
MotionTrack: Learning Robust Short-term and Long-term Motions
for Multi-Object Tracking

Zheng Qin1† Sanping Zhou1† Le Wang1∗ Jinghai Duan2 Gang Hua3 Wei Tang4

1National Key Laboratory of Human-Machine Hybrid Augmented Intelligence,
National Engineering Research Center for Visual Information and Applications,

Institute of Artificial Intelligence and Robotics, Xi’an Jiaotong University
2School of Software Engineering, Xi’an Jiaotong University
3Wormpex AI Research 4University of Illinois at Chicago

Abstract

The main challenge of Multi-Object Tracking (MOT)
lies in maintaining a continuous trajectory for each tar-
get. Existing methods often learn reliable motion pat-
terns to match the same target between adjacent frames
and discriminative appearance features to re-identify the
lost targets after a long period. However, the reliability
of motion prediction and the discriminability of appear-
ances can be easily hurt by dense crowds and extreme oc-
clusions in the tracking process. In this paper, we pro-
pose a simple yet effective multi-object tracker, i.e., Mo-
tionTrack, which learns robust short-term and long-term
motions in a unified framework to associate trajectories
from a short to long range. For dense crowds, we design
a novel Interaction Module to learn interaction-aware mo-
tions from short-term trajectories, which can estimate the
complex movement of each target. For extreme occlusions,
we build a novel Refind Module to learn reliable long-
term motions from the target’s history trajectory, which
can link the interrupted trajectory with its correspond-
ing detection. Our Interaction Module and Refind Mod-
ule are embedded in the well-known tracking-by-detection
paradigm, which can work in tandem to maintain superior
performance. Extensive experimental results on MOT17
and MOT20 datasets demonstrate the superiority of our
approach in challenging scenarios, and it achieves state-
of-the-art performances at various MOT metrics. Code is
available at https://github.com/qwomeng/MotionTrack.

1. Introduction

Multi-Object Tracking (MOT) is a fundamental task in
computer vision, which has a wide range of applications,

†Co-first authors. ∗Corresponding author.
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Figure 1. Illustration of challenging scenarios in different
videos. (a) Dense crowds. Pedestrians do not move independently
in this situation. They will be affected by their surrounding neigh-
bors to avoid collisions which will make their motion patterns hard
to learn in practice. (b) Extreme occlusion. Pedestrians are eas-
ily occluded by fixed facilities for a long period, such as billboard
and sunshade, in which the dynamic environment will make them
undergone a large appearance variation.

such as autonomous driving [8] and intelligent surveil-
lance [29]. It aims at jointly locating targets through bound-
ing boxes and recognizing their identities throughout a
whole video [40]. Though great progress has been made
in the past few years, MOT still remains a challenging task
due to the dynamic environment, such as dense crowds and
extreme occlusions, in the tracking scenario.

In general, the existing MOT methods either follow the
tracking-by-detection [2] or tracking-by-regression [39, 40,
59], paradigm. The former methods first detect objects in
each video frame and then associate detections between ad-
jacent frames to create individual object tracks over time.
The latter methods conduct tracking differently: the ob-
ject detector not only provides frame-wise detections but
also replaces the data association with a continuous regres-
sion of each tracklet to its new position. Regardless of the
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paradigm, all methods need to address the short-range and
long-range association problems, i.e., how to associate the
alive tracklets with detections in a short time, and how to
re-identify the lost tracklets with detections after a long pe-
riod.

For the short-range association problem, discriminative
motion patterns and appearance features [5, 44] are of-
ten learned to conduct data association between adjacent
frames. However, as shown in Figure 1 (a), it is tough to
learn discriminative representations in the dense crowd sce-
nario. On the one hand, the bounding boxes of detections
are too small to be distinguished by their appearances. On
the other hand, different targets need to plan suitable paths
to avoid collisions, which makes the resulting motions very
complex in the tracking process. For the long-range asso-
ciation problem, prior works [24, 43, 44] usually learn dis-
criminative appearance features to re-identify the lost tar-
gets after long occlusion [56–58]. As shown in Figure 1 (b),
the main bottleneck of these methods is how to keep the ro-
bustness of features against different poses, low resolution,
and poor illumination for the same target. To alleviate this
issue, the memory technology [7, 46] is widely applied to
store diverse features for each target to match different tar-
gets in a multi-query manner. Moreover, a lot of memo-
ries and time will be consumed by the memory module and
multi-query regime, unfriendly to real-time tracking.

In this paper, we propose a simple yet effective object
tracker, i.e., MotionTrack, to address the short-range and
long-range association problems in MOT. In particular, our
MotionTrack follows the tracking-by-detection paradigm,
in which both interaction-aware and history trajectory-
based motions are learned to associate trajectories from a
short to long range. To deal with the short-range association
problem, we design a novel Interaction Module to model all
interactions between targets, which can predict their com-
plex motions to avoid collisions. The Interaction Module
uses an asymmetric adjacency matrix to represent the inter-
action between targets, and obtains the prediction after the
information fusion by a graph convolution network. Thanks
to the captured target interaction, those short-term occluded
targets can be successfully tracked in dense crowds. To deal
with the long-range association problem, we design a novel
Refind Module based on the history trajectory of each tar-
get. It can effectively re-identify the lost targets through two
steps: correlation calculation and error compensation. For
the lost tracklets and the unmatched detections, the correla-
tion calculation step takes the features of history trajectories
and current detections as input, and computes a correlation
matrix to represent the possibility that they are associated.
Afterward, the error compensation step is further taken to
revise the occluded trajectories. Extensive experiments on
two benchmark datasets (MOT17 and MOT20) demonstrate
that our proposed MotionTrack outperforms the previous

state-of-the-art methods.
The main contribution of this work can be highlighted as

follows: (1) We propose a simple yet effective multi-object
tracker, MotionTrack, to address the short-range and long-
range association problems; (2) We design a novel Interac-
tion Module to model the interaction between targets, which
can handle complex motions in dense crowds; (3) We design
a novel Refind Module to learn discriminative motion pat-
terns, which can re-identify the lost tracklets with current
detections.

2. Related Work
Tracking-by-Detection. The recent advancement of object
detection brings remarkable improvement to the tracking-
by-detection paradigm [2]. In this framework, an exist-
ing object detector [14, 32] generates detections in the cur-
rent frame, then a matching algorithm, e.g., the Hungar-
ian algorithm [28], builds tracklets by associating the de-
tections across different frames. Many efforts have been
made in different aspects to improve the effectiveness of
this paradigm. For example, SORT [5] adds the Kalman
Filter (KF) [19] to approximate the inter-frame displace-
ments, while other models [30, 41, 44, 47] focus on distin-
guishing appearance features to improve the matching ac-
curacy. Some other works [6, 18, 21] formulate data associ-
ation as a graph optimization problem by considering each
detection as a graph node. For example, ByteTrack [52]
enhances tracking performance by fully using detections.
We follow this tracking-by-detection paradigm and propose
a novel framework to extract interaction-aware and history
trajectory-based motions for more accurate short and long
range association.
Motion Models. The motion models can be divided into
filter-based and model-based methods in MOT. The filter-
based methods mainly consider motion prediction as state
estimation. For example, the well-known SORT [5] intro-
duces KF [19] into MOT as a linear constant velocity model
based on the assumption of independence across the objects
and the camera motion, which inspires a series of works
[17, 20, 53] to improve the motion prediction in different
aspects. Later, many works [1, 3, 12, 36] consider the cam-
era motion compensation of the tracker for robust tracking.
Meanwhile, some works [12, 13] using KF variants to fur-
ther improve prediction accuracy.

Recently, model-based methods combine motion and vi-
sual information to provide better predictions based on a
data-driven paradigm. For example, Tracktor [3] adopts the
regression part from Faster R-CNN [32] to predict the dis-
placement of targets between adjacent frames. FFT [51]
further adds optical flow to help regress the displacement.
Besides, CenterTrack [59] builds a tracking branch to pre-
dict the motion specifically. ArTIST [34] considers mo-
tion as a probability distribution and implicitly models all
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Figure 2. Overview of our MotionTrack. The Interaction Module captures the directional interaction relationship between tracklets,
then fuses the interaction information and predicts the location in the next frame for the short-range association. The Refind Module
analyzes the correspondence between unmatched lost tracklets and detections by correlation calculation, then the matched pairs are further
chosen to complete the long-range association via an additional error compensation. Finally, the short-range and long-range associations
are combined to generate complete tracking results.

surrounding interactions with max-pooling to one feature.
However, most motion models do not consider explicit
interactions between targets, especially in dense crowd
scenes. As a result, they cannot accurately estimate the
complex movements of nearby targets.

Occlusion. How to deal with occlusions has been a long-
standing challenge in MOT. In particular, occlusions can
be divided into short-term and long-term occlusions. The
short-term occlusion means the target is incomplete in a
frame as some other objects occlude it. It prevents the ex-
traction of high-quality detection features for the associa-
tion. To address this issue, some works try to separate the
unoccluded and occluded targets [15, 46].

The long-term occlusion occurs when the tracking target
is lost for a long period due to obstacles. To alleviate this is-
sue, DeepSORT [44] proposes a cascaded matching strategy
that first matches the detection boxes to the alive tracklets
and then to the lost targets based on appearance features.
MeMOT [7] builds a memory bank to store the appearance
features of the tracklets for retrieval. QuoVadis [10] convert
trajectories [16, 35] to a bird’s eye view. ByteTrack [52]
re-identifies the lost tracklet using the IoU score between
the tracklet’s iterative prediction and detection. However,
these methods will become less reliable as the occlusion
time becomes longer. We propose a new representation of
the tracklet based on its history trajectory, so that the model
can still provide a reliable matching strategy in extremely
occluded scenes.

3. Method

3.1. Notation

As shown in Figure 2, our MotionTrack follows a well-
known tracking-by-detection paradigm [52]. We first pro-
cess each frame with YOLOX [14] to obtain the detection
results. The detections are denoted as Dt = {dt

i}Ni=1 con-
taining N detections in frame t. A detection dt

i ∈ R4 is
represented as (x, y, w, h), where (x, y) means the bound-
ing box center, and w and h indicate its width and height,
respectively. We denote the set of M tracklets by T =
{Tj}Mj=1. Tj is a tracklet with identity j and is defined as
Tj = {lt0j , lt0+1

j , ..., ltj}, where ltj is the location in frame t,
and t0 is the initialized moment.

When tracking begins, we initialize the set of tracklets
T with D1. For the subsequent video frames, we assign
the new detections to their corresponding tracklets, and up-
date T at each time step. Throughout the whole video se-
quence, new tracklets are constantly initialized and incor-
porated into T. Meanwhile, the existing tracklets may be
terminated and removed from T. In the tracking process,
the tracklet may be interrupted, for example due to dense
crowds and extreme occlusion, therefore we further divide
T into two parts, i.e., Talive and Tlost, which denote the set
of tracked tracklets and the set of lost but not yet removed
tracklets, respectively. A tracklet in Talive is represented as
Tk = {dt0

k , dt0+1
k , ...,dt

k}, and a tracklet in Tlost is repre-
sented as Ts = {dt0

s , dt0+1
s , ...,ptlost

s ,ptlost+1
s , ...,pt

s}, where
tlost denotes the moment it is lost, and pt

s is the prediction
during occlusion calculated in Section 3.3 below.
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Figure 3. Illustration of Interaction Extraction. We capture
interactions between tracklets, and the shades of arrows reflect the
degree of interaction.

3.2. Overview of MotionTrack

Our MotionTrack mainly executes two steps for each
video frame:

• Step 1: Short-range association. Modeling the inter-
tracklet interaction to obtain more accurate predictions
and the short-range tracking results.

• Step 2: Long-range association. Re-identifying lost
tracklets based on the history trajectory and unmatched
detections and then compensating the trajectory during
occlusion.

All tracks go through three states from birth to death:
alive, lost, and dead. The tracklet being tracked is called
alive, and its state is converted to lost upon interruption by
accident, such as extreme occlusion. When the interruption
occurs for a long time, the tracklet becomes dead, and we
remove it from the tracklets set T.
Short-range Association. Given the input video frame t,
we first obtain its detections Dt. In addition, we have
obtained the set of M tracklets T up to frame t − 1,
with S lost tracklets Tlost. Then, we construct the di-
rected interactions between tracklets to get the predic-
tions at frame t. As shown in Figure 2, we first calcu-
late the iterative offsets Ot ∈ RM×4, where each row
ot
j = (∆xt

j ,∆ytj ,∆wt
j ,∆ht

j) and ∆ denotes the offset
from frame t − 2 to frame t − 1. The Interaction Mod-
ule concatenates absolute coordinates and offsets as input,
denote as It ∈ RM×8. An asymmetric interaction matrix
Aadjc ∈ [0, 1]M×M is obtained through interaction extrac-
tion, where each element indicates the impact of one track-
let on the other. Afterward, Aadjc is used to estimate an
accurate offset in the motion prediction step. Finally, we
follow the association policy in ByteTrack [52] to update
the alive tracklets Talive with matched detections and record
the predictions for lost tracklets Tlost.
Long-range Association. Suppose that there are S lost
tracklets and U unmatched detections after the short-range
association. Some unmatched detections could share the
identities with those lost tracklets, which motivates us to

learn history trajectory-based representations for the long-
range association. In particular, we first calculate the cor-
relation between the S lost tracklets and the U unmatched
detections based on the spatial distribution of trajectories
and the velocity-time relationship to obtain the correlation
matrix Ccorre ∈ [0, 1]S×U . Then, we retain highly rele-
vant pairs and utilize error compensation to refine the tra-
jectory. Finally, we combine the results of short-range and
long-range associations to generate the complete tracking
results at frame t.

3.3. Interaction Module

To obtain more accurate tracklets, we capture the di-
rected interactions between tracklets in the interaction ex-
traction step and then use them to estimate the offsets be-
tween two consecutive frames in the motion prediction step.
Interaction Extraction. As shown in Figure 3, we first
obtain the attention matrix Aatte ∈ RM×M , which measures
the interaction magnitude between every pair of tracklets,
using the self-attention mechanism [38]:

Et = ϕ
(
It,WE) ,

Qt = ϕ
(
Et,WQ) ,

Kt = ϕ
(
Et,WK) ,

Aatte = Softmax

(
QtKtT

√
d

)
,

(1)

where ϕ(·, ·) denotes linear transformation (multiplying a
weight matrix and adding a bias), Et is a higher-dimension
embedding mapped from It. Qt ∈ RM×D and Kt ∈
RM×D are the query and key of the self-attention mech-
anism. WE, WQ, and WK are the weights of the linear
transformation, and

√
d =

√
D is the scaling factor [38].

We use the attention matrix Aatte to express the asym-
metric interaction between different tracklets instead of the
undirected spatial distance. The (i, j)-th element in Aatte

represents the influence of tracklet i on tracklet j. To fur-
ther consider the whole scene, such as group behavior, we
model higher levels of interaction via a cascade of asym-
metric convolution [11]:

Al = δ (conv (Al-1,K1×κ) + conv (Al-1,Kκ×1)) , (2)

where K1×κ and Kκ×1 are the asymmetric convolution ker-
nels, δ denotes the PReLU, and A0 is initialized as Aatte.
There are L convolution layers. Afterward, to capture sig-
nificant interactions between tracklets, we retain only high
attention values in Aadjc ∈ [0, 1]M×M :

Amask = sgn (φ(AL)− ξ) ,

Aadjc = Amask ⊙Aatte,
(3)

where φ and ⊙ denote the sigmoid function and element-
wise multiplication, respectively, sgn is a sign function, and
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Figure 4. Illustration of Correlation Calculation. We compute
a correlation matrix to represent the association probabilities be-
tween lost tracklets and detections.

ξ ∈ [0, 1] is a threshold. Finally, we normalize all the non-
zero elements in Aadjc.
Motion Prediction. After extracting the interaction matrix
between tracklets, we use a graph convolution [22] to fuse
the interactions for each tracklet and get the prediction using
a multi-layer perceptron (MLP):

Poffs = MLP
(
δ
(
ϕ(Aadjc ·Ot,WG)

))
, (4)

where WG is the weight of the linear transformation. The
prediction Poffs ∈ RM×4 will be used with Dt for IoU-
based association.

3.4. Refind Module

To refind the lost tracklet, we first identify its matched
detection in the correlation calculation step and then refine
the occluded trajectory in the error compensation step.
Correlation Calculation. After IoU-based association,
there are U unmatched detections Drest ∈ RU×5, and S
lost tracklets Tlost ∈ RS×30×5, in which we record the last
thirty alive locations for each lost tracklet. Drest and Tlost

include both time and locations, i.e., (t, x, y, w, h), and they
are the inputs to the Refind Module. As shown in Figure 4,
we first normalize Drest and Tlost in the last dimension and
then extract features from them separately. We apply the
asymmetric convolution to Tlost in the second and third di-
mensions, respectively, and then pool them into feature vec-
tors Ftraj ∈ RS×D:

Tl = δ (conv(Tl-1,Kκ×1)) ,

Ftraj = pool (δ(conv(TL,K1×κ))) ,
(5)

where T0 is initialized as Tlost and there are L convolu-
tion layers. We calculate the difference between the de-
tection and the last alive location, and concatenate it with
the detection as D̂rest ∈ RU×10. Then, we map it to high-
dimensional features Fdete ∈ RU×D as follows:

Fdete = ϕ(D̂rest,WD), (6)

where WD is the weight of the linear transformation. Af-
terward, we combine Ftraj and Fdete into a feature matrix

F ∈ R(S×U)×2D, which models the spatial distribution pat-
tern and velocity-time correlation, etc. A fully connected
layer and a sigmoid function are then applied to yield the
correlation score. Here, we obtain the correlation matrix
Ccorr ∈ RS×U reflecting the association probabilities be-
tween lost tracklets and unmatched detections. Finally, we
use the greedy algorithm to pick the matched pairs with high
correlation socre and initialize the remaining unmatched de-
tections as new tracklets.
Error Compensation. After re-identifying the lost track-
let with its matched detection, we need to fill the trajectory
during the long-time occlusion. Unlike other interpolation
methods, we correct the predicted trajectory instead of gen-
erating a new one. We use the error between the matched
detection dt and the prediction pt of the lost tracklet to infer
the errors during occlusion and refine the prediction:

dtp = ptp +
(
dt − pt

) tp − t1
t2 − t1

, t1 < tp < t2, (7)

where the tracklet becomes lost after frame t1 and is refound
at frame t2. When the tracklet is occluded, it still exists and
interacts with other tracklets, which can provide some in-
formation to support the prediction of the lost one. Related
experiments are in the supplementary material.

3.5. Training

The output of the Interaction Module is a set of offsets
Poffs. We convert it to location coordinates Pcoor based on
location in the previous frame. Each coordinate in Pcoor

is composed of four values (x, y, w, h), which are not in-
dependent. These four variables affect each other, so they
should not be supervised individually but combined to drive
the training of the Interaction Module. Inspired by the
training process of the detector [14], we employ the IoU
loss [49] to supervise the Interaction Module as follows:

LINTR = 1− IoU
(
Pcoor,Pgt)2 , (8)

where IoU denotes the Intersection over Union. We take
three consecutive frames as a training sample. The offset
between the first two frames is taken as input, and the last
frame is used as supervision Pgt.

For the training of Refind Module, we extract the data
samples and labels from the tracking dataset. We first ex-
tract all the trajectories in a complete video, and then ran-
domly couple them in pairs, each being a training set. For
each training set, we sample the tracklet and detection, and
label positive or negative by whether they are from the same
trajectory. Then, we supervise the correlation calculation in
Refind Module with a binary cross-entropy loss function:

LCORR =
1

n

n∑
i

−[yi log(ci) + (1− yi) log(1− ci)], (9)
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Tracker Venue IDF1 ↑ MOTA ↑ HOTA ↑ AssA ↑ DetA ↑ FP ↓ FN ↓ IDs ↓ Frag ↓
ReMOT [45] IVC’21 72.0 77.0 59.7 57.1 62.8 33204 93612 2853 5304
QuasiDense [30] CVPR’21 66.3 68.7 53.9 52.7 55.6 26589 146643 3378 8091
SOTMOT [55] CVPR’21 71.9 71.0 - - - 39537 118983 5184 -
SiamMOT [23] CVPR’21 72.3 76.3 - - - - - - -
CorrTracker [42] CVPR’21 73.6 76.5 60.7 58.5 62.9 29808 99510 3369 6063
PermaTrackPr [37] ICCV’21 68.9 73.8 55.5 53.1 58.5 28998 115104 3699 6132
FairMOT [53] IJCV’21 72.3 73.7 59.3 58.0 60.9 27507 117477 3303 8073
CSTrack [24] TIP’22 72.6 74.9 59.3 57.9 61.1 23847 114303 3567 7668
RelationTrack [48] TMM’22 74.7 73.8 61.0 61.5 60.6 27999 118623 1374 2166
TrackFormer [26] CVPR’22 68.0 74.1 - - - 34602 108777 2829 -
MeMOT [7] CVPR’22 69.0 72.5 56.9 55.2 - 37221 115248 2724 -
MTrack [46] CVPR’22 73.5 72.1 - - - 53361 101844 2028 -
MOTR [50] ECCV’22 68.6 73.4 57.8 55.7 60.3 - - 2439 -
ByteTrack [52] ECCV’22 77.3 80.3 63.1 62.0 64.5 25491 83721 2196 2277
P3AFormer(+W&B) [54] ECCV’22 78.1 81.2 - - - 17281 86861 1893 -
MotionTrack(ours) - 80.1 81.1 65.1 65.1 65.4 23802 81660 1140 1605

Table 1. Comparison with the state-of-the-art methods under the “private detector” protocol on the MOT17 test set. ↑ means higher is
better, ↓ means lower is better. The best results for each metric are bolded.

where ci denotes the predicted correlation score, and yi in-
dicates the ground truth correlation label, in which 1 and 0
represent the positive and negative correlation, respectively.

4. Experiments

4.1. Setting

Datasets. We evaluate our MotionTrack under the “private
detection” protocol on the MOT17 [27] and MOT20 [9]
datasets. For fair comparisons, we directly apply the pub-
licly available detector of YOLOX [14], trained by Byte-
Track [52] on MOT17 and MOT20. For the training of the
Interaction Module and Refind Module, we use only half
the training set of MOT17 and MOT20.
Metrics. We employ CLEAR metrics [4] (MOTA, FP, FN,
IDs, etc.), IDF1 [33], and HOTA [25] to evaluate differ-
ent aspects of tracking performance. In particular, IDF1
focuses more on association performance, MOTA is com-
puted based on FP, FN, and IDs, which mainly rely on the
detection performance because the number of FPs and FNs
is larger than IDs. HOTA is a unified metric that balances
the effectiveness of detection and association.
Implementation Details. We implemented our Motion-
Track in PyTorch [31], and performed all experiments on
one NVIDIA GeForce RTX 3090 Ti GPU. For fair compar-
isons, we directly apply the publicly available detector of
YOLOX [14], trained by [52] for MOT17, MOT20. For the
Interaction Module, the threshold used by the signal func-
tion is set to 0.6. For Refind Module, pairs with correlation
scores less than 0.9 were rejected. For the tracking process,
we make full use of all detections with double matching,
following [52]. The default high and low thresholds are 0.6
and 0.1, respectively. Unless otherwise specified, the new
tracklet initialization score is 0.7. In the IoU-based asso-
ciation, we reject the matching if the IoU score is smaller

than 0.2, and we use global motion compensation for stead-
ier tracking. For the lost tracklets, we keep 60 frames for
MOT17 and 120 frames for MOT20, respectively.

4.2. Comparison with the State-of-the-Art Methods

MOT17. As shown in Table 1, our MotionTrack out-
performs the state-of-the-art methods in most key metrics,
i.e., ranks first for metrics IDF1, HOTA, AssA, DetA, IDs,
Frag and ranks second for MOTA. Our approach focuses
on solving dense crowds and extreme occlusion to enable
the tracker with a more robust ability for identity preser-
vation over a short to long range. Consequently, it pro-
duces more accurate associations and vastly outperforms
the second-performance tracker in metrics reflecting the as-
sociation ability (i.e., +2.0 IDF1 and +3.1 AssA). It should
be pointed out that P3AFormer is based on segmentation,
while our MotionTrack is based on detection. Even in this
situation, we are only 0.1 lower than P3AFormer in MOTA,
but IDF1 surpasses it by 2.0. We are the highest on HOTA,
demonstrating the robustness and comprehensive tracking
capability of our MotionTrack. For the IDs metric, we are
40% less than P3AFormer, which shows the strong ability
of our association component.
MOT20. As shown in Table 2, our MotionTrack still
achieves state-of-the-art results on the MOT20 dataset 1 .
Even though ByteTrack uses duplicate detections as our
method, our MotionTrack has made significant progress in
several core metrics (i.e., +1.3 IDF1, +0.2 MOTA, and +1.5
HOTA). Besides, we still achieve the highest HOTA in this
more challenging scenario. Moreover, our MotionTrack
achieves the least IDs, which is 13% less than the second
P3AFormer. The underlying reason is that we infer the oc-
cluded trajectory in the Refind Module, which is able to

1 We ranked second among all methods on the official MOT Challenge
evaluation server and first among all online methods.
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Tracker Venue IDF1 ↑ MOTA ↑ HOTA ↑ AssA ↑ DetA ↑ FP ↓ FN ↓ IDs ↓ Frag ↓
FairMOT [53] IJCV’21 67.3 61.8 54.6 54.7 54.7 103440 88901 5243 7874
CorrTracker [42] CVPR’21 69.1 65.2 - - - 79429 95855 5183 -
SiamMOT [23] CVPR’21 69.1 67.1 - - - - - - -
SOTMOT [55] CVPR’21 71.4 68.6 57.4 57.3 57.7 57064 101154 4209 7568
CSTrack [24] TIP’22 68.6 66.6 54.0 50.0 54.2 25404 144358 3196 7632
RelationTrack [48] TMM’22 70.5 67.2 56.5 56.4 56.8 61134 104597 4243 8236
MeMOT [7] CVPR’22 66.1 63.7 54.1 55.0 - 47882 137982 1938 -
MTrack [46] CVPR’22 69.2 63.5 - - - 96123 86964 6031 -
ByteTrack [52] ECCV’22 75.2 77.8 61.3 59.6 63.4 26249 87594 1223 1460
P3AFormer(+W&B) [54] ECCV’22 76.4 78.1 - - - 25413 86510 1332 -
MotionTrack(ours) - 76.5 78.0 62.8 61.8 64.0 28629 84152 1165 1321

Table 2. Comparison with the state-of-the-art methods under the “private detector” protocol on the MOT20 test set. ↑ means higher is
better, ↓ means lower is better. The best results for each metric are bolded.

Setting IDF1 ↑ MOTA ↑ HOTA ↑ AssA ↑ DetA ↑ IDs ↓
Baseline 82.6 80.4 70.2 72.4 68.7 402
Baseline+I 83.0 80.5 70.5 72.9 68.8 390
Baseline+I+R 83.7 80.7 70.8 73.5 68.9 378

Table 3. Ablation studies on Interaction Module (I) and Refind
Module (R) on the MOT17 validation set.

Setting # IDF1 ↑ MOTA ↑ HOTA ↑ AssA ↑ DetA ↑
30 80.9 79.8 69.0 70.6 68.1

IoU-based 120 80.1 77.6 68.4 70.5 66.9
∆ -0.8 -2.2 -0.6 -0.1 -1.2
30 77.2 77.0 66.4 67.1 66.3

ReID-based 120 70.4 67.5 60.6 60.3 61.6
∆ -6.8 -9.5 -5.8 -6.8 -4.7
30 82.6 80.4 70.2 72.4 68.7

Ours 120 83.3 80.7 70.7 73.2 68.8
∆ +0.7 +0.3 +0.5 +0.8 +0.1

Table 4. Comparison with other methods for handling occlusions
on the MOT17 validation set. We raise the upper limit of occlusion
time from 30 to 120 frames to reflect the ability to deal with long-
term occlusion. Increases and decreases in metrics are marked in
green and red, respectively.

Setting ⩾ 20 ⩾ 40 ⩾ 60 ⩾ 80 ⩾ 100
Baseline 77.2 73.6 75.2 73.3 71.5
Ours 78.3 75.1 76.8 74.1 72.4
Improvement +1.1 +1.5 +1.6 +0.8 +0.9

Table 5. Evaluation of MOTA for crowd and occlusion cases on
the MOT17 validation set. We set visibility < 0.25 and define the
minimum time constants for occlusion or crowds as 20 to 100, re-
spectively. Increases and decreases in metrics are marked in green
and red, respectively.

keep a consistent identity for each trajectory.

4.3. Ablation Study

Effect of Each Component. We conduct ablative experi-
ments to verify the contribution of each component of our
MotionTrack. For reliable verification, all other settings of
baseline are the same, except it utilizes the Kalman Fil-
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Figure 5. Results of Motion Models. The three metrics reflect
the motion prediction accuracy (IoU) and the ability of association
(IDF1 and AssA), respectively.

ter (KF) for motion prediction and re-identifies the lost
tracklet using the IoU score between the tracklet’s iterative
prediction and detection. Then, our proposed Interaction
Module and Refind Module replace the above two compo-
nents, respectively. As shown in Table 3, the Interaction
Module can improve IDF1, HOTA, AssA, and IDs, which
indicates the effectiveness of the introduction of interaction.
Our Refind Module can improve all the metrics, indicating
that the learned history trajectory-based motions are effec-
tive for the long-range data association problem.
Analysis of Interation Module. The IoU-based trackers
predict the location of tracklets in the next frame, and then
compute the IoU between the detection boxes and the pre-
dicted boxes to conduct data association. These methods
heavily rely on accurate predictions to maintain a high-
quality data association. As shown in Figure 5, we compare
the prediction accuracy, in which we take the average IoU of
all targets to count the total IoU score. The results show that
the introduction of interaction yields more accurate predic-
tions than the traditional Kalman Filter. Meanwhile, steady
improvements in IDF1 and AssA indicate that Interaction
Module improves prediction accuracy and leads to stronger
association capability.
Advantage of Refind Module. In practice, the IoU-based
and Re-ID-based approaches are often taken to deal with
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the occlusion problem, while our method learns the dis-
criminative motion patterns between the history trajectories
and current detection to address the extreme occlusion prob-
lem. As shown in Table 4, we compare the classical ap-
proach [44, 52] with our method in terms of its ability to
handle long-term occlusion. The results show that the first
two methods cause dramatic performance decreases due to a
large number of incorrect associations, while our approach
method achieves a consistent improvement in dealing the
long-term occlusion.
Extra Evaluation of Crowd and Occlusion. Extreme oc-
clusion and dense crowds are not always present in the
tracking scene. Therefore evaluating the entire dataset can-
not reflect our ability to directly solve the two challeng-
ing problems. To address this issue, we propose to mod-
ify MOTA to crowdMOTA, which separates people in the
dataset who are likely to be occluded or crowded, and eval-
uate the tracking performance of these people. In particular,
we select people by visibility label in the dataset, i.e., con-
sidering people being crowded or occluded when their visi-
bility is below 0.25. We set the minimum number of frames
from 20 to 100 for continuous occlusion or crowding to val-
idate the solution for samples with different difficulty levels.
As shown inc Table 5, the improvement in samples of dif-
ferent difficulties illustrates the effectiveness of our method
in solving dense crowds and extreme occlusion.

4.4. Visualization

Visualization of Directed Interaction. The directed inter-
action is visualized in Figure 6, from which we find that our
method possesses the ability to capture effective interaction
in different scenarios. In particular, (a) shows that the stride
forward movement pattern of the pedestrian is affected by
the pedestrians coming towards him. In (b), a cyclist walk-
ing toward the left will affect two oncoming pedestrians. As
shown in (c), even if the tracklet is in the LOST state, he is
still influenced by the pedestrians around him. Although he
cannot be seen, he is still actually in the crowd. As a result,
considering the interaction of nearby people helps describe
the movement of the target during occlusion.
Visualization of Refinding Targets. As shown in Figure 7,
two cases of refinding targets are given in the red box. When
the target is occluded, our Interaction Module still itera-
tively infers its location. Therefore, our Refind Module
can accurately re-identify the lost targets through correla-
tion calculation and refine the predicted trajectory by error
compensation.

5. Conclusion
We propose MotionTrack for online MOT, which intro-

duces an Interaction Module and Refind Module to address
the short-term and long-term association problems in MOT.
Our results on the MOT benchmark datasets have shown the

(a) (b) (c)

Figure 6. Visualization of Directed Interaction. The boxes in
different colors represent the bounding boxes of different targets,
the end of arrow represents the affecting target, and the head of
arrow represents affected target.

#70 #80 #90 #100 #110 #120 #130

#55 #63 #71 #79 #87 #95 #103

Figure 7. Visualization of Refinding Targets. The red boxes
represent the locations during occlusion, which are obtained based
on both the iterative prediction of the Interaction Module and the
error compensation of the Refind Module.

benefits of our method. The application of interactions can
lead to more accurate location prediction, yielding more ro-
bust data association. Even though the targets have been oc-
cluded for a long period, they can still be refound by learn-
ing discriminative motion patterns between the history tra-
jectory and current detection. Notably, without using any
complex components, such as person Re-ID, our tracker
achieves state-of-the-art performance.
Limitation and Future Work. One major limitation of our
method is that we only considered the motion patterns and
relationships between pedestrians while ignoring the driv-
able information in interaction, which may weaken its per-
formance in motion prediction. In the future, we plan to
explore this prior information in our MotionTrack to further
improve the tracking performance. Besides, two modules
we proposed can be further combined to support each other
for achieving better results.
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