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Abstract

Although existing multi-object tracking (MOT) algorithms
have obtained competitive performance on various bench-
marks, almost all of them train and validate models on the
same domain. The domain generalization problem of MOT
is hardly studied. To bridge this gap, we first draw the ob-
servation that the high-level information contained in natural
language is domain invariant to different tracking domains.
Based on this observation, we propose to introduce natural
language representation into visual MOT models for boost-
ing the domain generalization ability. However, it is infeasi-
ble to label every tracking target with a textual description.
To tackle this problem, we design two modules, namely vi-
sual context prompting (VCP) and visual-language mixing
(VLM). Specifically, VCP generates visual prompts based on
the input frames. VLM joints the information in the generated
visual prompts and the textual prompts from a pre-defined
Trackbook to obtain instance-level pseudo textual descrip-
tion, which is domain invariant to different tracking scenes.
Through training models on MOT17 and validating them on
MOT20, we observe that the pseudo textual descriptions gen-
erated by our proposed modules improve the generalization
performance of query-based trackers by large margins.

Introduction

As a fundamental vision perception task, multi-object track-
ing (MOT) has been extensively deployed in broad applica-
tions, e.g., autonomous driving, video analysis and intelli-
gent robots (Bewley et al. 2016; Wojke, Bewley, and Paulus
2017). There exist numerous works studying how to track
targets well (Bergmann, Meinhardt, and Leal-Taixe 2019;
Peng et al. 2020; Pang et al. 2020; Wang et al. 2020). The
early methods usually first detect targets using either anchor-
based or keypoint-based detectors, and then associate the de-
tected targets based on extracted appearance representation
(Wang, Weng, and Kitani 2020; Zhang et al. 2021) or pre-
dicted motion (Bergmann, Meinhardt, and Leal-Taixe 2019;
Peng et al. 2020). Recently, some researchers apply vision
transformer (Dosovitskiy et al. 2020; Carion et al. 2020)
to MOT for implementing the models in a more end-to-end
fashion (Meinhardt et al. 2021; Zeng et al. 2021).
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Figure 1: (a) Since the training set and testing set of existing
MOT datasets (such as MOT16 and MOT17) are usually cre-
ated by splitting the same videos, they are completely from
the same domains. (b) Compared with other counterparts,
our method presents outstanding generalization ability when
evaluated on an unseen domain.

Although previous MOT methods have achieved promis-
ing performance to some extent, almost all of them only con-
sider training and evaluating models in the same domain.
In fact, as shown in Fig. 1 (a), the training and testing sets
of commonly employed MOT datasets, such as MOT17 and
MOT?20, are mostly produced by spliting the identical videos
into two parts. Thus the existing models are only evaluated
in the same domain as the training set. When we test some
of them (i.e., TransTrack, TraDeS, and CenterTrack) in an-
other unseen domain, as illustrated in Fig. 1 (b), their perfor-
mance drops dramastically, leading to generalization bottle-
neck. And to our best knowledge, this domain generalization
problem of MOT is hardly studied in literature.

In this work, we aim to tackle the poor generalization abil-
ity of exist trackers where the cross-domain training data is
unattainable. Inspired by the recent works of multi-modal
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Figure 2: The generalization ability of natural language rep-
resentation. As shown, since the information in a sentence is
high-level, it can describe persons with similar appearances
in two significantly different domains.

models, we try to seek more generalized features besides
vision. To this end, we first draw the observation that natu-
ral language description is naturally domain invariant to dif-
ferent tracking domains. For example, as illustrated in Fig.
2, although the two men appear in two significantly differ-
ent domains (e.g., illumination, background, or resolution),
they can be described by the same sentence. Hence, we be-
lieve that natural language representation generalizes better.
Moreover, the recent models like CLIP (Radford et al. 2021)
provide unified visual and linguistic representations, allow-
ing us to design some advanced strategies to introduce the
natural language representation into MOT models.

To achieve this goal, the key challenge is how to design
a model for adaptively pre-processing and effectively post-
aggregating both natural language and images. CLIP-like
models only bridge the features from two modals, while our
model should learn to improve its generalization ability in
the tracking task. By virtue of the versatile multi-modal fu-
sion property (e.g., image, text, or point cloud) of the Trans-
former, we select a Transformer-based tracker, MOTR (Zeng
et al. 2021), as the baseline model. In MOTR, every tracklet
is represented as a track query. Hence, it is straightforward
to devise modules for incorporating the text representation
into the original track queries of MOTR.

However, there is still a severe obstacle hindering our de-
sign: it is too troublesome to label every tracking target in
the training set with description text. To address this prob-
lem, we first prepare a Trackbook, which comprises 56 de-
scription phrases covering most tracking cases. In this way,
the following problem is how to associate the information in
these description phrases with detected targets.

To this end, we first convert the phrases in Trackbook
to word embeddings named textual prompts through bag-
of-words (Zhang, Jin, and Zhou 2010). Afterwards, we de-
sign two modules i.e., Visual Context Prompting (VCP)
and Vision-Language Mixture (VLM), to associate the de-
scription text in the Trackbook with tracked targets auto-
matically. VCP encodes the input image contexts as tokens
called visual prompts, which contain domain related appear-
ance and scene information of tracking targets. This infor-
mation can be regarded as the implicit description of tar-
gets and used as the supplement to the domain-independent
textual prompts. VLM associates and mixes the aforemen-
tioned textual prompts and visual prompts for generating
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new embeddings called pseudo textual description (PTD).
The PTD contains high-level descriptions about tracking tar-
gets and generalizes well like the sentences presented in Fig.
2. Therefore, by combining the pseudo textual descriptions
with the original track queries, the generalization ability of
the baseline tracker is improved.

Through combining the proposed method of generating
PTD with the baseline method, we obtain a new tracking
model and name it as language-guided tracker (LTrack). To
evaluate its generalization performance and compare with
other advanced methods, we train all models on MOT17 and
validate on MOT20 dataset. To our knowledge, this is the
first work to leverage this testing protocal, which is exactly
anew cross-domain MOT evaluation benchmark. The exper-
imental results reveal that our method boosts the generaliza-
tion ability of the baseline model significantly while achiev-
ing state-of-the-art (SOTA) performance on this benchmark.

Related Work

Multiple-object Tracking. Thanks to the fast develop-
ment of object detection techniques (Ren et al. 2015; Tian
et al. 2019; Zhou, Wang, and Krihenbiihl 2019; Carion
et al. 2020), existing trackers mainly follow the tracking-by-
detection paradigm (Bewley et al. 2016; Wojke, Bewley, and
Paulus 2017; Bergmann, Meinhardt, and Leal-Taixe 2019;
Peng et al. 2020; Pang et al. 2020; Wang et al. 2020), which
first localizes targets in each frame and then associates them
based on their recognized identities to obtain trajectories.

According to the association strategy, early MOT meth-
ods can be further divided into motion-based trackers and
appearance-based trackers. Most motion-based trackers per-
form the association step based on motion prediction algo-
rithms, such as Kalman Filter (Bishop, Welch et al. 2001)
and optical flow (Baker and Matthews 2004). There are
also some other motion-based trackers (Feichtenhofer, Pinz,
and Zisserman 2017; Bergmann, Meinhardt, and Leal-Taixe
2019; Zhou, Koltun, and Kriahenbiihl 2020; Sun et al. 2020;
Shuai et al. 2021) that build networks to directly predict the
future locations or displacements of concerned targets. In
contrast to the motion-based trackers, the appearance-based
trackers (Wojke, Bewley, and Paulus 2017; He et al. 2021;
Wang et al. 2020; Zhang et al. 2021; Liang et al. 2020; Wu
et al. 2021; Yu et al. 2022) first extract the appearance rep-
resentation of targets and match targets to trajectories based
on the similarity of the obtained representation.

Although the performance of the aforementioned methods
is competitive, they do not realize fully end-to-end tracking
due to the post-processing operations. Recently, The Trans-
former model originally designed for natural language pro-
cessing (NLP) has been applied to computer vision. For ex-
ample, DETR (Carion et al. 2020) models the 2D object
detection task as a set-to-set prediction problem based on
Transformer (Vaswani et al. 2017). DETR (Carion et al.
2020) is first proposed to turn the object detection into a set
prediction problem. Inspired by DETR, TrackFormer (Mein-
hardt et al. 2021) and MOTR (Zeng et al. 2021) regard MOT
as a sequence prediction problem by representing every tra-
jectory as a track query. They are fully end-to-end and do
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Figure 3: Overall pipeline of LTrack.

not demand post-processing. In this work, MOTR is taken
as the baseline method.

Vision-language Models. Vision-language models have
been widely studied in the fields of text-to-image retrieval
(Wang et al. 2019), images caption (Xu et al. 2015), visual
question answering (Antol et al. 2015), referring segmen-
tation (Hu, Rohrbach, and Darrell 2016), etc. Among the
many related publications, vision-language pretraining has
attracted growing attention recently, and the milestone work
is Contrastive Language-Image Pre-training (CLIP) (Rad-
ford et al. 2021). CLIP pre-trains models through conduct-
ing contrastive learning among 400 million image-text pairs
crawled from the Internet. Its impressive generalization abil-
ity has been confirmed by being evaluated across 30 classifi-
cation datasets. The pre-trained CLIP encoders are also ap-
plied to many other downstream tasks, e.g., open-vocabulary
detection (Gu et al. 2021), zero-shot semantic segmentation
(Rao et al. 2022) and so on. However, to the best as we
know, CLIP encoders have not been applied to MOT, and we
are the first to utilize the knowledge contained in the CLIP
encoders to boost the generalization performance of visual
MOT models.

Domain Generalization for MOT. Domain generalization
is critical for practical applications of visual deep learning
models. When evaluated on an unseen testing domain, a
model is expected to present performance consistent with
that of the training domain. Although the domain general-
ization problem has been extensively studied in many tasks,
such as object detection (Chen et al. 2018) and person re-
identification (Deng et al. 2018), it is hardly studied in MOT.
In this work, we aim to bridge this gap.

Methodology
Delve into the Track Query

MOTR is an end-to-end MOT tracker that is build on the
transformer. The key design of MOTR is the track query.
In fact, MOTR employs two kinds of learnable embeddings,
i.e., the detect queries and track queries. The detect queries
are used in the same way as DETR (Carion et al. 2020),
and the difference is that they are only responsible for rec-
ognizing newborn targets in each frame rather than all tar-
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gets. When a new object is detected, the matched detect
query obtains a corresponding track query to track this tar-
get. Meanwhile, if a previously detected object is continu-
ously missing for N,, frames (NN, is a hyper-parameter),
the track query is deleted. Hence, the track query naturally
represents a trajectory, and no post-processing such as NMS
is demanded.

The track queries are continuously updated according to
the representation extracted from the input frame during the
tracking process, Nevertheless, the representation is only
learned from low-level image features and represents the
statistics of the training set. Hence, they are prone to being
over-fitting to a specific tracking domain. When the track-
ing domain changes, the tracker could fail. To tackle this
problem, we hope to introduce high-level natural language
representation into track queries to boost the generalization
capability.

Method Overview

As illustrated in Fig. 3, LTrack comprises four components,
the original MOTR (including the shown encoders and de-
coders). the Trackbook, and the proposed VCP and VLM
modules. Given the ¢ frame of a video as input, the encoders
extract context tokens from it. The context tokens and the
track queries of the t — 1 frame are fed to VCP to produce
visual prompts. Afterwards, the visual prompts and the tex-
tual prompts generated from the Trackbook are transformed
as PTD tensors by VLM. The CLIP text encoder is employed
in VLM to transfer the prompts to the PTD. Finally, the track
queries of the ¢ — 1 frame and the PTD tensors are concate-
nated and encoded as the track queries of the ¢ frame for
further tracking.

Trackbook

As mentioned before, it is too troublesome to label every
tracking target with a descriptive sentence. Alternatively, we
create a dictionary called Trackbook including 56 descrip-
tion phrases, such as “person riding bike”. These phrases
can describe most tracking cases. Then, we transform these
phrases into more intact sentences by adding a fixed tem-
plate. For example, “person riding bike” is converted as "A
photo of person riding bike”. Afterwards, we convert all



these sentences as tensors named textual prompts through
the classical bag-of-words method (Zhang, Jin, and Zhou
2010). The textual prompts contain the description informa-
tion of various kinds of tracking targets. We hope our de-
signed modules can learn to associate a target with the cor-
responding description information in the textual prompts
automatically and use the information to improve the gen-
eralization performance. Notably, the Trackbook can be dy-
namically supplemented. And the learned PTD can be more
general when applying more detailed textual descriptions in
the Trackbook.

Visual Context Prompting

We aim to associate the textual information in Trackbook
with the visual information of tracking targets. In addition,
we hope these two kinds of information can be processed by
a unified module. Thus, we hope the visual and textual infor-
mation can be organized in the same format (such as tensors
of the same dimension). Since textual information is often
represented as prompts, the visual information should also
be modeled as prompts. In this way, we design a module to
learn the association between them later. Moreover, the tex-
tual information from the Trackbook is coarse-grained and
the number of texts is limited. Therefore, we need to cap-
ture the fine-grained information from the image contexts to
enrich the textual description.

To the aforementioned end, we design the VCP module.
The VCP module is for generating visual prompts based on
the context tokens generated by the encoders shown in Fig.
3. To clearly inform VCP which regions it should focus on,
the track queries of the previous frame are also adopted as
the input of VCP. Specifically, VCP adopts the Transformer
decoder structure. It takes the context tokens produced by
the final encoder (denoted as ¢;) and the track queries of the
previous frame ¢;_; as input, which is formulated as fol-
lows:

vy = TransDecoder(qi—1,¢t),

ey

where v; € RM*P denotes the obtained visual prompts.
M and D are the track query number and the embedding di-
mension, respectively. In VCP, the Query of the Transformer
decoder is obtained based on the original track query q;_1,
and the Key and Value are derived from c;.

Visual-Language Mixing

VLM is responsible for mixing the textual prompts from
Trackbook and the visual prompts from VCP to obtain PTD.
The detailed structure of VLM is illustrated in Fig. 4. As
shown, VLM consists of three parts, i.e., the text encoder,
the adapter, and a cross-attention module. The text encoder
is exactly the publically available CLIP text encoder, which
is pre-trained using about 400 million image-text pairs. In
this work, the weights of this text encoder are fixed and not
updated during the training process in order to protect the
original CLIP knowledge.

Since the weights of the text encoder are fixed, we de-
sign an adapter network after this text encoder to blend new
knowledge with the original CLIP. The adapter is a MLP
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Figure 4: Illustration of the visual-language mixing (VLM)
module, which consists of three components: (1) A pre-
trained CLIP text encoder ([INIT] and [EOS] are the to-
kens to mark the begin and end of the text sequence). (2) An
adapter module. (3) A cross-attention module.

block with a residual connection. Mathematically, it can be
formulated as:

T.(x) = Relu(T(z)" W)Wy + , (2)

where W7 and W5 are linear transformation weights, and
T'(-) denotes the CLIP text encoder. Notably, in the text en-
coder and adapter modules, the textual and visual prompts
are processed independently.

After the adapter module, a cross-attention module is built
to associate the textual representation and visual representa-
tion. It also adopts the Transformer decoder structure, which
can be formulated as:

v = [v1, V2, ..., Vpr],
t= [t17t27 "'7tK]7
I = CrossAttn(T,(v), Ta(t)),

where M represents the visual prompt length and K denotes
the textual prompt length. In this work, we only employ the
CLIP text encoder and do not use the CLIP image encoder.
It is because we observe that the representation produced
by the CLIP image encoder is unsuitable for tasks including
localization.

The output of the cross-attention module in VLM is the
learned PTD. By concatenating it with the track queries of
the previous frame and further transforming the concate-
nated tensors (the FC and layer normalization in Fig. 3), we
obtain the track queries of the t frame. These enhanced track
queries are used to update the tracklets using the algorithm
proposed by MOTR, leading to promising performance.

3)

Optimization
Given a clip V¢ of N frames as input, the results predicted
by the model are denoted as P = {p;},, and the corre-



sponding ground-truths are P = {p;}~ ;. The overall loss

Lip is computed based on P and P. It consists of two parts,
the tracking loss and detection loss. These two losses exactly
share the same form. The difference is that the tracking loss
is for localizing the targets that have been recognized in pre-
vious frames, and the detection loss is to tackle the newborn
targets. Mathematically, L;;;, can be formulated as follows:

Z(‘C(Ptlr‘qwP;r)+£(Pdlet|Qd’ Pdlet))

n=1

N C))

Eclip =

N
Z::l(Ti)

., Pi |4, and Pi_ |, are the association
predictions, association labels, detection predictions, and
prediction labels, respectively. T; denotes the total number
of the targets in the ¢ — th frame. £(-) is implemented simi-
larily to the one in DETR, which is formulated as:

ﬁ(ﬁz qiaPi) = )\cls»ccls + )\ll»cll + Agiouﬁgioua (5)

where L5, £;,, and L g;,, are the focal loss (Lin et al. 2017)
for classification, Ly loss for regressing width and height,
and the common generalized IoU loss. Acis, Ai;, Agiou are
three hyper-parameters.

= =
where P}.|q,, P}

Experiments
Benchmark

As mentioned before, almost all previous works train and
validate their trackers in the same domain, and the available
datasets are usually collected in a single domain. However,
in this work, we want to evaluate the domain generalization
ability of trackers in unseen domains. Hence, we need to de-
sign a new cross-domain benchmark. To this end, we first
revisit existing MOT datasets carefully, and select MOT17
(Milan et al. 2016) and MOT20 (Dendorfer et al. 2020) to
build this benchmark. In the following, we first introduce
MOT17 and MOT?20 separately. Afterwards, we explain how
we use them to compose the cross-domain benchmark. Fi-
nally, the used metrics are described.

MOT17 and MOT20. The MOT17 dataset consists of 14
video sequences. Among them, 7 sequences are for training
and the other 7 sequences are used to validate models. These
sequences cover various scenarios and weathers. Compared
with MOT17, MOT20 is more challenging. It is composed
of 8 long video sequences captured in 3 crowded scenes.
In some scenes, more than 220 pedestrians are contained in
a single frame. Besides, the scenes in the MOT20 dataset
are more diversified including indoor and outdoor, day and
night, etc.

Cross-domain Benchmark. To verify the domain general-
ization ability of models in unseen domains, we use MOT17
to train models and validate them in MOT20. Since there ex-
ists a significant domain gap between MOT17 and MOT?20,
this evaluation setting can serve as a new cross-domain
benchmark. The adopted metrics in this benchmark include
the HOTA (Luiten et al. 2021) and CLEAR-MOT Metrics
(Bernardin and Stiefelhagen 2008). Specifically, HOTA con-
sists of higher order tracking accuracy (HOTA), association
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accuracy score (AssA) and detection accuracy score (DetA).
CLEAR-MOT Metrics include ID F1 score (IDF1), multi-
ple object tracking accuracy (MOTA) and identity switches
(IDS). Among them, HOTA, AssA, IDF1 are the most im-
portant metrics for comparing tracking performance. And all
the metrics are evaluated by TrackEval '.

Implementation Details

Following MOTR, we build LTrack based on Deformable-
DETR (Zhu et al. 2020), which is pre-trained on COCO (Lin
et al. 2014) and employs ResNet50 (He et al. 2016) as the
image encoder. During the training process, the batch size
is 1 and each batch contains a multi-frame video clip. The
length of each video clip is 2 at the beginning of training,
and it is increased by 1 after every 50 epochs. The frames
in each clip are selected from training videos with a random
interval between 1 to 10. We employ Adam as the optimizer
(Kingma and Ba 2014) and the initial learning rate is set to
2 x 107%. LTrack is trained for totally 200 epochs and the
learning rate decays by 10 at the 100th epoch. The data aug-
mentation strategy of LTrack follows the setting in MOTR,
which includes random flip and random crop. During the
training process, Acis, A7y, and g0, are set as 2, 5, and 2,
respectively.

Comparison with Previous SOTA Methods

In this part, we compare the performance of LTrack with
preceding SOTA methods. The comparison is conducted un-
der two protocols, in-domain evaluation and cross-domain
evaluation. For in-domain evaluation, all models are trained
using the MOT17 training set and the CrowdHuman dataset
(a 2D pedestrian dataset) (Shao et al. 2018), and the trained
models are verified with the MOT17 validation set. No-
tably, incorporating CrowdHuman into the training process
is a common operation in previous publications. Thus, we
also adopt it. For the in-domain evaluation part of Tab. 1,
the methods marked in gray are trained in the same setting
as LTrack. In the cross-domain evaluation protocol, all the
methods are trained using the same data setting, and they
are tested in the MOT?20 validation set. The evaluation re-
sults are reported in Tab. 1.

In-domain Evaluation. As illustrated in Tab. 1, LTrack ob-
tains the metrics HOTA of 57.5%, AssA of 56.1%, and IDF1
of 69.1% on MOT17. This means LTrack outperforms all
compared methods in the in-domain evaluation setting. The
results indicate that LTrack can tackle in-domain tracking
scenes well. Notably, LTrack also obtains promising perfor-
mance on the detection related metrics (59.4% DetA and
72.1% MOTA). Meanwhile, it only produces 2100 IDS,
which is the lowest among all the methods. Therefore, the
tracklets generated by LTrack are more continuous.
Cross-domain Evaluation. As presented in Tab. 1, when we
test the compared methods in our built cross-domain evalu-
ation benchmark, their performance drops significantly. By
contrast, the performance drop of LTrack is relatively small.
For instance, in MOT20, LTrack achieves 46.8% HOTA,

'"TrackEval: https://github.com/JonathonLuiten/TrackEval



Method Published Data HOTAT AssAt DetAT MOTAT IDF11T IDS|
MOT17 (In-domain)

TubeTK* (Pang et al. 2020) CVPR20 17 48.0 45.1 514 63.0 58.6 4317
CTracker* (Peng et al. 2020) ECCV20 17 49.0 452 53.6 66.6 57.4 5529
QDTrack* (Pang et al. 2021) CVPR21 17 53.9 52.7 55.6 68.7 66.3 3378
FairMOT* (Zhang et al. 2021) IJCV21  CH+EX+17 59.3 58.0 60.9 73.7 72.3 3303
CSTrack™ (Liang et al. 2020) Arxiv20 EX+17 - - - 70.6 71.6 3465
CenterTrack (Zhou, Koltun, and Krihenbiihl 2020) ECCV20 CH+17 52.2 51.0 53.8 67.8 64.7 3039
TraDeS (Wu et al. 2021) CVPR21 CH+17 52.7 50.8 55.2 69.1 63.9 3555
TransTrack (Sun et al. 2020) Arxiv20 CH+17 54.1 47.9 61.6 74.5 63.9 3663
TransCenter (Xu et al. 2021) Arxiv21 CH+17 54.5 49.7 - 73.2 62.2 3663
MOTR (Zeng et al. 2021) ECCV22 CH+17 57.2 55.8 58.9 71.9 68.4 2115
LTrack Ours CH+17 57.5 56.1 59.4 72.1 09.1 2100

MOT20 (Cross-domain)
CenterTrack (Zhou, Koltun, and Krihenbiihl 2020) ECCV20 CH+17 29.7 25.6 35.0 429 39.0 6397
FairMOT (Zhang et al. 2021) ICv2l CH+17 41.9 359 49.7 57.6 53.8 13621
TraDeS (Wu et al. 2021) CVPR21 CH+17 28.0 25.5 327 449 39.3 7729
CSTrack (Liang et al. 2020) Arxiv20 CH+17 339 29.8 38.8 49.6 449 10041
TransTrack (Sun et al. 2020) Arxiv20 CH+17 35.8 27.3 473 58.1 448 13189
OMC (Liang et al. 2022) AAAI22 CH+17 38.8 322 46.9 55.9 494 13813
MTrack (Yu, Li, and Han 2022) CVPR22 CH+17 40.6 37.0 449 54.8 529 7639
MOTR (Zeng et al. 2021) ECCV22 CH+17 43.7 41.7 459 56.0 56.8 2184
LTrack Ours CH+17 46.8 45.4 484 57.8 61.1 1841

Table 1: Performance comparison with preceding SOTAs on the in-domain and cross-domain evaluation benchmarks. 1/] indi-
cates that higher/lower score is better. Previous MOT trackers are often trained using different data volumes. For the in-domain
evaluation part (MOT17) of this table, * means different training data setting is used.

45.4% AssA and 61, 1% IDF1, which significantly outper-
forms all compared methods by large margins. The results
indicate that the generalization ability of LTrack to unseen
domains is promising. In addition, LTrack surpasses its base-
line method, MOTR, by 3.1% (46.8% vs. 43.7%) on HOTA,
3.7% (45.4% vs. 41.7%) on AssA and 4.3% (61.1% vs.
56.8%) on IDF1, which further confirms the benefit of in-
troducing text representation into visual MOT.

Ablation Study

In this subsection, we verify the effectiveness of the pro-
posed modules separately through ablation studies. All the
experiments are conducted on the cross-domain evaluation
benchmark. To accelerate the ablation study process, We use
a lite version of LTrack by reducing the number of Trans-
former encoders from 6 to 1. The models are trained on the
MOT17 training set for 200 epochs.
Analysis on VCP. In this part, we conduct an in-depth anal-
ysis of VCP. VCP adopts the transformer decoder structure
to produce visual prompts. Among its inputs, the informa-
tion in visual context tokens is crucial. However, we are
unclear about which visual features from previous modules
(the backbone and Transformer encoders) should be taken
as the context tokens. To address this problem, We select
the last three stages’ feature maps of the backbone ResNet-
50 and the output of the transformer encoder as the input to
VCP separately. The results are reported in Tab. 2.

As shown in Tab. 2, the output from the Transformer en-
coder leads to the best performance, and using the c4 feature
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Key feature HOTAT AssAtT MOTAT IDF11T IDS|
c3 15.8 19.9 12.0 19.0 5157
c4 18.3 21.1 14.5 22.1 4849
c5 15.5 16.6 15.0 19.1 6712
Enc 19.2 21.9 16.7 24.1 4674

Table 2: Comparison between different visual features to
VCP. c3, c4, and c5 are the feature maps from last three
stages of the ResNet-50 network. Enc denotes the output of
the final Transformer encoder.

Prompt ~ HOTAT AssAT MOTAT IDFI{ IDS)
Textual 16.1 17.9 10.4 192 6434
Visual 17.5 20.4 13.7 214 5138

Both 192 219 16.7 241 4674

Table 3: Comparisons between using different prompts.

behaves better than employing the ¢3 and c¢5 features. This
phenomenon reveals that both the resolution and semantic
information of the visual features are important for gener-
ating visual prompts. Due to the deformable attention (Zhu
et al. 2020), the final output of the encoder contains multi-
scale semantic context knowledge. Therefore, we choose the
output of the transformer encoder as the input to VCP.

Analysis of the visual and textual prompts. As mentioned



Adapter HOTAT AssAT MOTAT IDFI{ IDSJ)
w 19.2 21.9 16.7 241 4674
wlo 16.7 16.9 14.8 199 6835

Table 4: Comparisions between VLM with (w) and without
(w/o) the adapter.

before, textual and visual prompts are obtained by Track-
book and VCP, respectively, then they are encoded as PTD
in VLM. In this part, we verify the performance of only us-
ing one of them, and the results are reported in Tab. 3. As
shown, both the textual and visual prompts contribute to the
final tracking performance. When we combine both the text
information from textual prompts and the image information
from visual prompts to produce PTD, the best result is ob-
tained. This observation suggests that incorporating textual
description information is helpful for improving MOT per-
formance, and combining the knowledge of multiple modals
is a promising research direction.

Analysis on the adapter. In this part, we analyze the im-
portance of the adapter in the proposed VLM module. The
tracking performance corresponding to the models with and
without the adapter is reported in Tab. 4. We can observe that
the model without the adapter behaves significantly poorer.
Specifically, by removing the adapter, the metric HOTA is
decreased by 2.5% (19.2% - 16.7%) and AssA is decreased
by 5.0% (21.9% - 16.9%). This issue suggests that directly
using the output of the CLIP text encoder to generate PTD
through cross-attention is not proper. We think this is be-
cause of the significant difference between textual prompts
and visual prompts, and the adapter can alleviate this differ-
ence. Therefore, the adapter module is necessary for VLM.

Visualization

To better demonstrate the superiority of LTrack, we visualize
some tracking cases of our method and the baseline, MOTR.
One case is illustrated in Fig. 5 and it is selected from the
testing set of MOT17. As shown, a person is partly occluded
and hard to track. The original track query in MOTR can not
provide clear guidance to networks on how to track the target
correctly, which results in the tracklet disconnection (FN)
and identity switch (IDS). On the contrary, LTrack recog-
nizes targets and generates trajectories successfully by using
the track queries with textual description information. This
result further confirms the value of PTD in LTrack, which
guides the tracker to focus on targets effectively.

More Result and Discussion

Performance on BDD100K. We further evaluate LTrack on
a autonomous driving dataset, BDD100K (Yu et al. 2020).
As shown in Tab. 5, LTrack still achieves better performance
than MOTR on BDD100K. However, the improvement is
not that remarkable. We speculate this phenomenon is due
to the lack of text descriptions about autonomous driving
scenes. This issue merits further exploration in future work.
Limitation and future work. LTrack makes a first attempt
for the cross-domain MOT task and achieves promising per-
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Figure 5: Qualitative comparison between the LTrack and
the baseline method, MOTR. FN: False negative, IDS: Iden-
tity switch.

Method Data HOTA-pT AssAt IDFl-pt
MOTR CH+17 324 38.8 39.3
LTrack CH+17 33.7 39.3 40.6

Table 5: Performance on BDD100K (pedestrian only).

formance, but it still leaves some issues deserving further
study. For example, LTrack does not behave well when many
similar targets are shared by the same textual information
appearing in the same frame. Thus, leveraging more fine-
grained textual descriptions may be a future direction to re-
solve this long-standing problem in MOT. Another limita-
tion is the related open-vocabulary MOT dataset. The pa-
per explains that LTrack only uses 56 coarse-grained textual
descriptions in Trackbook. If we have fine-grained textual
captions for every target in the video, we can use textual
knowledge to guide the tracker explicitly. Nevertheless, the
labeling process is very expensive. Hence, to further explore
the problem of how to use textual information to guide MOT
models, an open-vocabulary MOT dataset is needed.

Conclusion

In this work, we have pointed out that the domain general-
ization ability of MOT is hardly studied. To bridge this gap,
we first highlighted that the knowledge contained in natural
language is inherently more invariant to various domains.
Based on this insight, we have implemented a new tracker,
namely LTrack, which contains VCP and VLM module to
combine the textual and visual prompts. We hope this work
can shed light on how to develop MOT trackers with promis-
ing generalization ability to some extent.
Acknowledgements. This work was supported by the Na-
tional Natural Science Foundation of China under Grants
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