix B.3).

6 Conclusion

We demonstrate that video diffusion models excel at tracking similar-looking objects without any task-
speci�c training. We show that pre-trained video diffusion models possess an inherent, previously
unrecognized ability to encode motion information at high noise levels. Rather than designing
complex architectures or training objectives for tracking, we simply extract this readily available
motion representation, achieving state-of-the-art tracking performance. Our approach achieves
signi�cant improvement over prior methods in diverse scenarios, such as challenging viewpoint
changes and deformations. Our work opens new avenues for leveraging the latent capabilities of
diffusion models beyond generation.
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A Pseudocode of Our Temporal Enhanced Diffusion Tracking Method (TED)

We provide the pseudocode of our Temporal Enhanced Diffusion tracking method (TED) in Algo-
rithm 1. For clarity, we denote the process of obtaining noisy inputX � for video diffusion model in
Equation 2 of Section 4.1 as the function AddNoiseVD. We also term the similar process for image
diffusion models that adds noise to image inputs as AddNoiseID.

B Experimental Setups and Results

B.1 Tracking Setups for Label Propagation

We follow the experimental setups of prior studies [23, 45, 31] for video label propagation, as
summarized in Table 4.

Table 4: Experimental setups of TED for video label propagation.

Dataset Video diffusion Image diffusion Fusion Softmax Propagation k for
Model Timestep Block Model Timestep Block weight temp radius top-k

DAVIS I2VGen-XL 300 3 ADM 51 8 0.4 0.2 15 10
Youtube-Similar I2VGen-XL 600 3 ADM 51 8 0.6 0.1 15 10
Kubric-Similar I2VGen-XL 900 3 ADM 51 8 1.0 0.1 15 10

B.2 Datasets

Our method applies pretrained diffusion models for tracking, without additional training. We
introduce the test sets in Section 5.1 and show video examples from each dataset in Figure 9.

Figure 9: Video examples from test sets.Follow-
ing prior studies [24, 36, 31, 45], we evaluate on
the standard DAVIS-2017 benchmark [35] (�rst
column). To evaluate tracking on visually simi-
lar objects, we introduce Youtube-Similar (second
column), a real-world test set with similar-looking
objects, and Kubric-Similar (third column), a con-
trolled set with identical objects.

To ensure the quality of Youtube-Similar, three graduate students were hired to manually select videos
from Youtube-VOS [56] according to the following rubrics. Only the videos that all annotators �nd
quali�ed are included in the �nal YouTube-Similar dataset. The �rst rubric is object similarity. To
create a dataset with similar-looking objects, we �rst select videos that contain at least two objects
belonging to the same category from YouTube-VOS. The second rubric is video �ltering. We exclude
static videos from the pool obtained in the �rst stage. In such videos, spatial appearance features can
serve as a shortcut for tracking, which may in�uence our evaluation of the motion features learned in
model representations.

B.3 Computational Cost Analysis

We compare computation cost with prior methods in Table 5, tested on a single A100 GPU using
DAVIS videos. Our full model achieves the highest accuracy (77.6%) using a time of 682 ms per
frame, compared to DIFT (75.7%, 566 ms) and SFC (71.2%, 360 ms).

For each video, a technique to boost accuracy in our full method is averaging representations computed
from multiple noisy inputs. We also provide an ef�cient variant by removing this averaging step,
which runs at 521 ms and achieves 77.2% accuracy, still signi�cantly outperforming prior methods.
Our ef�cient version achieves a tradeoff between tracking accuracy and ef�ciency.

Our work is the �rst to show that video diffusion models can track similar-looking objects without
tracking-speci�c training. Our �nding that motion features are learned at high-noise stages also
provides new insight into video diffusion models. Additionally, our method is compatible with
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