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Abstract
How to generate robust trajectories of multiple ob-
jects without using any manual identity annotation?
Recently, identity embedding features from Re-ID
models are adopted to associate targets into trajec-
tories. However, most previous methods equipped
with embedding features heavily rely on manual
identity annotations, which bring a high cost for the
multi-object tracking (MOT) task. To address the
above problem, we present an unsupervised embed-
ding and association network (UEANet) for learn-
ing discriminative embedding features with pseudo
identity labels. Specifically, we firstly generate the
pseudo identity labels by adopting a Kalman filter
tracker to associate multiple targets into trajecto-
ries and assign a unique identity label to each tra-
jectory. Secondly, we train the transformer-based
identity embedding branch and MLP-based data as-
sociation branch of UEANet with these pseudo la-
bels, and UEANet extracts branch-dependent fea-
tures for the unsupervised MOT task. Experimental
results show that UEANet confirms the outstanding
ability to suppress IDS and achieves comparable
performance compared with state-of-the-art meth-
ods on three MOT datasets.

1 Introduction
Multi-object tracking (MOT), which aims at estimating re-
liable trajectories of multiple targets in a video sequence,
has a wide range of applications, for example, modern au-
tonomous driving [Milan et al., 2016] and intelligent robot vi-
sion analysis [Dendorfer et al., 2020]. Recent MOT methods
mainly adopt the tracking-by-detection paradigm, i.e., they
continuously detect multiple targets with detectors and then
associate those detection predictions into trajectories with
different data association algorithms [Zhang et al., 2021b;
Wu et al., 2021].

Despite different association algorithms, some MOT meth-
ods [Zou, 2020; Wu et al., 2021; Zhang et al., 2021b;
Wang et al., 2021b; Guo et al., 2021; Sun et al., 2021;
Xu et al., 2020] achieve the impressive performance by ad-
dressing the online MOT task with the following two steps:
(a) detection and identity embedding (or motion predicting),

Figure 1: Visualization of our tracking results on MOT2017 (top-2
rows) and MOT2020 (bottom-2 rows). Each row shows the sampled
frames with a 20-frame interval. Different colors represent different
identities, and targets with the same identity are assigned to the same
trajectory.

and (b) embedding feature/motion prediction-based data as-
sociation. The above two-step tracking procedure inspires
three feasible ways to improve tracking performance. For
example, some methods [Zhang et al., 2021b; Wang et al.,
2021b] adopt the anchor-free detector [Zhou et al., 2019] to
discover occluded targets. Some other methods [Zou, 2020;
Wu et al., 2021; Zhang et al., 2021b; Wang et al., 2021b;
Guo et al., 2021] use an extra identity embedding (or motion
predicting) branch for simultaneously generating detection
predictions and embedding features (or motion predictions) in
their unified networks with the manual annotations of targets.
In terms of data association, some deep data association algo-
rithms [Sun et al., 2021; Xu et al., 2020] bring lower IDS and
higher Multi-Object Tracking Accuracy (MOTA [Bernardin
and Stiefelhagen, 2008]) than hand-crafted constraints.

However, those previous methods mainly focus on the
hand-crafted association algorithms, which suppresses the
ability to effectively exploit discriminative embedding fea-
tures to generate robust trajectories. Moreover, learning em-
bedding features with the manual identity annotations brings
a high economic cost for supervised MOT methods.
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In this paper, we present a novel unsupervised transformer-
based embedding and association network (UEANet, as
shown in Figure 2). To address the problems of high-
cost manual annotations and full use of embedding features,
UEANet adopts pseudo identity labels to generate discrimi-
native embedding features with a transformer-based discrim-
inative feature enhancer (DFE) module, and it performs an
end-to-end data association process in an unsupervised way.

We summarize the main contributions as follows:
• We present a novel unsupervised embedding and associ-

ation network (UEANet) to learn discriminative embed-
ding features and perform an end-to-end data association
process for the unsupervised MOT task.

• We train the transformer-based identity embedding
branch and MLP-based association branch of UEANet
with pseudo identity labels, which go beyond the limita-
tion of high-cost manual identity annotations used in the
supervised MOT task.

• UEANet achieves comparable performance compared
with previous advanced methods on three MOT datasets,
and it ranks second in terms of MOTA.

2 Related Work
Recent MOT methods. Tracking by detection is the most
popular tracking paradigm, as mostly adopted in recent MOT
methods [Zou, 2020; Wu et al., 2021; Zhang et al., 2021b;
Wang et al., 2021b; Guo et al., 2021; Sun et al., 2021; Xu et
al., 2020]. These methods focus on reliable detection predic-
tions and embedding features (or motion predictions) for sub-
sequently associating targets into trajectories with different
data association algorithms. For example, TraDes [Wu et al.,
2021] extends the advanced detector [Zhou et al., 2019] with
the extra motion prediction branch and uses the motion pre-
dictions to perform data association based on the bounding-
box IoU constraint. Some other methods [Sun et al., 2021;
Xu et al., 2020] adopt fully-connected (FC) network-based
association algorithms, which further improve their tracking
performance. For example, SST [Sun et al., 2021] employs
the deep affinity network to use the pairs of object appearance
features between different frames for generating trajectories
in the end-to-end way, which highly improves the perfor-
mance on IDS. However, the hand-craft constraints or simple
deep association network need discriminative embedding fea-
tures (or motion predictions) learned in the supervised way.
The manual identity annotations are essential in previous su-
pervised methods. In contrast, recent unsupervised method
[Liu et al., 2022] trains the re-ID branch without any manual
identity label in the unsupervised way. Moreover, it is ad-
versely affected by confusing embedding features caused by
unsupervised training.

We follow the unsupervised learning fashion and present
a transformer-based embedding and association network to
adopt the pseudo identity labels instead of manual annota-
tions for the unsupervised MOT task.
Our unsupervised method. In this paper, we try to gener-
ate discriminative embedding features with the proposed dis-
criminative feature enhancer module, and suppress the com-

petition between detection and identity embedding branches.
Moreover, the MLP-based data association branch takes the
embedding features of candidate trajectories as input and gen-
erates final trajectories in an end-to-end way. Note that we
train the identity embedding and data association branches
without using any manual identity label. The proposed un-
supervised embedding and association network (UEANet)
breaks through the limitation of high-cost manual annota-
tions, and achieves comparable performance against previous
advanced methods.

3 Proposed Method
As the overview of UEANet shown in Figure 2, Our method
consists of the detection and identity embedding branches in-
tegrated with the transformer-based discriminative feature en-
hancer (DFE) module, and the subsequent MLP-based data
association branch. We train the identity embedding and data
association branches with the pseudo identity labels gener-
ated by the Kalman filter tracker of ByteTrack [Zhang et al.,
2021a]. Next, we introduce the motivation of UEANet to ex-
tract discriminative embedding features with the DFE module
in the unsupervised way.

3.1 Motivation of Our Unsupervised Method
Due to the high economic cost of manual identity annotations
in the supervised methods, we train the proposed UEANet
with pseudo identity labels. As the pseudo identity labels are
obtained with relatively poor detection predictions, they lack
the interfering identity labels of the near-completely occluded
targets. However, the manual detection labels and the pseudo
identity labels are not one-to-one correspondences, and bring
the competition of network optimization between the detec-
tion and identity embedding branches, resulting in confusing
embedding features for data association. Unlike the previ-
ous unsupervised method [Liu et al., 2022] suffering from
the confusing embedding features ect (formulated as Eq.(1)),
we develop the DFE module to concurrently enhance the em-
bedding and detection features for generating reliable detec-
tion predictions dt and discriminative embedding features et,
which are formulated as

fP : Ft −→ dt, e
c
t , (1)

fU : Ft −→ dt, et, (2)
wherefP and fU denote the previous and the proposed unsu-
pervised detection and embedding branches. Ft denotes the
current-frame image. Then, we perform the end-to-end data
association, mathematically defined as

ge2e : dt, et,dt−1, et−1 −→ A, (3)
where ge2e denotes the proposed end-to-end unsupervised as-
sociation branch that calculates the association matrix A be-
tween the detection predictions from the frames t and t− 1.

The final trajectories are commonly obtained with the as-
sociation matrix A, which is learned with pairs of embedding
features corresponding to candidate trajectories between the
current frame and the associated trajectories, like SST [Sun
et al., 2021]. In addition, we jointly train the identity embed-
ding and data association branches to perform MOT in the
end-to-end unsupervised way.
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Figure 2: Overview of the proposed UEANet. We extend a detection network by integrating an identity embedding branch to generate
discriminative embedding features based on pseudo identities. The subsequent MLP-based data association branch evaluates the association
confidence scores of candidate trajectories between the current frame t and the past frame t − 1. MLP and Attention respectively denote
the MLP and attention components used in the discriminative feature enhancer (DFE) module. Emb. pairs represent pairs of embedding
features for candidate trajectories. Original Det. GT denote the original manual labels for object detection. Therefore, we finally achieve the
trajectories of t with the unsupervised end-to-end transformer-based embedding and association network.

3.2 Unsupervised Identity Embedding
We employ the proposed transformer-based discriminative
feature enhancer (DFE) in the detection and identity embed-
ding branches of UEANet, as shown in Figure 2. The DFE
module aims to suppress the branch competition and generate
reliable detection predictions and discriminative embedding
features. It contains two components: attention and MLP.
Attention variants. The attention component of DFE is se-
lected from multiple variants, such as self-attention [Vaswani
et al., 2017], SGE-attention [Li et al., 2019], shuffle-attention
[Zhang and Yang, 2021], and SPSelf-attention [Liu et al.,
2021]. It aims to suppress the branch competition by gen-
erating branch-dependent features for the detection and iden-
tity embedding branches. For example, SGE-attention [Li et
al., 2019] improves the learning of different semantic sub-
features of each branch, and intentionally enhances the re-
spective spatial distribution of features for the two branches.
The above processes can be formulated as

xc
t = MLPMixer[SGE −Attention(xt)], (4)

xp
t = MLPMixer[SGE −Attention(xt)], (5)

where xt is the input features of the current frame t. xc
t

and xp
t are the detection-dependent features and identity-

dependent features for the detection and identity embedding
processes, respectively. MLPMixer denotes the MLP com-
ponent.

MLP variants. Some MLP variants, such as FFN [Vaswani
et al., 2017], ResMLP [Touvron et al., 2021], RepMLP [Ding
et al., 2021] and MLPMixer [Tolstikhin et al., 2021], are
taken into consideration for the MLP component of DFE.
For example, MLPMixer [Tolstikhin et al., 2021] is to clearly
separate the per-location operations and cross-location opera-
tions in multi-layer perceptrons for feature extraction, which
enhances the fitting ability of the attention component of
DFE, as shown in Eq.(4)&(5). With the cooperation of the
two components, the proposed DFE module effectively ex-
tracts branch-dependent features to generate reliable detec-
tion predictions and discriminative embedding features for
the subsequent data association process.

3.3 Unsupervised Data Association
The MLP-based data association branch is integrated into
the detection and identity embedding network to replace the
hand-craft association algorithms. It is jointly optimized with
the detection and identity embedding branches in the unsuper-
vised way. Note that we employ the same MLP component
as the one in the DFE module.
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Figure 3: Qualitative comparisons of the predicted trajectories obtained by the UEANet variants in the first and sixth rows of Table 1. These
trajectories are selected from Frame 416 to Frame 435 in the No. 0013 video sequence of MOT2017. The three axes (Height, Width, Frame)
represent the two-dimensional spatial positions and one-dimensional temporal position of targets in the predicted trajectories. The identity of
each trajectory is marked by its color.

As shown in Figure 2, each detection prediction has the
corresponding embedding feature. We build embedding fea-
ture pairs to mark each candidate trajectory between detec-
tion predictions in the past frame t− 1 and the current frame
t, similar to SST [Sun et al., 2021]. Moreover, for each de-
tection prediction of t, we only select top-n embedding fea-
ture pairs to reduce computational cost. The MLP-based data
association branch outputs probabilities of candidate trajecto-
ries included in the ground truth, i.e., association confidence
scores ct, which are formulated as

ct = MLPMixer[(et, et−1)], (6)

where (et, et−1) are pairs of embedding features for candi-
date trajectories. We keep the trajectories whose association
confidence scores are larger than a confidence threshold β.

Compared with the hand-craft association algorithm in
[Zhang et al., 2021b] and the FC-based deep association net-
work [Sun et al., 2021], our MLP-based association branch
performs the unsupervised end-to-end data association pro-
cess and achieves robust trajectories (see Figure 3 and Table
2).

3.4 Training Steps and Loss
To adopt unsupervised training of the proposed UEANet, be-
fore the epoch T , we firstly generate detection predictions
with the detection branch equipped with the network param-
eters of the past epoch T − 1. Then, we construct trajecto-
ries with the Kalman filter tracker of ByteTrack [Zhang et al.,
2021a] for generating the pseudo identity labels. At the epoch
T , we adopt the pseudo identity labels pG

t to train the identity
embedding and association branches while training the detec-

tion branch with the original manual detection labels. More-
over, embedding features et are mapped to the corresponding
identities pt with a FC layer and a softmax function. We
split the long trajectories into tracklets to generate the data
association labels cGt . Therefore, we add the extra identity
embedding loss Lie and data association loss Lda to the orig-
inal detection loss Ldet utilized in the detector [Zhou et al.,
2019] for training the whole tracking network with Eq.7.

L(t) = Ldet(d
G
t ,dt) + Lie(p

G
t ,pt) + Lda(c

G
t , ct), (7)

where Lie and Lda are the common K-class and 2-class
cross-entropy losses. K is the number of trajectories. For
Lda, we set the association label to 1 when the candidate tra-
jectory belongs to the pseudo trajectories; otherwise, we set
it to 0.

4 Experiments
4.1 Implementation Details
We evaluate the proposed UEANet on the MOT2016 [Milan
et al., 2016], MOT2017 [Milan et al., 2016] and MOT2020
[Dendorfer et al., 2020] datasets. For ablation studies in
Section 4.2, we follow the previous methods [Zhang et al.,
2021b; Wang et al., 2021b; Wu et al., 2021] to use the first
half of each video sequence of the MOT2017 training set for
training while using the second half for validation. We fol-
low the unsupervised tracking fashion to train the backbone
[Zhang et al., 2021b], and the detection, identity embedding
and data association branches of UEANet for 30 epochs with
a learning rate of 1 × 10−4 and a mini-batch size of 24 on 4
RTX2080 Ti GPUs (using 2 RTX2080 Ti GPUs for ablation
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Attention MLP MOTA↑ IDF1↑ IDS↓
None* None* 69.1 72.9 299
None None 68.4 69.9 751
None FFN 69.6 74.4 271
None RepMLP 70.2 75.1 301
None ResMLP 70.1 74.1 373
None MLPMixer 70.2 74.5 372
Self-Attention None 69.5 74.2 320
SGE-Attention None 69.4 73.7 374
Shuffle-Attention None 70.4 75.6 327
SPSelf-Attention None 69.7 74.6 309
SGE-Attention FFN 69.9 74.5 314
SGE-Attention RepMLP 69.7 74.8 265
SGE-Attention ResMLP 69.2 73.5 387
Self-Attention MLPMixer 69.7 75.0 350
Shuffle-Attention MLPMixer 70.5 75.1 327
SPSelf-Attention MLPMixer 70.3 75.0 331
SGE-Attention* MLPMixer* 70.5 75.4 298
SGE-Attention MLPMixer 70.7 75.7 295

Table 1: Ablation studies of the attention and MLP variants on the
MOT2017 validation set. Attention denotes the attention component
used in the discriminative feature enhancer (DFE) module. MLP
denotes the MLP component used in the DFE module and the MLP-
based association branch. * means supervised training. The best
result is marked in bold.

studies). We set m to 1 for both detection and identity embed-
ding branches, and experimentally set n to 3. The association
confidence threshold β is 0.4 during inference.

Following the prior methods [Zou, 2020; Wu et al., 2021;
Zhang et al., 2021b], we use the common evaluation met-
rics: HOTA, IDF1, and the CLEAR metrics [Bernardin and
Stiefelhagen, 2008], etc..

4.2 Ablation Studies
Supervised vs. unsupervised tracking. We evaluate the
baseline [Zhang et al., 2021b] and the proposed UEANet
based on both supervised and unsupervised training. The re-
sults are shown in the first and sixth rows of Table 1. UEANet
achieves comparable performance on MOTA, IDF1 and IDS
compared with the supervised UEANet, while the supervised
baseline outdistances the unsupervised one. These results in-
dicate that UEANet effectively suppresses the adverse influ-
ence of the branch competition caused by the pseudo labels
and extracts discriminative branch-dependent features by the
DFE module for the unsupervised MOT task.

Attention variants. To validate the contribution of the at-
tention component, we adopt the different attention variants
in the DFE module and observe their influences on perfor-
mance. The comparison results are shown in the third, fifth
and sixth rows of Table 1. Compared to the unsupervised
baseline, the UEANet variants only equipped with the at-
tention component, achieve the different and better tracking
results on MOTA, IDF1 and IDS. Moreover, the UEANet
variants equipped with both attention and MLPMixer com-
ponents, further improve the performance on MOTA. For ex-
ample, UEANet (SGE-Attention + MLPMixer) achieves the

improvement of 1.0%/0.7% on MOTA/IDF1 compared with
UEANet (Self-Attention + MLPMixer). These observations
confirm the important role of the attention component in the
DFE module for generating branch-dependent features.

MLP variants. As shown in Table 1, we use four kinds
of MLP variants in the detection, identity embedding and
data association branches to evaluate their contributions to
UEANet. The UEANet variants achieve better tracking per-
formance than the unsupervised baseline while performing
the end-to-end MLP-based data association process. More-
over, different MLP variants bring different performance in
terms of the cooperation between the attention and MLP com-
ponents. For example, UEANet (SGE-Attention + MLP-
Mixer) has better performance on MOTA than UEANet
(SGE-Attention + FFN), which verifies the different but ef-
fective fitting abilities of MLP variants to generate discrimi-
native embedding features and reliable trajectories.

Visualization of trajectories. As shown in Figure 3, we
present the visualization of the predicted trajectories obtained
by the UEANet variants. The False Negatives (FN [Bernardin
and Stiefelhagen, 2008]) of targets are displayed in the fig-
ure. we visually evaluate the performance of these variants
according to the completeness of trajectories. The proposed
UEANet obtains the best trajectories against other variants,
which visually proves the superiority of UEANet to suppress
the adverse influence of the pseudo identity labels and gener-
ate robust trajectories for the unsupervised MOT task.

4.3 Experiments on the MOT Test Sets
MOT2016 and MOT2017. For MOT2016 and MOT2017
[Milan et al., 2016], the official MOTChallenge evaluation
server obtains the tracking results for the proposed UEANet.
As shown in the first and second rows of Table 2, UEANet
ranks top-1 or top-2 among all the published methods. Com-
pared with the second-performance method [Wang et al.,
2021b], it achieves an improvement of 1.3%/3.3%/2.2%
on MOTA/IDF1/HOTA for MOT2016. Note that UEANet
achieves the desirable performance with less computational
cost than the top-1 method, ByteTrack [Zhang et al., 2021a]
(4 RTX2080 Ti GPUs vs. 8 V100 GPUs) and meanwhile
decreases IDS by 30.2% from 2196 to 1533 on MOT2017.
Moreover, it outperforms the unsupervised method, UTracK
[Liu et al., 2022] on MOTA, IDF1 and IDS. These results
indicate that UEANet is a strong end-to-end baseline for the
unsupervised tracking task. It exploits the transformer-based
DFE module to learn discriminative embedding features and
generate reliable trajectories based on the pseudo identity la-
bels.

MOT2020. The MOT2020 [Dendorfer et al., 2020] dataset
includes much more persons per frame and heavier occlusion
cases than the MOT2017 dataset. As shown in the third row
of Table 2, the proposed UEANet also ranks top-2 among all
the published methods. However, it only achieves the rel-
atively lower tracking performance (on MOTA, HOTA and
IDS) on MOT2020 compared to MOT2017. The reason is
most likely the heavier occlusion cases of MOT2020, which
have the adverse influence on the pseudo identity labels and
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Dataset Method Pub.&Year MOTA↑ IDF1↑ HOTA↑ MT↑ ML↓ IDS↓ FPS↑

MOT16

CTrackerV1 [Peng et al., 2020] ECCV’20 67.6 57.2 49.2 32.9 23.1 1897 6.8
FairMOT [Zhang et al., 2021b] IJCV’21 74.9 72.8 59.8 44.7 15.9 1074 25.9
CSTrack [Zou, 2020] arXiv’20 75.6 73.3 59.8 42.3 16.5 1121 15.8
FUFET [Shan et al., 2020] arXiv’20 76.5 68.6 58.3 52.8 12.3 1026 6.6
CorrTracker [Wang et al., 2021b] CVPR’21 76.6 74.3 61.0 47.8 21.7 979 15.9
GSDT V2 [Wang et al., 2021a] ICRA’21 73.2 66.5 55.2 41.7 17.5 3891 1.6
TraDeS [Wu et al., 2021] CVPR’21 70.1 64.7 53.2 37.3 20.0 1144 22.3
UTrack† [Liu et al., 2022] Neuro’22 74.2 71.1 - 44.8 14.0 1324 24.8
UEANet(Ours)† This paper 77.9 77.6 63.2 43.5 17.3 491 25.1

MOT17

CTrackerV1 [Peng et al., 2020] ECCV’20 66.6 57.4 49.0 32.2 24.2 5529 6.8
FairMOT [Zhang et al., 2021b] IJCV’21 73.7 72.3 59.3 43.2 17.3 3303 25.9
CSTrack [Zou, 2020] arXiv’20 74.9 72.6 59.3 41.5 17.5 3567 15.8
FUFET [Shan et al., 2020] arXiv’20 76.2 73.6 57.9 51.1 13.6 3237 6.8
TransCenter [Xu et al., 2021] arXiv’21 73.2 62.2 54.5 41.1 19.0 2964 1.0
CorrTracker [Wang et al., 2021b] CVPR’21 76.5 73.6 60.7 47.6 12.7 3369 15.6
GSDT V2 [Wang et al., 2021a] ICRA’21 73.2 66.5 55.2 41.7 19.0 3891 4.9
TraDeS [Wu et al., 2021] CVPR’21 69.1 63.9 52.7 36.4 21.5 3555 22.3
ByteTrack [Zhang et al., 2021a] arXiv’21 80.3 77.3 63.1 53.2 14.5 2196 29.6
UTrack† [Liu et al., 2022] Neuro’22 73.5 70.2 - 43.3 15.2 4110 25.4
UEANet(Ours)† This paper 77.2 77.0 62.7 41.7 19.0 1533 25.1

MOT20

CSTrack [Zou, 2020] arXiv’20 66.6 68.6 54.0 50.4 15.5 3196 0.2
TransCenter [Xu et al., 2021] arXiv’21 61.9 50.4 44.3 49.4 15.5 4653 1.0
TransTrack [Sun et al., 2020] arXiv’20 64.5 59.2 48.5 49.1 13.6 3565 14.9
FairMOT [Zhang et al., 2021b] IJCV’21 61.8 67.3 54.6 68.8 7.6 5243 13.2
CorrTracker [Wang et al., 2021b] CVPR’21 65.2 69.1 - 66.4 8.9 5183 8.5
GSDT V2 [Wang et al., 2021a] ICRA’21 67.1 67.5 53.6 53.1 13.2 3230 1.5
ByteTrack [Zhang et al., 2021a] arXiv’21 77.8 75.2 61.3 69.2 9.5 1223 17.5
UTrack† [Liu et al., 2022] Neuro’22 68.5 69.4 - 57.9 12.2 2147 12.4
UEANet(Ours)† This paper 73.0 75.6 58.6 55.0 13.9 1423 12.8

Table 2: Comparisons of the proposed UEANet with state-of-the-art methods on the three MOT test sets. ‘Pub.&Year’ denotes the article
publishers and publication years of previous methods. ‘↑’(‘↓’) means that the higher (lower) result is the better. ‘†’ denotes an unsupervised
method. The top-3 best results for each metric are marked in bold, underlined and italics, respectively.

the unsupervised training of UEANet. Note that UEANet sur-
passes UTracK [Liu et al., 2022] and achieves the excellent
IDF1 on all three datasets, which directly demonstrates the
strong ability to extract the discriminative embedding features
for identifying similar targets. The results further indicate
that UEANet effectively suppresses the branch competition
caused by the pseudo identity labels. It effectively extracts
the branch-dependent features with the DFE module for the
unsupervised MOT task, even in crowded scenarios.

Visualization of test results. We show the tracking results
obtained on the MOT2017 and MOT2020 test sets in Figure
1. These tracking results confirm the outstanding ability of
UEANet to deal with the unsupervised MOT task.

Failure examples. As the predicted trajectories shown in
Figure 3, the FN of the UEANet variants are visually dis-
played in the No. 0013 sequence of the MOT2017 validation
set. The proposed UEANet achieves much better trajectories
than the unsupervised baseline. However, there are still many
FN compared with the ground-truth trajectories, which means
there is still room for improvement in our method.

5 Conclusion

In this paper, we present a novel tracking network integrated
with a transformer-based identity embedding branch and a
MLP-based data association branch to perform the unsuper-
vised MOT task with pseudo identity labels instead of high-
cost manual identity annotations. To alleviate the adverse in-
fluence of these pseudo labels, we develop a discriminative
feature enhancer (DFE) module to suppress the branch com-
petition and extract branch-dependent features for the unsu-
pervised identity embedding and end-to-end data association
processes. We evaluate many UEANet variants in the ex-
periments and make the proposed UEANet a strong baseline
for the subsequent researches. Extensive evaluations demon-
strate the superiority of our unsupervised method on the three
MOT datasets.
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