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Figure 1: Diffusion-based processes. (a) Probabilistic diffusion process [1], where ¢(+) is noise
sampling and py(-) is denoising. (b) Diffusion process in the 2D coordinate space [2, 3, 4]. (c) A
purely visual diffusion-based data prediction approach reconstructs the subsequent video frame. (d)
Our proposed data interpolation approach DINTR interpolates between two consecutive video frames,
indexed by timestamp ¢, allowing a seamless temporal transition for visual content understanding,
temporal modeling, and instance extracting for the object tracking task across various indications (e).

Abstract

Object tracking is a fundamental task in computer vision, requiring the localization
of objects of interest across video frames. Diffusion models have shown remarkable
capabilities in visual generation, making them well-suited for addressing several
requirements of the tracking problem. This work proposes a novel diffusion-based
methodology to formulate the tracking task. Firstly, their conditional process
allows for injecting indications of the target object into the generation process.
Secondly, diffusion mechanics can be developed to inherently model temporal
correspondences, enabling the reconstruction of actual frames in video. However,
existing diffusion models rely on extensive and unnecessary mapping to a Gaussian
noise domain, which can be replaced by a more efficient and stable interpolation
process. Our proposed interpolation mechanism draws inspiration from classic
image-processing techniques, offering a more interpretable, stable, and faster ap-
proach tailored specifically for the object tracking task. By leveraging the strengths
of diffusion models while circumventing their limitations, our Diffusion-based
INterpolation TrackeR (DINTR) presents a promising new paradigm and achieves
a superior multiplicity on seven benchmarks across five indicator representations.
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1 Introduction

Object tracking is a long-standing computer vision task with widespread applications in video analysis
and instance-based understanding. Over the past decades, numerous tracking paradigms have been
explored, includindracking-by-regressioft], -detection 6], -segmentatioifi/] and two more recent
tracking-by-attentio}3, 9], -uni cation [10] paradigms. Recently, generative modeling has achieved
great success, offering several promising new perspectives in instance recognition. These include
denoising sampling bounding boxes to nal prediction [2, 3, 4], or sampling future trajectories [11].
Although these studies explore the generative process in instance-based understanding tasks, they
perform solely on coordinate re nement rather than performing on the visual domain, as in Fig. 1b.

In this work, we propose a novel tracking framework solely basedsuraliterative latent variables

of diffusion models 12, 13], thereby introducing the novel and triieacking-by-Diffusiorparadigm.

This paradigm demonstrates versatile applications across various indications, comprising points,
bounding boxes, segments, and textual prompts, facilitated by the conditional mechanis3)Eqn.

Moreover, our proposediffusion-based terpolation racke ( ) inherently models the
temporal correspondences via the diffusion mechani&sthe denoising process. Speci cally, by
formulating the process to operate temporal modddiniine andauto-regressivelyi.e. next-frame
reconstruction, as in Eqi¢)), enables the capability for instance-based video understanding
tasks, speci cally the object tracking. However, existing diffusion mechanics rely on an extensive and
unnecessary mapping to a Gaussian noise domain, which we argue can be replaced by a more ef cient
interpolation process (Subsection 4.3). Our proposed interpolation operator draws inspiration from
the image processing eld, offering a more direct, seamless, and stable approach. By leveraging the
diffusion mechanics while circumventing their limitations, our achieves superior multiplicity

on seven benchmarks across ve types of indication, as elaborated in Section 5. Note that our
Interpolation process does not aim to generate high- delity unseen franigsd, 16, 17]. Instead,

its objective is to seamlessly transfer internal states between frames for visual semantic understanding.

Contributions. Overall, (i) this paper reformulates thigacking-by-Diffusiorparadigm to operate on
visual domain(ii) which demonstrates broader tracking applications than existing paradigmé/e
reformulate the diffusion mechanics to achieve two goals, inclu@htemporal modeling an¢b)
iterative interpolation as2 faster procesgiv) Our proposed achieves superior multiplicity
and State-of-the-Art (SOTA) performancess®ven tracking benchmark$ ve representations(v)
Following sections including\ppendicesA elaborate on its formulations, properties, and evaluations.

2 Related Work

2.1 Object Tracking Paradigms

Tracking-by-Regressionmethods re ne future object positions directly based on visual features.
Previous approaches T, 45 rely on the regression branch of object features in nearby regions.
CenterTrack §] represents objects via center points and temporal offsets. It lacks explicit object
identity, requiring the appearance [31], motion model [46], and graph matching [47] components.

Tracking-by-Detection methods form object trajectories by linking detections over consecutive
frames, treating the task as an optimization probl@maph-based methods formulate the tracking
problem as a bipartite matching or maximum ov&]. These methods utilize a variety of techniques,
such as link prediction/[], trainable graph neural networks7, 34], edge lifting [50], weighted
graph labeling $1], multi-cuts [52, 53], general-purpose solvers4], motion information 5],
learned modelsHd], association graphs}], and distance-based, 59, 60]. Additionally, Ap-
pearancebased methods leverage robust image recognition frameworks to track objects. These
techniques depend on similarity measures derived from 3D appearance andposirity esti-
mation [57], detection candidate selection’], learned re-identi cation feature$§, 64], or twin
neural networksf5]. On the other handylotion modeling is leveraged for camera motidit],
observation-centric mannes ], trajectory forecasting[1], the social force models, 69, 70, 71],
based on constant velocity assumptions [/ 3], or location estimation4, 68, 75] directly from
trajectory sequences. Additionally, data-driven motiod jheed to project 3D into 2D motions|].

Tracking-by-Segmentationleverages detailed pixel information and addresses the challenges of
unclear backgrounds and crowded scenes. Methods include cost volfji@sijt cloud representa-



Table 1: Comparison of paradigms, mechanisms of SOTA tracking methodisation Types
de nes the representation to indicate targets with their corresponding datdgetsvid [18],

PoseTrack[19, 20], MOT [21, 22, 23, VOS [24], VIS [25], MOTS [26], KITTI [27], LaSOT [24],
GroOT [29]. in color gradient support both types sihgle-andmulti- target benchmarks.
Method Paradigm Mechanism Indication Types
Point Pose Box Segment Text

TAPIR [30] Iter. Re nement TAP-Vid 7 7 7 7
Tracktor++ [31] . Regression Head 7 7 MOT 7 7
CenterTrack [5] Regression Offset Prediction 7 7 MOT 7 7

GTI[32] Rgn-Tpl Integ. 7 7 LasSOT 7 LasSOT
DeepSORT [33] Cascadé\ssoc. 7 7 MOT 7 7
GSDT [34] ) Relation Graph 7 7 MOT 7 7
JDE [35] Detection "y 1ti. Task 7 7 MOT 7 7
ByteTrack [36] Two-stagéssoc. 7 7 MOT 7 7
TrackR-CNN [37] 3D Convolution 7 7 7 MOTS 7
MOTSNet [26] . Mask-Pooling 7 7 7 MOTS 7
CAMOT [3] = Segmentation, . hecis Select 7 7 7 KITTI 7
PointTrack [39] Seg.as Points 7 7 7 MOTS/KITTI 7
MixFormerV2 [40] Mixed Attention 7 7 LasSOT 7 7

TransVLT [41] Attention X-Modal Fusion 7 7 LaSOT 7 LaSOT
MeMOTR [42] MemoryAug. 7 7 MOT 7 7

MENDER [29] TensoDecomp. 7 7 MOT 7 GroOT
SiamMask [43] Variant Head 7 7 LaSOT VOS 7
TraDeS [7] Uni cation Cost Volume 7 7 MOT VIS /MOTS 7
] Uni ed Embed. 7 7 LaSOT/MOT VOS/MOTS 7
[44] Primitive Level 7 PoseTrack LaSOTMOT VOS/MOTS 7
DiffusionTrack [3] DenoisedCoord. 7 7 MOT 7 7
DiffMOT [4] Diffusion  Motion Predictor 7 7 MOT 7 7

(Ours) Visual Interpolat. TAP-Vid PoseTrack LaSOT/MOT VOS/MOTS LaSOT/GroOT

Iter.: Iterative. Rgn-Tpl Integ. Region-Template IntegrationAssoc. Association. X: Cross. Decomp.
DecompositionEmbed. Embedding.Coord: 2D Coordinate Motion: 2D Motion. Interpolat: Interpolation.

tions [39], mask pooling layersi6], and mask-based{] with 3D convolutions 7]. However, its
reliance on segmented multiple object tracking data often necessitates bounding box initialization.

Tracking-by-Attention applies the attention mechanisiit] to link detections with tracks at the

feature level, represented as tokens. TrackForjedproaches tracking as a uni ed prediction task

using attention, during initiation. MOTR] and MOTRV2 [/9] advance this concept by integrating
motion and appearance models, aiding in managing object entrances/exits and temporal relations.
Furthermore, object token representations can be enhanced via memory techniques, such as memory
augmentation42] and memory buffer§0, 81]. Recently, MENDER P9 presents another stride, a
transformer architecture with tensor decomposition to facilitate object tracking through descriptions.

Tracking-by-Uni cation aims to develop uni ed frameworks that can handle multiple tasks simul-
taneously. Pioneering works in this area include TraDg%&ihd SiamMask43], which combine

object tracking (SOT/MOT) and video segmentation (VOS/VIS). UniTréck ¢mploys separate
task-speci ¢ heads, enabling both object propagation and association across frames. Furthermore,
UNICORN [10] investigates learning robust representations by consolidating from diverse datasets.

2.2 Diffusion Model in Semantic Understanding

Generative models have recently been found to be capable of performing understanding tasks.

Visual Representation and Correspondenceedlin et al. [87] establishes semantic visual corre-
spondences by optimizing text embeddings to focus on speci c regions. Diffusion Autoencoders [

form a diffusion-based autoencoder encapsulating high-level semantic information. Similarly, Zhang
et al. [84] combine features from Stable Diffusion (SD) and DINO%Z][models, effectively merging

the high-quality spatial information and capitalizing on both strengths. Diffusion Hyperfeafiies [

uses feature aggregation and transforms intermediate feature maps from the diffusion process into a
single, coherent descriptor map. Concurrently, DIET] imulates the forward diffusion process,
adding noise to input images and extracting features within the U-Net. Asgt@iploys the
asymmetric reverse process to explore and manipulate a semantic latent space, upholding the original



performance, integrity, and consistency. Furthermore, DRRLiptroduces an in nite-dimensional
latent code that offers discretionary control over the granularity of detail.

Generative Perspectives in Object TrackingA straightforward application of generative models
in object tracking is to augment and enrich training data p1, 97]. For trajectory re nement,
QuoVadis [L1] uses the social generative adversarial network (GAN) {o sample future trajectories
to account for the uncertainty in future positions. DiffusionTragkgnd DiffMOT [4] utilize the
diffusion process in the bounding box decoder. Speci cally, they pad @iiocoordinatebounding

boxes with noise, then transform them into tracking results via a denoising decoder.

2.3 Discussion

This subsection discusses the key aspects of our proposed paradigm and method, including the mech-
anism comparison of our against alternative diffusion approachésd, 4], and the properties
that enabldracking-by-Diffusioron visual domain to stand out from the existing paradigms.

Conditioning Mechanism. As illustrated in Fig. 1b, tracking methods performing diffusion on the

2D coordinate space| 4] utilize generative models to model 2D object motion or re ne coordinate
predictions. However, they fail to leverage the conditioning mechanisirof Latent Diffusion

Models, which are principally capable of modeling uni ed conditional distributions. As a result,
these diffusion-based approaches have a speci ed indicator representation limited to the bounding
box, that cannot be expanded to other advanced indications, such as point, pose, segment, and text.

In contrast, we formulate the object tracking task as two visual processes, including one for diffusion-
based Reconstruction, as illustrated in Fig. 1c, and an@thdaster approach that is Interpolation,

as shown in Fig. 1d. These two approaches demonstrate their superior versatility due to the controlled
injectionp (zj ) implemented by the attention mechanisim][(Eqn. (3)) during iterative diffusion.

Uni cation. Current methods undéracking-by-uni cationface challenges due to the separation

of task-speci ¢ heads. This issue arises because single-object and multi-object tracking tasks are
trained on distinct branches,[44] or stages 35], with results produced through a manually designed
decoder for each task. The architectural discrepancies limit the full utilization of network capacity.

In contrast, Tracking-by-Diffusionoperating on the visual domain addresses the limitations of

uni cation. Our method seamlessly handles diverse tracking objectives, incl(@jimpint and pose
regression (b) bounding box and segmentatiprediction, and(c) referringinitialization, while
remaining(d) data-andprocess-uni edthrough an iterative process. This is possible because our
approach operates on the base core domain, allowing it to understand contexts and extract predictions.

Application Coverage presented in Table 1 validates the uni cation advantages of our approach.
As highlighted, our proposed model supports uni ed tracking acroseven benchmarlcf

eight settinggomprising ve distinct categories of indicatiant can handle botkingle-targetand
multiple-target benchmarks, setting a new standard in terms of multiplicity, exibility, and novelty.

3 Problem Formulation

Given two images; andl+; from a video sequencé, and an indicator representatiop (e.g,
point, structured points set for pose, bounding box, segment, or text) for an objecbim goal is to
nd the respective regioh+; in |+ . The relationship betwedn, andL.; can encode semantic

correspondences{, 86, 94] (i.e., different objects with similar semantic meanings), geometric
correspondencedp, 96, 97] (i.e., the same object viewed from different viewpoints) or temporal
correspondence [98, 99, 100}, the location of a deforming object over a video sequence).

We de ne the object-tracking task as temporal correspondence, aiming to establish matches between
regions representing the same real-world object as it moves, potentially deforming or occluding
across the video sequence over time. Let us denote a feature eBfgdiiat takes as input the
framel and returns the feature representatibnAlong with the regiori_; for the initial indication,
theonline andauto-regressiv@bjectivefor the tracking task can be written as follows:

Lis =argmin dist E(1[L; E(lea)[L] 1)

wheredist( ; ) is a semantic distance that can be cosiig pr distributional softmax01]. A
special case is to give; as textual input and retuln;.; as a bounding box for theferring object



tracking[29, 107 task. In addition, the pose is treated as multiple-point tracking. The olutputis
then mapped to a point, box, or segment. We explore how diffusion models can learn these temporal
dynamics end-to-end to output consistent object representations frame-to-frame in the next section.

4 Methodology

This section rst presents the notations and background. Then, we present the deterministic frame
reconstruction task for video modeling. Finally, our proposed framework is introduced.

4.1 Notations and Background

Latent Diffusion Models (LDMs) [1, 13, ] are introduced to denoise the latent space of an
autoencoder. First, the encodg{r) compresses a RGB imageinto an initial latent space}) =
E(l¢), which can be reconstructed to a new im&yg}). Let us denote two operato@ andP-
are corresponding to the sampling noise procgssjzy ;) and the denoising proceps(zj, ;jz}),
whereP- is parameterized by an rEJ—N'ét [104] as anoise prediction modelia the objective:

|

MiNE. v ©nwu @) P Q(zb:k)k; ; : where = T (L:): 2

Localization. All types of localizationL, e.g, point, posei(e. set of structured points), bounding
box, segment, and especially text, are uni ed as guided indicafo(s). is the respective extractor,
such as the Gaussian kernel for point, pooling layer for bounding box and segment, or word embedding

The Conditional Processp (zE,*lj ), containing cross-attentiofttn ("; ) to inject the indication

to an autoencoder with U-Net blocks( ; ), is derived after noise sampli = Q(zb; k):
Q(zphk)
3 {
" — ¢ — |
P Q(zhk)k; =softmax G k%ot 1 ﬁ)a Wo (W)
| {7z }

Attn ; ™)

whereWgk.y are projection matricesl is the feature size, and, is a scheduling parameter.

( W) (3

4.2 Deterministic Next-Frame Reconstruction by Data Prediction Model

Thenoise prediction modetle ned in Eqn.(2), can not generate speci ¢ desired pixel content while
denoising the latent feature to the new image. To effectively model and generate exactly the desired
video content, we formulate a next-frame reconstruction task, sucb(at (z4;T; ))  li+1.In
this formulation, the denoised image obtained from the diffusion process should approximate the next
frame in the video sequence. The objectir\(e foméa prediction mode(Fig. 1c) derives that goal as:
|
min E,u oy 7.t P Q(zh;k):k; 2 : (4

1:;7)

In layman's terms, the objective of th
data prediction modeformulates the
task of establishing temporal correspotiaput: Network" , video sequenc¥, indicationL (=
dence between frames by effectivelyl: Sample(t;t +1) U (O;jVj 2)

capturing the pixel-level changes and2: T (Ly)

reconstructing the real next frame from3:  Drawl;+; 2 V and encodegt 1 - E(l e +1)
the current frame. With the pre-trained4: Samplek U (1;T)

?ecotde'Dg)bin place,me Eey optimiza- 5. Optimizemin kzi™ P . (Q(z};k);k; )k3
ion target becomes the denoising pros. . ; . £l e 2
cess itself. To achieve this,acombina—6' Optimizemin kit D (P (Q(zoik)iki Nk
tion of step-wise KL divergences is used to guide the likelihood of current frame latetaevard

the desired latent representations for the next frajfie, as described in Alg. 1 and derived as:

Z
1 . td s .
L= SEx oy o K2 P (Quk)ik )k = —Di a@ "z ke (zk 1izi) d

odk
(5)

eAlgorithm 1 Inplace Reconstruction Finetuning




Ean. (9 interz?el)?)ting Ag. w@ Algorithm 2 Temporal Interpolation in
Clean/ [ t Input: Network , latent feature, T (Lo)

- Initialize pt+1 t
1: Initialize by Zp

3 Bt P (B ;k; );if k=0 thenbreak
4 B BT Q (zhik)+ Q(zpt ik 1)
5: end for

g 6: return ™ jk 2fT;:::;0g

Noisy
latents

Figure 2: lllustration of the reconstruction and interpolation processes, where the purple dashed arrow

is g(z4 jzb) and the purple solid arrow s (z,™ jz} ), while the blue arrow illustratgs (2™ jzb).

where ¢ = % This loss function constructed from the extensive step-wise divergences creates

an accumulative path between the visual distributions. Instead, we propose to employ the classic
interpolation operator used in image processing to formulate a new diffusion-based process that
iteratively learns to blend video frames. This interpolation approach ultimately converges towards
the same deterministic mapping tOW&II(fjl but is simpler to derive and more stable. The proposed
process is illustrated in Fig. 2, and interpolation operators are elaborated in the next Subsection 4.3.

4.3 for Tracking via Diffusion-based Interpolation

Denoising Process as Temporal InterpolationWe relax the controlled Gaussian space projection
of every step. Speci cally, we impose a temporal bias by trainingi interpolation model . The
data interpolation process is denotedPas producing intermediate interpolated featung'é , SO
thatP  (z5;T; )= By z{™. The goal is to obtaip (z5 jz5) by optimizing the objective:

min E i kzp't P (z5;T; k5 : (6)

Thisdata interpolation model (Fig. 1d) allows us to derive a straightforwagithgle-stegoss as:

t+1
0
t+1

L = Dk Zgﬂ kp (zgﬂjz})) =log — oy
P (2o izp)

@)

The simplicity of the loss function comes from the knowledge that we are directly modeling the frame
transition in the latent space, thatlizﬁ‘,‘l z}jl wherek 2 f T;:::;1gis not required. Therefore,

we do not use the noise sampling oper&gr) as in the step-wise reconstruction objective de ned
in Eqn.(4). Instead, noise is added in the form of an offset, as described in L4 of Alg. 2. Note that
the same network structure '6f can be used for without changing layers. Additionally, with the

base cask{™ = z}), the transition imccumulativewithin theinductivedata interpolation itself:
k2fT 1;:::;1g;
r b5 +(z}{'71 Zia1 )i K; }!P b I+( z}(”lz zL;;k 1 8)

pt+l Interpolation operator
k

Table 2: Equivalent formulation of interpolative operators, wigheé", = Q z§' ™ ;[k;k 1] .

(a)linear blending (b) learning from z}fl (c) learning from z§, (d) learning offset
B = ok 1zZh+ Bt = gt + bty =z + bty = Bt
1
1«1zt (g ozt T |t oz (v ok D& Z)
stable unstablewhen ! 0 unstablewhen ! 1 stable
deterministic nondetermmissingz!  nondeterm.missingz'*! deterministic

nonaccumulative accumulativEgn. (C.19) accumulativeEqgn. (C.21) accumulativeEqn. (8)




Interpolation Operator is selected based on the theoretical properties between the equivalent
variants [L05, presented in Table 2 and derived in Section C. In this table, we deyne % then
the selected operator (2d), which adds noise in offset fi)l(rzt)+1 'k 1) Q (z};k), is derived as:

+ + + + k k 1 +
b= B (e 0@ A= et O D gy, ©
I B+ (2 zZ)= BT Q (zhik)+ Q(zh™t ko 1); asinL4of Alg.2  (10)

Intuitively, the proposed interpolation process to generate the next frame takes the current frame as
the starting point of the noisy sample. The internal states and intermediate features of the diffusion
model transition from the current frame, resulting in a more stable prediction for video modeling.

Correspondence Extraction via Inter-
nal States. From Eqn.(3), we demon- : :
strate thathe object of interest can belnput: InternalAttn 's while processindg?

injected via the indicationFrom the ob- 1: for k 2 [0; TP 0:8]do

jectivesin Eqn(4) and Eqn(6), we show  2: Agy += |1, Attn ik () AN g ()
thatthe next framd.; can berecon- 3: end for . requifesaccumulativenesin Table 2
structedor interpolatedfrom the current 4. A 1 I_Oo:s Asx

Algorithm 3 Correspondence Extraction

framel. Subsequently, internal accumu-. > N T 08 k=
lative and stable states, such as the attef}: * As Ax . )
y DLt map(A ) . as described in Eqgn. (12)

tion mapAttn ( ; ), which exhibit spatial
correlations, can be used to identify the
target locations and can be effortlessly extracted. To get into that, the self- and cross-attention maps
(As,Ax)overN layers andrl time steps are averaged and performed element-wise multiplication:

7: return Lis+q

1 XX ) 1 XX =)

As = Attn g (M1 ); Ax = Attn g (" )s
NoT s NoT ks (11)

A = As Ax: A 201" WV, where(H W) is the size of 41 :

Self-attention captures correlations among latent features, propagating the cross-attention to precise
locations. Finally, as in Fig. 1e, different mappings produce desired prediction types:
8

2 argmax(A ); if point
Liv1 =map(A )= >A > 0 if segment (12)
© (mini ; minj ; max; ; max; ); = (i;j)jAy >0 ifbox

In summary, the entire diffusion-based tracking process involves the following steps. First, the
indication of the object of interest at tinteis injected as a condition by (zbj ), derived via

Eqgn.(3). Next, the video modeling process operates through the deterministic next-frame interpolation
p (z5™jz}), as described in Subsection 4.3. Finally, the extraction of the object of interest in the next

frame is performed via a so-called “reversed conditional proqms%(’z};'lj ), outlined in Alg. 3.

5 Experimental Results

5.1 Benchmarks and Metrics

TAP-Vid [1¢] formalizes the problem of long-term physidabint Tracking. It contains 31,951
points tracked on 1,219 real videos. Three evaluation metricSeckision Accuracy (OAxX 3,4
averaging position accuracy, addccard @ quantifying occlusion and position accuracies.

PoseTrack214()] is similar to MOT17 PZ]. In addition to estimatinggounding Box for each person,
the bodyPoseneeds to be estimated. Both keypoint-based and standard MR [DF1 [107],
and HOTA [LO{]] evaluate the tracking performance for every keypoint visibility and subject identity.

DAVIS [24] and MOTS p6] are included to quantify thBegmentation Trackingperformance. For
the single-target dataset, evaluation metrics are Jaccard Jndeantour accuracl and an overall
J &F score P4]. For the multiple-target dataset, MOTSA and MOTSF][are equivalent to MOTA
and MOTP, where the association metric measures the mask loU instead of the bounding box loU.



Finally, LaSOT &) and GroOT P9 evaluate theReferring Tracking performance. Th@recision
andSuccessnetrics are measured on LaSOT, while GroOT follows the evaluation protocol of MOT.

5.2 Implementation Details

We ne-tune the Latent Diffusion Models [ inplace, follow [L09, 11(]. However, different from

of ine xed batch retraining, our ne-tuning is performed online and auto-regressively between
consecutive frames when a new frame is received. Our development builds on13Dfdr settings

with textual prompts and ADM [111] for localization settings, initialized by their publicly available
pre-trained weights. The model is then ne-tuned using our proposed strategy for 500 steps with a
learning rate oB 10 °. The model is trained on 4 NVIDIA Tesla A100 GPUs with a batch size of

1, comprising a pair of frames. We average the atterdigmandAx intheintervak 2 [0; T  0:8]

of the DDIM steps with the total timestép = 50. For the rst frame initialization, we employ
YOLOX [117] as the detector, HRNet [ 3 as the pose estimator, and Mask2Fornier] as the
segmentation model. We maintained a linear noise scheduler across all experiments, as it is the
default in all available implementations and directly dependent on the number of diffusion steps,
which is analyzed in the next subsection. Details for handling multiple objects are in Section D.

5.3 Ablation Study

Diffusion Steps. We systematically Table 3: The timestep bourid affects reconstruction quality.

varied the number of diffusion steps

(50, 100, 150, 200, 250) and analyzed T (steps) | 50 100 150 200 250
MSE # ‘ 20.5 154 10.3 5.20.04

their impact on performance and ef-
J&F" 75.4 75.8 76.0 76.376.5

ciency. Results show that we can
reconstruct an image close to the orig . -1 ction time (8| 6.2 12.7 17.5 23.6 28.7
Interpolation time (s} | 3.2 5.7 8.5 10.6 14.7

gin with a timestep bound = 250 in
the reconstruction process of

Alternative Approaches to the proposed modeling are discusses in this subsection. To
substantiate the discussions, we include all ablation studies in Table 4, comparing against our base
setting. These alternative settings are different interpolation operators as theoretically analyzed in
Table 2, and different temporal modeling, including the Reconstruction process as visualized in
Fig. 1c. Results demonstrate that our offset learning approach, which uses two anchor latents to
deterministically guide the start and destination points, yields the best performance. This approach
provides superior control over the interpolation process, resulting in more accurate and visually
coherent output. For point tracking on TAP-Vid, achieves the highest scores, with AJ values
ranging from 57.8 to 85.5 across different datasets. In pose tracking on PoseTrack, scores

82.5 mAP, signi cantly higher than other methods. For bounding box tracking on LaSOT,

achieves the highest 0.74 precision and 0.70 success rate with text versus 0.60 precision and 0.58
success rate without text. In segment tracking on VOS,  scores 75.7 fod &F, 72.7 forJ

and 78.6 foi , consistently outperforming other methods.

Table 4: Ablation studies of different temporal modeling alternatives (the second sub-block) and
interpolation operators (the third sub-block) on point tracking (A), pose tracking (B), bounding box
tracking with and without text (C), and segment tracking (D).

A TAP-vid | Kinetics Kubric DAVIS | RGB-Stacking B. PoseTrack | mAP | MOTA IDF1 HOTA
Al < R AJ < 5| A < 59| Al < Ay DINTR

| 825 | 649 715 555
DINTR  |57.8 725|855 905 (623 74.6|65.2 77.5
(1c)Recon|53.6 64.3 [80.5 86.4 (620 66.9 623 710 (1c) Recon. | 778 | 558 655 505
(2a) Linear|27.6 34.8 |54.6 60.1|48.1 51.6|556 66.3 (2a) Linear 59.7 39.2 43.6 34.7
(2b)z5" 341 433|649 639|516 54.8|507 603 (2b) zg 69.1 43.6 55.1 40.7
(2c)z},  |33.4 418|633 620|514 53.9|58.6 59.6 (20) 25 68.5 43.0 53.1 39.4
C.LaSOT | Precision SuccegsPrecision Success D.VOS | J&F J F
DINTR \ 0.74 0.70 H 0.60 0.58 DINTR \ 75.7 72.7 78.6
(1c) Recon| 0.66 0.64 | 0.2 0.50 (lc)Recon. | 739 71.8 76.1
(2a) Linear| 0.46 0.43 0.42 0.40 (2a) Linear 43.8 46.1 41.5
(2b)z* 0.52 0.49 0.46 0.45 (2b) z5* 51.1 51.3 50.9
(2¢) z} 0.51 048 || 044 044 (2¢) 24 50.5 51.0 49.9




Table 5: Point tracking performance against several methods on TAP-Vid [18].

TAP-Vid Kinetics [115] Kubric [116] DAVIS [24] RGB-Stacking [117]

Al < % OA| Al < %y OA| Al < %4 OA|A) < X, OA
COTR[118] 19.0 388 574401 607 7853354 513 80268 135 79.1
Kubric-VFS-Like [116]| 40.5 59.0 80.051.9 69.8 84.633.1 485 794579 726 919
RAFT [119] 345 525 79.741.2 582 86.430.0 463 79.6440 586 904
PIPs [120] 351 548 77.159.1 748 88.6420 594 821373 510 916
TAP-Net [18] 46.6 609 850654 77.7 930384 531 823599 728 904
TAPIR [30] 571 70.0 87.6843 918 958598 723 87.666.2 774 933

|57.8 725 894855 905 952623 74.6 889652 775 916

The reconstruction-based method (1c) generally ranks second in performance across tasks. The
decrease in performance for reconstruction is expected, as it does not transfer forward the nal
prediction to the next step. Instead, it reconstructs everything from raw noise at each step, as
visualized in Fig. D.5. Although visual content can be well reconstructed, the lack of seamlessly
transferred information between frames results in lower performance and reduced temporal coherence.

The performance difference between (2b) and (2c), which use a single anchor at either the starting
latent point £5) or destination latent poinkf™ ) respectively, is minimal. However, we observed
slightly higher effectiveness when controlling the destination point (2b) compared to the starting
point (2b), suggesting that end-point guidance has a marginally stronger impact on overall inter-
polation quality. Linear blending (2a) consistently shows the lowest performance. Derivations of
alternative operators blending (2a), learning fro§it (2b), learning fronz}, (2c), and learning

offset (2d) are theoretically proved to be equivalent as elaborated in Section C.

5.4 Comparisons to the State-of-the-Arts

Point Tracking. As presented in Table 5, our point model demonstrates competitive
performance compared to prior works due to its thorough capture of local pixels and high-quality
reconstruction of global context via the diffusion process. This results in the best performance on
DAVIS and Kinetics datasets (88.9 and 89.4 OA). TAPHR][extracts features around the estimations
rather than the global context. PIP<[] and Tap-Net 1] lose exibility by dividing the video into

xed segments. RAFT]19 cannot easily detect occlusions and makes accumulated errors due to
per-frame tracking. COTR [118] struggles with moving objects as it operates on rigid scenes.

Pose Tracking. Table 6 compares our against other pose-tracking methods. Classic tracking
methods, such as CorrTrackZl] and Tracktor++ 1], form appearance features with limited
descriptiveness on keypoint representation. We also include DiffPasg another diffusion-
based performer on the speci ¢ keypoint estimation task. The primary metric in this setting is the
average precision computed for each joint and then averaged over all joints to obtain the nal mAP.
DiffPose [L27] employs a similar diffusion-based generative process but operates on a different
heatmap domain, achieving a similar performance on the pixel domain of our interpolation process.

Bounding Box Tracking. Table 7 shows the performance of single object tracking using bounding
boxes or textual initialization. Similarly, Table 8 presents the performance of MOT using bounding
boxes (left), against DiffussionTrack][and DiffMOT [4] or textual initialization (right), against
MENDER [29] and MDETR+TrackFormer1[29, 8]. Unlike DiffussionTrack B] and DiffMOT [4],
which are limited to speci c initialization types, our approach allows exible indicative injection
from any type, improving uni cation capability, and achieving comparable performance. Moreover,

Table 6: Pose tracking performance againsiTable 7: Single object tracking without (left) and

several methods on PoseTrack21 [20]. with (right) textual prompt input.

PoseTrack21l | mAP | MOTA IDF1 HOTA LaSOT | Precision SuccegsPrecision Success
CorrTrack [ ] 72.3 63.0 66.5 51.1 SiamRPN++ [ ] 0.50 0.45 7 7
Tracktor++ [31] w/ poses| 71.4 63.3 69.3 52.2
CorTrack[[2(]w/RelD| 72.7 | 638 665 527 gggiw‘?k [] ] g'gg g'gé ; ;
Tracktor++ [31] w/ corr. 73.6 61.6 69.3 54.1 [10] 0.74 0.68 7 7
DCPose [123] 80.5 7 7 7
FAMI-Pose [124] 81.2 7 7 7 GTI [37] 7 7 047 047
DiffPose [122] 83.0 7 7 7 AdaSwitcher [ 7 7 0.55 0.51

| 825 | 649 715 555 | 074 070 | 060  0.58




Table 8: Multiple object tracking without (left) and with (right) textual prompt input.

MOT17 \MOTA IDF1 HOTA MT ML IDs GroOT \ MOTA IDF1 HOTA AssA DetA
MOTR [9] 73.4 686 57.8 42.9% 19.1% 2439 \|DETR+TFm 62.6 647 515 509 522
TransMOT [130] | 76.7 75.1 61.7 51.0% 16.498346 MENDER [29] ‘ 65.5 63.4 532 529 537

[10] 77.2 755 61.7 58.® 11.2 5379
DiffusionTrack [3]] 77.9 73.8 60.8 - - -
DiffMOT [4] 79.8 79.3 645 - - - (1c) Reconstruct

| 780 776 635 54.2% 14.6% 4878 (2b)z{™

689 685 575 569 582
63.0 58.6 484 480 491
58.7 582 46.9 452 489

capturing global contexts via diffusion mechanics helps our model outperform MENDER and
TrackFormer relying solely on spatial contexts formulated via transformer-based learnable queries.

Segment Tracking. Finally, Table 9 presents our segment tracking performance against
methods [44, 10]single-targetmethods [43, ], anchultiple-targetmethods [37, 7, 8, ]. Our
achieves the best SMOTSA of 67.4, an accurate object tracking and segmentation. Uni ed
methods perform the task separately, either using different bran¢fjesr[stages 10)]. It leads to a
discrepancy in networks. Our that is both data- and process-uni ed avoids this shortcoming.

6 Conclusion

In conclusion, we have introducedleacking-by-Diffusiorparadigm that reformulates the tracking
framework based solely on visual iterative diffusion models. Unlike the existing denoising process,
our offers a more seamless and faster approach to model temporal correspondences. This
work has paved the way for ef cient uni ed instance temporal modeling, especially object tracking.

Limitations. There is still a minor gap in performance to methods that incorponatéon models

e.g, DiffMOT [ 4] with 2D coordinate diffusion, as illustrated in Fig. 1b. However, our novel visual
generative approach allows us to handle multiple representations in a uni ed manner rather than waste
5 efforts on designing specialized models. As our approach introduces innovationeftme
representatiorperspective, comparisons with advancements stemmingtiganistic optimizations

such as ByteTrack3[], are not head-to-head as these are narrowly tailored increments for a speci c
type rather than paradigm shifts. However, exploring integrations between core representation and
advancements offers promising performance. Speci cally, nal predictions are extracted by the
so-called “reversed conditional proce$5”1(z})+1j ) rather than sophisticated operations§, 134.

Finally, time and resource consumption limit the practicality of Reconstruction. However, of ine
trackers continue to play a vital role in scenarios that demand comprehensive multimodality analysis.

Future Work & Broader Impacts. is a stepping stone towards more advanced and real-time
visual Tracking-by-Diffusiorin the future, especially to develop a new tracking approach that can
manipulate visual contents § via the diffusion process or a foundation object tracking model.
Speci ¢ future directions include formulating diffusion-based tracking approaches for open vocabu-
lary [136], geometric constraintsi[l], camera motion(6, 137, 95], temporal displacemenf], object

state [L.3€], motion modeling [ 39, 6, 4], or new object representatiofl] and managemeni [.(].

The proposed video modeling approach can be exploited for unauthorized surveillance and monitoring,

or manipulating instance-based video content that could be used to spread misinformation.
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Table 9: Segment tracking performance on DAVIS [24] and MOTS [26].

VOS |J&F J F MOTS |SMOTSA IDF1 MT ML IDSw
SiamMask [43] 56.4 54.3 58.5 Track R-CNN [37] 40.6 42.4 38.7% 21.6% 567
Siam R-CNN [ ]‘ 70.6 66.1 75.0 TraDeS[7] 50.8 58.7 49.4% 18.3% 492
TrackFormer [3] 54.9 63.6 - - 278

[ - 584 - PointTrackV2[132] 62.3 429 56.7% 12.5% 541

[10] 69.2 652 732 [10] 65.3 659 64.9% 10.1% 398

| 75.4 725 784 | 674 664 66% 850 484
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Appendices

A Glossary
Table A.10: Notations used throughout the paper.
Ie Current processing frame (image),2 R? W 3
lts1 Next frame (image) in the processing video
Indicator representation in the current processing franie.g point,
Lt bounding box, segment, texi)
Location in the current processing frame(e.g point, bounding box, or
Lt segment)
E(l) Visual encodeE extracting visual features
E(l¢)[L¢] Pooled visual features of the current frame at the indicated location
D(z0) Visual decoder decoding latent feature to image
Network parameters
A noise variable, N (0;1)
Indicator representation
" (zk) Denoising autoencoderise., U-Net blocks
(zx) Interpolation network, having the same structuré as
k k3 L2 norm
Zo) i 2K 2T Latent variables of the noise sampling process
o, i by by Latent variables of the reconstructive interpolation process
K The scheduling parameter
Q() Noise sampling process
P () Reconstruction/Denoising process, con gured'by
P () Interpolation process, con gured by
T() Indication feature extractor
E- L() Expectation of a loss function( ) with respect to
Dk (PkQ) Kullback-Leibler divergence of P and Q
a(zijzg ) Conditional probability ok}, givenz ,
p(z} 4izk) Conditional probability of denoising, , givenzj, con gured by"
p (B ,jbk) Conditional probability of interpolating}, , givenhj, con gured by
P (O)IP () Induction process
As Average self-attention maps among visual features in U-Net
Ax Average cross-attention maps among visual features in U-Net
A Element-wise product of self- and cross-attention
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Figure B.3: The conditional LDMs utilizes U-Net (4] blocks. First, a clean imade is converted to

a noisy latengy via the noise sampling proce€¥ ) (top branch). Then, well-structured regions are
reconstructed from that extremely noisy input via the denoising/reconstruction pycégs(bottom
branch). Additionally, conditions can be added as indicators of the regions of interest. While the
gure style is adapted from LDMs1[3], we made a distinct change re ecting thgectedsampling
process, following Prompt-to-Prompt [141].

B Overall Framework

Salient Representation.The ability of the diffuser to, rstconvert a clean image to a noisy latent
having no recognizable pattern from its origin, and thenpnstruct well-structured regions from
extremely noisy inputndicates that the diffuser produces powerful semantic contexts [142, ]-

Figure B.4: Our proposed autoregressive framework constructed via the diffusion mechanics for
temporal modeling. The current frame is input to the encétkyr) to produce an initial latert,.
The sampling proces3( ) adds noises into the latent in a sequence steps. Next, reconstruction

processP- () is manipulated through KL divergence optimizatir.t. z}jll. This shapes the

reconstructed imang to be more similar to the future frante,; . Finally, the location of the targets
can be extracted by spatial correspondences, exhibited by the attentioAmapsiA x .
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In other words, the diffuser can embed semantic alignments, producing coherent predictions between

two templates. To leverage this capability, we rst consider the generated %Hgme diffusion
process. ldentifying correspondences on the pixel domain can be achieved if:

dist E(1,);E(P,) =0 isoptimalfrom Eqn. (2), themist E(I)[L.];EP)[L:] =0: (B.13)

We extract the latent featureg of their intermediate U-Net blocks at a speci ¢ time steguring
both processes. This is then utilized to establish injected correspondences between the input image

I« and the generated imaBe.

Injected Condition. By incorporating conditional indicators into the Inversion process, we can guide
the model to focus on a particular object of interest. This conditional input, represented as points,
posesi(e., structured set of points), segments, bounding boxes, or even textual prompts, acts as an
indicator toinject the region of interest into the clean latenthich we want the model to recognize

in the reconstructed latent.

These two remarks support the visual diffusion process in capturing and semantically manipulating
features for representing and distinguishing objects, as illustrated in Fig. B.3. Additionally, Fig. B.4
presents the autoregressive process that injects and extracts internal states to identify the target regions
holding the correspondence temporally.

C Derivations of Equivalent Interpolative Operators

This section derives the variant formulations introduced in Subsection 4.3.

C.1 Interpolated Samples

In the eld of image processing, an interpolated data point is de ned as a weighted combination of
known data points through a blending operation controlled by a weighted parameter

B = wzh+ (1 k) z5t (C.14)

We can thus rewrite its known samplx:"o%tl andz}, in the following way:

bt+l Zt

t+1 _ k k40 .

- _ X700 A

Zy 1 . 1 (C.15)
t+1 t+1

zt = B @ Wz (C.16)

k k

C.2 Linear Blending (2a)

In the vanilla version of the algorithm, a blended sample of paramgtés obtained by blending
z5 andzy, as similar as Eqn. (C.14):
B = o« 1zh+ @« 1)zZht (C.17)

To train our interpolation approach using this operator, because the accumulativeness property
does not hold, then the step-wise loss as de ned in Egyhas to be employed. As a result, this

is equivalent to the reconstruction approdconstruct.described in Eqn4) and reported in
Subsection 5.3.
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C.3 Learning from z5™ (2b)

By expandingz}, from Eqn. (C.17) using Eqn. (C.16), we obtain:

t+1 _ t+1 t.
b, =(1 k 1)Zo + «k 1Zp;
bt+1 (1 )Zt+1
— t+1 Kk k] 4o .
=1 k1)zp + k1 ;
K K
k 11« kK 1
- 1 K 1 ( ) ZE)+1 + b|t<+1;
K
k kK k1 k 1(1 K K 1
- ( ) ZB+1 + bt:l;
K
kK 1 K 1
- 1 ZB+1 + bt:l;
K
K 1
=z5t+ = gt ozt (C.18)
K

Inductive Process.With the base cads™ = z}, the transition is accumulative within the inductive
data interpolation:

k2fT 1;:::;1g;

P zbt 4+ k (&S  z5™M)ik; !P z5t o+ L Lot Ztyk 1
| k+1 {7 } k
bL+l
(C.19)
C.4 Learning from z}, (2c)
By expandingz})+l from Eqn. (C.17) using Egn. (C.15), we obtain:
B =1k )zt k 1Zh
bt+1 Zt
=1 kK 1) 1k7k 1k70k + k 1ZE)§
T k1) x .1 k14

= -~ = 2 " zh+ —h;

k 1 1 K 0 1 K k
_ k1( W) @ k1) « A+ 1 1b|t<+1?

1 k 1 k

1 k (1 k 1) t 1 k 1 pt+1

= Zn t+ [} ;
1« S T
1 K 1 t 1 K 1 pt+1
= 1 + b, ;
T T %
1
= ZE) + R k 1 Izjlt(+1 26 : (C.20)
K

Inductive Process.With the base cads™ = z}, the transition is accumulative within the inductive
data interpolation:

k2fT 1;:::;10;

1 1
P ozb+ — (@ z)k P zh+ —— XLt )k 1
| 1 k+{7 } 1 k
hi+l

(C.21)
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Due to the absence of the deterministic property and the targelzt,é?mthe loss in EqQn(7) becomes
the sole objective guiding the learning process toward the target. Consequently, we prefer to perform
the interpolation operator (2b) in Subsection 5.3, which is theoretically equivalent to this operator.

C.5 Learning Offset (2d)

Byrewriting ¢« 1= k 1+ « « in the de nition ofb{:ll, we obtain:

B = o« )z« 120
=1 K1t ko K020k 1t ok k) 2o
=1 OzZEt+ wzb+ (k1 k) zh Zyt (C.22)

Replacgl ) z5™ + «zh byb.™ from Eqgn. (C.14), we obtain:
LB 0 7 7T
=Bt +( 1)zt Zo

= bt + kK Kk 1 (_Ilf &) 22z (C.23)

By multiplying the step zg“l z{, by a larger factord.g, T), the scaled step maintain their

magnitude and not to become too small when propagated through many layers. Then we obtain:

Bt/ B+ zg™ zh ; signied (C.24)
I Bt + ozt oz (C.25)
=k + Q zi';k 1 Q zhk ; asinl4ofAlg. 2 (C.26)

Inductive Process.With the base cads"™ = z}, the transition is accumulative within the inductive
data interpolation:

k2fT 1;:::;1g;

P B (B0 Zdadik (1P BT (AT Zgik Lo (C27)

btk+1
D Technical Details

Multiple-Target Handling. Our method processes multiple object tracking by rst concatenating all
target representations into a joint input tensor during both the Inversion and Reconstruction passes
through the diffusion model. Speci cally, giveM targets, indexed by, each with a indicator
representatioh }, we form the concatenated input:

h i
T= T(LYk:::kT (LHk:::kT (LM Y : (D.28)
where[ k ]is the concatenation operation.

This allows encoding interactions and contexts across all targets simultaneously while passing
through the same encoder, decoder modules, and processes. After processing the concatenated output
P (z};T;T), we split it back into the individual target attention outputs using their original index
order:

h i
Ax = AYk:ikALk::kAY T Ay 2[0M H W (D.29)

So eachAl, contains the re ned cross-attention for targetfter joint diffusion with the full set of
targets. This approach allows the model to enable target-speci ¢ decoding. The indices linking inputs
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to corresponding outputs are crucial for maintaining identity and predictions during the sequence of
processing steps.

Textual Prompt Handling. This setting differs from the other four indicator types, whiegecomes

from a dedicated object detector. Instead, we leverage the unique capability of diffusion models to
generate from text prompts (9, 110. Speci cally, we initializeL ¢ using a textual description as

the conditioning input. From this textulb, our process generates an initial set of bounding box
proposals ak ;. These box proposals then propagate through the subsequent iterative processes to

Pseudo-code for One-shot TrainingAlg. D.4 and Alg. D.5 are the pseudo-code for our ne-tuning
and operating algorithms in the proposed approach withinTtheking-by-Diffusionparadigm,
respectively. The pseudo-code provides an overview of the steps involved in our inplace ne-tuning.

Algorithm D.4 The one-shot ne-tuning pipeline of Reconstruction process
Input: Ig, lyea, T [ (LOk:::k (LM Y], T 50

1:zo E (lv)

2: Xo E (lt+1)

3zt Q (2o;T) % injected Inversion

4: Legtgo KL Q(x1 1; T)KP(zr;T;T) %1
5:fork2fT;:::;29do

6: Lewso+=KL Q(xk 2:K)kP(bc;k;T) % 'k 1
7: end for

8 Leeo =log P (k1) % o

9: Take gradient descent step bp.so

Algorithm D.5 The tracker operation

1: fort2f0;:::;jVj 2gdo
Draw(l¢;li+1) 2 V

3 T [ (LYK:::k (LY 1] %T notchange il ! is textual prompt
4:  finetuning (l¢;1t+1;T) % viaAlg. D.4

5 by P (z1;T;T)
6

7

8

if k 2 [1;TP 0:8] then

: Ag += PIN:l Attn I;k( ; )
9: Ay += |N:1 Attn I;k( ; )
10: end if
11: by P (bx+1;kT)
12:  end for P

. 1 T
13 AS N T P k=1 AS
14: Ax ﬁ -I[:1 Ax
15: A (As) Ax
160 [LY%qk::ikLM, '] mapping(A ) % viaEqgn. (12)
17 T f L% ;LM g
18: end for

Process Visualization. Fig. D.5 and Fig. D.6 are visualizing the two proposed diffusion-based
processes that are utilized in our tracker framework.
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