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Abstract

Multi-object tracking is a challenging vision task that re-
quires simultaneous reasoning about object detection and ob-
ject association. Conventional solutions use frame as the ba-
sic unit and typically rely on a motion predictor that ex-
ploits the appearance features to associate detected candi-
dates, leading to insufficient adaptability to long-term associ-
ations. In this study, we propose a section-based multi-object
tracking approach that integrates a temporal coherent Object
Flow Tracker (OFTrack), capable of achieving simultaneous
multi-frame tracking by treating multiple consecutive frames
as the basic processing unit, denoted as a “section”. Our OF-
Track boosts the optical flow to the object flow by employ-
ing object perception and section-based motion estimation
strategies. Object perception adopts object-aware sampling
and scale-aware correlation to enable precise target discrimi-
nation. Motion estimation models the correlation of different
objects in multi-frames via specialized temporal-spatial at-
tention to achieve robust association in very long videos. Ad-
ditionally, to address the oscillation of unpredictable trajec-
tories in multi-frame estimation, we have designed temporal
coherent enhancement including the trajectory masking pre-
training and the smoothing constraint on trajectory curves.
Comprehensive experiments on several widely used bench-
marks demonstrate the superior performance of our approach.

Introduction
Multi-object tracking (MOT) is a challenging vision prob-
lem and has many real-world applications (Zhou, Yu, and
Yang 2023; Song et al. 2022, 2024; Ye et al. 2024), such
as video surveillance, autonomous driving, and etc. The pri-
mary objective of MOT is to identify and track numerous
objects of interest in dynamic scenes and to maintain their
identities across successive frames. The challenge stems
from inherent complexities (Song et al. 2023), including the
intricate association in crowded scenes, the visual resem-
blance between targets, and complex motion patterns.

To address the problems, existing MOT approaches pre-
dominantly adhere to two distinct strategies: the two-stage
tracking-by-detection methods and the one-stage object
query network methods. Two-stage tracking-by-detection
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Figure 1: OFTrack jointly reasons detection and tracking
through a detection head (det head) and a motion estimation
head (flow head). The flow head shares the same backbone
with the det head and enables simultaneous tracking of tar-
get objects across multiple frames within a section.

paradigm (Bewley et al. 2016) first detects objects in indi-
vidual frames using detectors and then relies on a motion
tracker to associate the detected objects between consecu-
tive frames. Typically, the motion tracker is a Kalman fil-
ter (Bishop, Welch et al. 2001) or its modifications, which
predicts the trajectories based on previous states. It performs
well for smooth and linear motion patterns, but can easily
fail in the presence of complex motions and object scale
change. One-stage object query network paradigm (Zeng
et al. 2022) is a recent research trend that mainly extend
the DETR (Carion et al. 2020) for MOT. They adopt the
query-based scheme, represent each target object as a query,
and force to regress the same instance across frames. These
approaches perform implicit inter-frame target association,
discard the motion process and can not inherit well from the
skills of motion operations (Zhang et al. 2022), culminating
in diminished association ability and inferior performances.

In this work, we introduce a new-design temporal coher-
ent object flow tracker (OFTrack), that uses multiple con-
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secutive frames as the basic processing unit, i.e., tracking
objects in multiple frames within the section simultaneously.
OFTrack exploits an object flow network to provide tempo-
ral coherent motion estimation, ensuring robust tracking in
long sequences with large intervals. Additionally, to address
the challenges posed by network learning for simultane-
ous multi-frame estimation, we have devised a temporal co-
herent enhancement strategy. Which involves a pre-training
with masked trajectories and a smoothing constraints on tra-
jectory curves, leading to better motion estimation.

Our flow head is inspired by the pixel-level optical flow.
However, boosting the optical flow to object flow presents
several challenges, object flow in tracking tasks requires se-
mantic awareness of the objects rather than pixels, and needs
to estimate the motion of objects over an extended period
rather than only at an infinitesimal distance in the optical
flow. To tackle these challenges, we propose object percep-
tion and motion estimation that enhance semantic awareness
and adaptability for long-term association. In object percep-
tion, we design the object-aware sampling strategy to accu-
rately sample the features centered on tracked targets and
their surrounding features. We also employ the scale-aware
correlation which uses bidirectional multi-scale processing
to generate correlation volumes. In motion estimation, we
propose spatial-temporal attention to simultaneously predict
the object’s motion in multiple frames within a section. Spa-
tial attention interacts the correlation of different objects
within a frame, and temporal attention considers the same
object across frames for the duration. Additionally, to avoid
the oscillation and unreliability during the estimation of long
trajectories, we adopt the bidirectional pre-train to estimate
the trajectories through randomly masking tracks, and the
curvature constraint which utilizes smoothing constraints of
trajectory curve to avoid oscillation and uncertainty in esti-
mation of long trajectory. Extensive experiments on several
challenging datasets such as MOT17 (Milan et al. 2016),
MOT20 (Dendorfer et al. 2020), DanceTrack (Sun et al.
2022) and KITTI (Geiger, Lenz, and Urtasun 2012) exhibit
state-of-the-art performance of our approach.

In summary, our main contributions include:

1. An multi-object tracking framework, which attaches an
object flow network to the detector, achieves the jointly
reasoning for both object detection and tracking.

2. An object flow network, in which the object perception
and motion estimation strategies are introduced to en-
hance semantic awareness and adaptability for long-term
association by simultaneously predicting the object mo-
tion in multiple frames.

3. A temporal coherent enhancement strategy, in which the
bidirectional pre-train and the curvature constraint are
designed to achieve stronger estimation capabilities dur-
ing the estimation of long-term trajectories.

Related Work
Two-Stage Tracking by Detection Methods
One of the predominant schemes of multiple object trackers
is the tracking-by-detection paradigm (Bewley et al. 2016;

Kumar, Charpiat, and Thonnat 2015). They first predict the
object bounding boxes through object detectors (Ren et al.
2015; Ge et al. 2021) for each frame, and then associate the
detected objects using a separate motion tracker between
consecutive frames. SORT (Bewley et al. 2016) first intro-
duces the Kalman filter to track objects and associates each
bounding box with its highest overlapping by the Hungarian
algorithm (Kuhn 1955). DeepSORT (Wojke, Bewley, and
Paulus 2017) improves the association in the SORT with
motion and deep appearance features. ByteTrack (Zhang
et al. 2022) utilizes the similarities of low confidence de-
tections to tackle the problem of non-negligible missing de-
tection and fragmented trajectories. P3AFormer (Zhao et al.
2022) adopts pixel-wise distribution architecture and com-
bines with the Kalman filter to enhance the object associa-
tion. OC-SORT (Cao et al. 2022) improves the linear mo-
tion assumption in the Kalman filter for better adapting the
occlusion and non-linear motion. MotionTrack (Qin et al.
2023) address the short-range and long-range association
problems by modeling all interactions between targets and
re-identifying the lost targets through correlation calculation
and error compensation. SUSHI (Cetintas, Brasó, and Leal-
Taixé 2023) processes long clips by splitting them into a hi-
erarchy of sub-clips, uses a graph neural network for the as-
sociation of two adjacent clips as in TrackMPNN(Rangesh
et al. 2021), to generate increasingly longer trajectories at
every level of hierarchy. SparseTrack (Liu et al. 2023) lever-
ages the pseudo-depth method to estimate the relative depth
relationship between different targets and divides the target
set into multiple sparse subsets in order of increasing depth.

Unlike the two-stage approach of separately conducting
object detection and association, our method achieves multi-
object tracking more efficiently by utilizing a joint model for
object flow motion and detection.

One-Stage Methods
The one-stage paradigm has been made great explorations in
recent years, which joint detection and association pipeline
and aims to convert detectors into trackers to achieve detec-
tion and tracking simultaneously in a single stage.

Query-based methods are a recent research trend (Zhang,
Wang, and Zhang 2023; Lv et al. 2024) that mainly extends
the DETR (Zhu et al. 2020) for MOT. These methods repre-
sent each target object as a query and force it to regress the
same instance across different frames. TrackFormer (Mein-
hardt et al. 2022) and MOTR (Zeng et al. 2022) concatenate
the object and auto-regressive track query to perform object
detection and association simultaneously. TransTrack (Sun
et al. 2020) passes track features cyclically to learn the ag-
gregated embedding of each object. MeMOT (Cai et al.
2022) preserves a large spatio-temporal memory and uses
an attention aggregator to encode past observations. Query-
based approaches perform implicit inter-frame target associ-
ation and offer an end-to-end integrated computational pro-
cess for the entire model. GTR (Zhou et al. 2022) asso-
ciates objects across all frames of the input video clip, it
encodes detections from multiple consecutive frames, and
uses trajectory queries to group them into trajectories. Diffu-
sionTrack (Luo et al. 2023) formulate MOT as a generative
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Figure 2: The pipeline of flow head (left) and the temporal coherent enhancement (right). The flow head comprises the object
perception and the motion estimation. We extract features from all frames within a section and sample object queries from the
first frame. Then, we perform scale-aware correlation and sample surrounding features. Finally, our specialized spatial-temporal
attention iteratively updates the object motion. The temporal coherent enhancement comprises a bidirectional pre-train and
a curvature constraint, enhance the estimation capability of the flow head during training by employing trajectory masking
pre-training and a smoothing constraint loss function.

noise-to-tracking diffusion process, which refines the coor-
dinates of all paired boxes in a coarse-to-fine paradigm to
associate same object.

However, due to the absence of explicit position changes,
query-based approaches are unable to extend excellent
works based on motion operations (Teed and Deng 2020).
Additionally, a fixed number of queries makes it challeng-
ing to detect objects in complex and crowded visual scenes.

Tracking-by-regression methods avoid the association be-
tween frames, opting instead to achieve tracking by regress-
ing past object locations to their new positions. Center-
Track (Zhou, Koltun, and Krähenbühl 2020) uses tracking-
conditioned detection to localize objects and predict their
offsets. In MPNTrack (Brasó and Leal-Taixé 2020), a graph
optimization framework based on message-passing net-
works is combined into a unified tracker. TransCenter (Xu
et al. 2022) adopts dense representations with image-related
dense detection queries and sparse tracking queries.

Our approach inherits the tracking-by-regression
paradigm, but we have refrained from using additional
graphical optimization or complex motion appearance
models. We have designed a temporal coherent object flow
that can be integrated into the object detector to form a
compact tracking framework.

Method
Our OFTrack, illustrated in Figure 1, consists of three com-
ponents: a feature extraction backbone, a bounding box re-
gression head (det head), and an object motion prediction
head (flow head). We choose the YOLOX (Ge et al. 2021)as
our backbone and det head.

Flow head, as illustrated in Figure 2, consists of two
parts: object perception is designed to improve the seman-
tic awareness of objects. The target sampling generates the
object queries of the first frame within the section. The scale-
aware correlation calculates the correlation volumes, and the
surrounding sampling extracts the surrounding features from
correlation volumes centered around target objects; motion
estimation is proposed for simultaneous motion estimation
in multiple frames. It concatenates the object quires, sur-
rounding features and object coordinates for attention lay-
ers from spatial and temporal dimensions, respectively. The
object motion is updated in multiple iterations.

In addition, we have designed a temporal coherent en-
hancement to improve the accuracy and robustness of our
flow head when simultaneously estimating the motion of
multi-frames. Bidirectional pre-train is to estimate the tra-
jectories through randomly masking tracks during the pre-
training phase. Curvature constraint utilizes smoothing
constraints of curve to avoid oscillation and uncertainty in
motion estimation, making the results more aligned with ac-
tual situations.

Motivation
The goal of our flow head is to adapt the optical flow to
the object flow, which needs to solve two main challenges:
(1) Object awareness. Our flow head treats the target as a
whole for motion estimation, i.e., all pixels inside the object
share the same motion pattern. This requires our flow head to
be aware of the object semantics of the target and be adaptive
to changes in the target scale; (2) Long-term association.
The optical flow is designed to estimate the pixel motion at
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Figure 3: Architecture of motion estimation. Taking a sec-
tion as the basic process unit, we concatenate of object
queries, surrounding features and object motion. Temporal
attention models the same object across frames, and spatial
attention interacts different objects within one frame.

an infinitesimal distance across a small number of frames,
while our object flow in the tracking task requires a motion
estimation over an extended period of video sequence.

To address the above challenges, we developed several
strategies. For object awareness, we attach the flow head
to the object detector and jointly train object tracking and
detection in an end-to-end manner. This allows the flow
head to obtain the object-aware capability from the detec-
tor. Additionally, we design the object perception to perform
object-aware sampling that focuses more on the semantic in-
formation of objects, and multi-scale correlation to enhance
the adaptability to object scale changes. For long-term as-
sociation, we propose the spatial-temporal attention in the
motion estimation to simultaneously predict the motion of
multi-frames across long intervals. To avoid the oscillation
and unreliability of long trajectories that are prone to oc-
curring in multi-frame motion estimation, we have designed
temporal coherent enhancement during the training process,
enabling the model to achieve stronger estimation capabili-
ties and higher long-term trajectory accuracy.

Object Flow Head
Object perception Assuming that we have completed the
tracking for the section k−1 with the frame length T (frame
ids are within the range [t− T + 1, t]), now our focus is the
section k (frame ids are [t, t+ T − 1]). Note that for contin-
uous association, there is an overlap of one frame between
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Figure 4: Schematic of curvature constraints. Green line in-
dicates an estimating track, and green points are the observa-
tions on it. The red line is the curvature smoothing ground-
truth. The yellow lines are the extension of previous trajec-
tory. The goal is to constraint pinch angles θ of each point.

adjacent sections, meaning that the last frame of the previous
section serves as the first frame of the current section.

Target sampling processes the feature of frame t, given
the frame features f t ∈ Rd×H×W , f t ∈ Rd×H×W , and the
tracking result in frame t with the number of objects N , the
object center points Ct = (xt

i, y
t
i), i ∈ [1, N ]. We conduct

bilinear interpolation from f t at the locations Ct to get the
object query Qt ∈ Rd×N .

Scale-aware correlation calculates the correlation vol-
umes between frame t and frames in the section k (take one
frame ti ∈ [t, t + T − 1] for clarity) in two steps: (i) ex-
panding the frame feature f ti to 4 scales {f ti

1 , f ti
2 , f ti

3 , f ti
4 },

f ti
1 is the scaled up feature at size 2H × 2W using bilinear

interpolation, f ti
2 is in the original feature size f ti , f ti

3 and
f ti
4 are with H/2×W/2 and H/4×W/4 resolutions using

the average pooling; (ii) calculating the scale-aware correla-
tion volumes between the object query in frame t and the all
scaled features in frame ti, the correlation volumes Vti are
efficiently computed through the matrix multiplication as:

V ti
k = QT

t · f ti
k , V ti

k ∈ RN×Hk×Wk , k ∈ [1, 4] (1)

Surrounding sampling processes the correlation volumes
of all frames in the section k (take one frame ti for clarity),
according to the location (x, y) centered on the targets in
frame t, we extract the surrounding feature Bti

k ∈ RN×r×r

on the correlation volumes V ti
k using bilinear interpolation

on the meshgrid G(x,y) with the radius r:

G(x, y) = {(x+dx, y+dy)| dx, dy ∈ Z, dx, dy ≤ r} (2)

Motion estimation We design the temporal attention and
spatial attention for motion estimation, as illustrated in Fig-
ure 3. The input tokens are the concatenation of object
queries, surrounding features and the object motion, the ini-
tial object queries Qt and object coordinates Ct in frame t
are repeated to all frames in the section as Q ∈ RN×T×d and
C ∈ RN×T×2, the object motion η(C − Ct) ∈ RN×T×d2

is obtained by the sinusoidal positional encoding η of coor-
dinates,the surrounding features of radius r extract from the
all 4 scaled correlation volumes are B ∈ RN×T×(r×r×4).
The input tokens (RN×T×D) are fed into the temporal atten-
tion layers first, then reshaped to the RN×T×D to the spatial
attention layers, finally the object motion is predicted by a
simple linear regression head.
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GFC OP MOTA IDF1 HOTATarS SurS

✓ 71.2 32.9 38.5

- - 74.4 55.8 51.9
✓ - 76.1 68.0 60.7
✓ ✓ 78.6 71.7 63.3

(a) Comparisons of object perception. GFC
means Grid Feature Concatenation, OP is our
Object Perception, TarS is Target Sampling,
SurS is Surrounding Sampling.

BiP CurC MOTA IDF1 HOTA

- - 78.6 71.7 63.3
2(8) - 79.1 74.4 64.3
4(8) - 79.1 74.7 64.6
6(8) - 79.8 75.2 65.5
6(8) ✓ 80.6 77.4 66.7

(b) Comparisons in temporal coherent en-
hancement. BiP is Bidirectional Pre-train,
numbers below are masked tracks (total
tracks). CurC is Curvature Constraint.

iters MOTA IDF1 HOTA

1 72.6 66.8 59.9
2 73.7 68.8 60.5
4 77.5 70.3 62.5
6 78.6 71.7 63.3
8 78.6 71.7 63.3
12 78.8 71.8 63.3

(c) Number of iterations for motion
estimation.

Scale strategy MOTA IDF1 HOTA

[1] 72.6 35.0 40.1
[1/2, 1] 73.7 52.1 49.6
[1/4, 1/2, 1] 76.1 70.1 62.0
[1/8, 1/4, 1/2, 1] 77.8 69.8 62.1
[1/4, 1/2, 1, 2] 78.6 71.7 63.3

(d) Multiple scale comparison of scale-aware cor-
relation.

T S MOTA IDF1 HOTA

6 - 71.0 53.2 48.2
- 6 73.3 57.5 54.0
4 4 75.3 68.6 58.3
6 6 78.6 71.7 63.3

10 10 78.6 71.8 63.3

(e) Number of Temporal (T) and Spatial
(S) attention layers.

Len MOTA IDF1 HOTA

2 76.2 67.5 60.5
4 78.4 71.5 63.2
8 78.6 71.7 63.3
12 76.1 68.4 60.8
16 76.6 66.8 60.0

(f) Sequence length of one section.

Table 1: Ablation experiments. The model is trained on MOT17 train-half and tested on val-half. Default settings are marked in
gray. See Section Ablation Study for details.

We apply the motion estimation for M times in order to
progressively improve the track estimates, that generates a
sequence of motion estimation {C1, ..., CM}, the input to-
kens will be updated by re-sampling the object queries and
surrounding features based on the Ci in each iteration. Ad-
ditionally, we conduct experiments on the effect of iteration
number on motion evaluation and select the appropriate it-
eration number, N = 6, considering both accuracy and effi-
ciency under the MOT scenario.

Temporal Coherent Enhancement
Bidirectional pre-train We adopt a two-stage training
process, the bidirectional pre-train serves as the first stage
to achieve consistent training only for the flow head, and the
second stage is to train the whole network (including flow
head and det head) in an end-to-end manner.

In the bidirectional pre-train of the flow head, we sample
T consecutive frames at random intervals of [1, 2, 3], and
randomly select Te(Te < T ) frames (referred as masked
tracks) from the input section (the rest are referred as vis-
ible tracks) for motion estimation. Such a strategy allows
for both forward motion estimation in chronological order
and reverse estimate in reverse order, increasing the adaptive
and generalization capabilities of the flow head. The initial
value of the masked tracks are obtained using linear inter-
polation. Object queries are obtained from the target feature
of the first visible tracks. We take the L1 distance between
the estimation and ground-truth over the full iterations with
exponentially increasing weights for each frame ti:

Lpre =
M∑
i

Te∑
ti=0

γM−i
∣∣Ci

ti − Cgt
ti

∣∣ (3)

where {C1, ..., CM} represent the all iterations of motion
estimation for masked tracks, Cgt is the ground-truth and
we set γ = 0.8.

In the second stage, instead of bidirectional estimation,
we set the first frame as a reference to predict the subsequent
frames in the section, which is consistent with the process
of inference. We combine the detector loss Ld in (Ge et al.
2021) for each frame with motion estimation loss:

L = λd

T∑
ti=1

Lti
d + λf

M∑
i

T∑
ti=1

γM−i
∣∣Ci

ti − Cgt
ti

∣∣ (4)

where λd = 1.0 and λf = 2.0 are the weighting factors.

Curvature constraint The curvature constraint is to
smooth the motion trajectory, ensuring that the curvature
at each successive point as consistent as possible. To align
with frame-scenarios where the trajectory consists of dis-
crete points, we calculate the curvature of each point in
terms of angle between neighboring paths.

Specifically, considering a set of trajectory points
{C0, C1, C2, C3, C4}, as illustrated in Figure 4, the path
from C0 to C1 is denoted as v⃗0 1, the curvature of point C1

can be described as the angle θ1 between two neighboring
paths θ1 = ⟨v⃗0 1, v⃗1 2⟩. This pinch angle is expressed within
the range (0, 2π), allowing us to distinguish cases where
the motion deviation on both sides. The curvature smooth-
ing constraint is formulated such that the pinch angles of all
points (excluding the first point and last point) on the trajec-
tory tend to be equal, as expressed by the following:

Lcur =
T−2∑
ti=1

|θti+1 − θti | (5)

The curvature constraint is used in both two phases of
training, so the above loss function in 3 and 4 finally ex-
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Methods Venue DanceTrack MOT17 MOT20
MOTA IDF1 HOTA AssA DetA MOTA IDF1 HOTA AssA DetA MOTA IDF1 HOTA AssA DetA

CenterTrack ECCV20 86.8 35.7 41.8 22.6 78.1 67.8 64.7 52.2 51.0 53.8 / / / / /
MOTR ECCV22 79.7 51.5 54.2 40.2 73.5 71.9 68.4 57.2 55.8 / / / / / /
Bytetrack ECCV22 89.5 52.5 47.3 31.4 71.6 80.3 77.3 63.1 62.0 64.5 77.8 75.2 61.3 59.6 63.4
P3AFormer ECCV22 / / / / / 81.2 78.1 / / / 78.1 76.4 / / /
MeMOT CVPR22 / / / / / 72.5 69.0 56.9 55.2 / 63.7 66.1 54.1 55.0 /
GTR CVPR22 84.7 50.3 48.0 31.9 72.5 75.3 71.5 59.1 57.0 61.6 / / / / /
TransCenter TPAMI22 86.8 35.7 41.8 22.6 78.1 73.2 62.2 54.5 49.7 60.1 67.7 58.7 / / /
OC-SORT CVPR23 89.4 54.2 55.1 38.0 80.3 78.0 77.5 63.2 63.4 63.2 75.7 76.3 62.4 62.5 62.4
MotionTrack CVPR23 91.3 53.8 52.9 34.7 80.9 81.1 80.1 65.1 65.1 65.4 78.0 76.5 62.8 61.8 64.0
DiffusionTrack AAAI24 89.5 47.5 52.4 33.5 82.2 77.9 73.8 60.8 58.8 63.2 72.8 66.3 55.3 51.3 59.9
DiffMOT CVPR24 92.8 63.0 62.3 47.2 82.5 79.8 79.3 64.5 64.6 64.7 76.7 74.9 61.7 60.5 63.2
OFTrack - 90.9 61.7 60.9 45.2 81.9 79.9 77.5 63.1 62.4 63.9 75.3 74.7 61.9 62.1 62.2
OFTrack-ReID - 91.2 65.6 63.4 48.7 82.1 80.1 78.8 64.1 63.3 64.6 75.6 76.9 63.4 62.7 62.9

Table 2: Performance comparison to state-of-the-art approaches on the DanceTrack test set, and the MOT17 and MOT20 test
set under the private protocol. The highest-ranking is emphasized in bold.

pressed as:

Lpre =
M∑
i

(

Te∑
ti=0

γM−i
∣∣Ci

ti − Cgt
ti

∣∣+ α̂Lcur) (6)

L = λd

T∑
ti=1

Lti
d + λf

M∑
i

(
T∑

ti=1

γM−i
∣∣Ci

ti − Cgt
ti

∣∣+ α̂Lcur)

(7)

Considering the distinct characteristics of different datasets,
where some datasets exhibit linear trajectories (e.g.,
MOT17), while others demonstrate nonlinear trajectories
(e.g., DanceTrack), we establish a learnable loss weights α̂
and set the initial weights to 0.5 for linear trajectories and
0.1 for nonlinear trajectories.

Experiments
In this section, we verify the individual contributions in the
ablation study and present the tracking evaluation on several
challenging benchmarks, including MOT17 (Milan et al.
2016), MOT20 (Dendorfer et al. 2020), DanceTrack (Sun
et al. 2022) and KITTI (Geiger, Lenz, and Urtasun 2012).

Implementation Details
For MOT17 and MOT20 that only consist of pedestrians,
we adopt the pretrained YOLOX detector from ByteTrack.
For KITTI that are driving scenarios, we adopt the COCO-
pretrained YOLOX(Ge et al. 2021) and use the KITTI train-
ing set to train the model. DanceTrack is a challenging
dataset with highly non-linear motion, and we adopted the
same training method as KITTI to train our model. Ad-
ditionally, we adopt the ReID part (Luo et al. 2019) as
the same setting in BoT-SORT (Aharon, Orfaig, and Bo-
brovsky 2022). The training samples are directly sampled
from the same sequence within the interval length of 6.
The size of an input image is resized to 1440×800. The
flow head parameters are initialized with Xavier Uniform.
The AdamW (Loshchilov and Hutter 2018) optimizer is em-
ployed with an initial learning rate of 1e-4 and the learning

rate decreases according to the cosine function with the fi-
nal decrease factor of 0.1. We adopt a warm-up learning rate
1e-5 with a 0.2 warm-up factor on the first 5 epochs. We
train our model on 4 Nvidia Tesla V100 GPUs for a total of
80 epochs. The mini-batch size is set to 16 with each GPU
hosting 4 batches. Our approach is implemented in Python
3.8 with PyTorch 1.10.

Ablation Study
We ablate our approach using the MOT17 dataset. We split
the MOT17 train set into train-half set and val-half set as
in ByteTrack, all of the ablation experiments are trained on
train-half and tested on val-half.
Object perception. We compared the traditional grid fea-
ture concatenation (GFC, see Supplementary material for
more detail) with our object perception. From Table 1a we
find that our object perception has a significant superior-
ity over GFC. Furthermore, adopting the closet grid feature
points as the object queries and selecting surrounding fea-
tures from grid points (line 2) only yields the HOTA of 51.9.
The target sampling effectively improves HOTA to 60.7.
Temporal coherent enhancement. We test the bidirectional
pre-train and curvature constraint in the Table 1b. We set the
section length to 8 and test the different lengths of masked
tracks. The the best results is achieved when the length of
mask tracks is 6. The curvature constraint can effectively
improve the tracking performance.
Iterative motion estimation. We ablate the impact of the
different number of iterations for motion estimation. From
Table 1c we discover that the performance improvement be-
comes negligible when the number of iterations exceeds 4,
and the impact remains constant after 6 iterations.
Scale-aware correlation. Table 1d shows the results on
scale-aware correlation, we up-scale (2x) using the bilinear
interpolation and down-scale (1/2x, 1/4x, 1/8x) using the av-
erage pooling, all the scaling layers are combined with the
original features (1x) for calculation. From Table 1d we can
easily find that increasing the number of scales can steadily
improve the performance. Notably, with an equal number of
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features (4 layers), our object-aware strategy (line 5: HOTA
63.3) outperforms the pooling strategy in the original optical
flow (line 4: HOTA 62.1).

Methods HOTA MOTA DetA AssA

C
ar

CenterTrack 73.02 88.83 75.62 71.20
TrackMPNN 72.30 87.33 74.69 70.63
QDTrack 68.45 84.93 72.44 65.49
QD-3DT 72.77 85.94 74.09 72.19
Eager 74.39 87.82 75.27 74.16

OFTrack (ours) 73.75 87.73 72.62 77.71

Pe
rs

on

MPNTrack 45.26 46.23 43.74 47.28
CenterTrack 40.35 53.84 44.48 36.93
TrackMPNN 39.40 52.10 44.24 35.45
QDTrack 41.12 55.55 44.81 38.10
QD-3DT 41.08 51.77 44.01 38.82
Eager 39.38 49.82 40.60 38.72

OFTrack (ours) 47.97 58.95 44.93 53.11

Table 3: Performance comparison to state-of-the-art ap-
proaches on the KITTI MOT test set.

Temporal and spatial attention layers. We compare the
temporal and spatial attention in Table 1e and observe a poor
performance when using them individually. We opt for a fi-
nal solution comprising 6 layers for both spatial and tempo-
ral attention, totaling 12 layers.
Sequence length of one section. Simultaneous multi-frame
tracking enhances the predictive ability over long sequences,
but excessively long sequences may surpass the precise pre-
diction range. In Table 1f, we can see that the optimal per-
formance are obtained when the length is 8.

State-of-the-Art Comparison
DanceTrack is a long-range group dancing dataset and have
frequent crossovers with highly non-linear motion. Table 2
shows that our OFTrack performs superior quality, obtains
the 60.9 HOTA score. With a commonly used ReID model,
OFTrack-ReID further boost the HOTA to 63.4.
MOT17 and MOT20 are dominant datasets for multi-
pedestrian tracking. The performances are presented in Ta-
ble 2 under the ”private” protocol. As can be seen from the
comparison, our OFTrack achieves a superior performance
both in MOT17 and MOT20 with the HOTA of 63.1 and
61.9, respectively. By incorporating a ReID module, our
approach further enhances performance, attaining HOTA
scores of 64.1 and 63.4, respectively.
KITTI is a classic tracking benchmark for cars and pedes-
trians. We show the evaluation in Table 3, In terms of car
tracking, we achieve a HOTA score of 73.75. In the pedes-
trian tracking, our OFTrack demonstrates a notable perfor-
mance advantage over other trackers, achieving a remark-
able HOTA score of 47.97.

Visualization
We offer visualizations of prototypical challenging scenar-
ios, including the non-linear motion scene (Figure 5a), scale-
changing scene (Figure 5b), and very crowded scene (Figure

#100 #150 #200

(a) Non-linear motion scene

#610 #660 #710

(b) Scale change

#500#200#150

(c) Crowded scene

Figure 5: Tracking trajectories visualization of Non-linear
motion scene in DanceTrack, scale change in MOT17, and
crowded scene in MOT20.

5c) to demonstrate the tracking abilities of the proposed tem-
poral coherent object flow tracker. Figure 5 shows the object
boxes of the shown frame (frame number in the lower right
corner) and center trajectories of the previous three frames.
We observe that our OFTrack has a strong discriminative
ability for targets with non-linear motion and keeps high re-
liable associative ability in crowded scenes.

Conclusion
In this study, we propose a novel MOT approach OFTrack
that exploits an temporal coherent object flow to provide mo-
tion estimation. Our OFTrack consists of the object percep-
tion and the motion estimation, object perception adopts the
object-aware sampling and scale-aware correlation to to en-
hance the awareness of the object, motion estimation mod-
els the correlation of different objects via temporal-spatial
attention to achieve robust association in very long videos.
Additionally, we design the temporal coherent enhancement
strategy, including bidirectional pre-train and the curvature
constraint to avoid the oscillation and unreliability during
the estimation of long trajectories. The scalability of our ob-
ject flow allows it to be incorporated into most object de-
tectors for object-level motion estimation. Extensive experi-
ments demonstrate the effectiveness of our flow head.
Limitations. Although our OFTrack can effectively esti-
mate the object motion. We observe that our tracker does not
adapt well to the non-rigid deformation of the object. The
reason is that our approach treats the target as a rigid object
and does not differentiate the information inside it, leading
to possible tracking drift when the target aspect ratio varies
particularly widely. In future, we intend to integrate our flow
head with a deformation estimation counterpart, enhancing
its adaptability to a broader range of scenarios.
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