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Abstract—Multiple object tracking (MOT) is an important
task in computer vision, especially video analytics.
Transformer-based methods are emerging approaches using
both tracking and detection queries. However, motion modeling
in existing transformer-based methods lacks effective
association capability. Thus, this paper introduces a new
METFormer model, a Motion Enhanced TransFormer-based
tracker with a novel global-local motion context learning
technique to mitigate the lack of motion information in existing
transformer-based methods. The global-local motion context
learning technique first centers on difference-guided global
motion learning to obtain temporal information from adjacent
frames. Based on global motion, we leverage context-aware local
object motion modelling to study motion patterns and enhance
the feature representation for individual objects. Experimental
results on the benchmark MOTL17 dataset show that our
proposed method can surpass the state-of-the-art Trackformer
[21] by 1.8% on IDF1 and 21.7% on ID Switches under public
detection settings.

Keywords—Multiple Object Tracking, Motion Modeling,
Tracking by Attention, Transformer

I. INTRODUCTION

Multiple object tracking (MOT) is a challenging and long-
standing task. It aims to detect different objects and keep their
trajectories, which means the task focuses on spatial and
temporal domain object association. It is a basis for high-level
computer vision tasks like pose estimation, action localization,
and recognition. Meanwhile, it is widely applied to solve real-
world problems, such as safeguarding in factories and
autonomous driving.

Multiple object tracking can be categorized into tracking-
by-detection methods, joint tracking and detection methods,
and tracking-by-attention methods. Tracking-by-detection
methods [1, 2, 3, 4, 5, 6, 7, 8] follow the concept of detecting
objects with off-the-shelf detectors and tracking them with
association algorithms in two stages. Joint tracking and
detection methods [10, 12, 13, 14, 15, 16] detect and link
objects simultaneously. Recently, transformer-based trackers
or tracking-by-attention methods have presented a new
paradigm for joint detection and tracking methods.
Transformer-based object detectors [17, 18, 19, 20] have
shown advanced performance by adopting transformer
encoders, decoders, and object queries. Thus, it is intuitive to
modify transformer-based object detectors into tracking-by-
attention models [21, 22, 23] by introducing additional
tracking queries besides original detection queries in
transformer decoders, where the tracking queries aim to link
objects that appear in the previous frame while the detection
queries detect new-born objects.
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(b) With Motion Enhancement

Fig. 1. Illustration of the motivation of our proposed METFormer. Existing
transformer-based trackers are sensitive to complex conditions like occlusion
due to lacking motion information and enhancement, as shown in (a). As for
our METFormer it learns global and local motion information to mitigate the
lacking of motion issues. With motion enhancement, METFormer is able to
associate objects more accurately in two adjacent frames, as shown in (b).

Motion is an important cue for a tracker to localize and
track objects accurately in upcoming frames. Tracking-by-
attention methods have outperformed traditional joint tracking
and detection methods. However, they leverage less motion
modeling, which is essential for re-identification and
association. The current transformer-based tracker also suffers
from severe ID switch problems because of lacking motion
information.

Based on Trackformer [21], we developed a model called
METFormer. The motivation is demonstrated in Fig. 1. It
introduces a global-local motion context learning technique to
enhance its motion feature representation by difference-
guided global motion learning and context-aware local motion
modelling. As for difference-guided global motion learning,
we propose a cross attention and difference feature pyramid
network (DFPN) to learn global motion patterns from
perspectives of temporal feature differences and correlations.
Then, a guided squeeze and excitation module is applied to the
global correlation features to generate the final global motion
features with the difference features. For local motion
extraction, we use a deformable cross-attention network to
transfer object queries into motion queries and provide local
motion context information for every detected object. After
that, we update motion features to the object features for better
associations in the next decoder layer for the next frame. An
offset loss is also proposed to supervise the training process of
the global-local motion learning technique.

We evaluate our METFormer on MOT datasets.
Compared with the Trackformer [21] baseline under public
detection settings, our METFormer improves the IDF1 and ID
Switches by 1.8% and 21.7%, respectively. The experimental
results from public detection demonstrate that our methods
take advantage of the global-local motion context learning
technique.
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Fig. 2. The overall architecture of our proposed METFormer. The METFormer is developed with a novel global-local motion context learning technique to
learn both global motion and local motion. For difference-guided global motion learning, our METFormer uses two methods to learn global motion features.
The first method learns global motion information from temporal feature differences with a DFPN, and the second method learns from temporal correlations
with a cross attention and 3D CNN. A guided squeeze and excitation module is proposed to excite global correlation features with difference features. For
context-aware local motion modelling, Our METFormer utilizes a deformable cross attention to learn local motion information for every object query.

Il. RELATED WORK

A. Tracking by Detection

Many trackers adopt the concept of tracking by detection.
The basic idea is to detect objects in adjacent frames with an
off-the-shelf object detector followed by a tracking method to
associate the same object in different frames. IOUTracker [1]
first follows the paradigm and uses intersection over union
(loU) to connect the moving objects. loU is an efficient
measurement for associating the same object but can easily
introduce false tracking. SORT [2] combines the detector with
Kalman Filter (KF) to predict the motion of every detected
object and update the tracking with the Hungarian Algorithm.
DeepSort [3] introduces a re-identification (Re-1D) module to
find the best-matched objects along with motion information.
Recently, many methods [4, 5, 6, 33] have attempted to
mitigate the weakness of the original SORT by associating
both high-confidence and low-confidence detections,
combining observations, introducing more Kalman Filter
parameters and motion compensation, and using more
accurate association criterion. Besides SORT-based methods,
MOTDT [7] achieves real-time tracking by using a shared
region-of-interest (ROI) feature. Besides, FairMOT [8] uses
an anchor-free detector CenterNet [9], to obtain the ID
embeddings for Re-ID.

B. Joint Detection and Tracking

Apart from tracking by detection, joint detection and
tracking methods integrate tracking into the detection models.
[10] proposed a tracker based on the RCNN network [11] to
learn the motion and offset from region of interests (ROIs)
from continuous frames and associate the tracklets by offsets.
SiamMOT [12] follows a similar idea to [10] but explores how
to extract more accurate motion information with an implicit
and explicit motion module. Integrated detection [13] detects
the objects from the current frame conditioned on the tracklets
from the previous frame. Tracker [14] is more straightforward
as it directly regresses the objects in the current frame from
previous observations. CenterTrack [15] also uses CenterNet
[9] as the detector. Different from FairMOT, CenterTrack

learns the motion directly from the object heatmap. To learn
better motion information, TraDeS [16] leverages a cost
volume with correlation learning on CenterTrack. [34]
changes the association cost matrix from center distance to
loU distance.

C. Tracking by Attention

Detection Transformer (DETR) [17] has presented a new
paradigm for object detection. Naturally, tracking can also be
tackled by DETR in a tracking-by-attention way. In DETR,
the image will go through a Convolution Neural Network
(CNN) and encoder layers. In the following decoder layers,
DETR generates some random queries with position
embeddings and sends them into the subsequent decoder
layers. The final feed-forward network (FFN) and Hungarian
matching algorithm are designated to regress and learn the
final bounding boxes. However, training DETR requires a
long convergence period because DETR calculates the
correlations from object queries to the feature maps in a one-
to-one manner. [18, 19, 20] utilize sparse features or prior
knowledge to accelerate the learning speed. For tracking-by-
attention methods, [21, 22, 23] share a similar concept by
introducing tracking queries into Deformable DETR [18] in
addition to detection queries. The tracking queries are
responsible for associating objects in adjacent frames, while
detection queries are responsible for new-born objects.

I1l. METHODOLOGY

A. Overall Architecture

The overall architecture of our proposed METFormer is
illustrated in the upper part of Fig. 2. We use two adjacent
frames as inputs, and they will go through a ResNet-50 [24]
backbone and transformer encoder first. In the decoder, we
also follow the design in Trackformer, which separates object
queries into two parts: tracking and detection queries. The
tracking queries are from the previous frames with tracked
objects and aim to link the same objects in the current and
previous frames. And the detection queries detect new-born
objects. After the decoder layers, we introduce a global-local



motion context learning technique to enhance the motion
representation for each object query. We also adopt an offset
loss function to supervise the motion learning.

B. Global-Local Motion Context Learning

Based on Trackformer, we develop our METFormer with
a global-local mation context learning technique to conduct
both difference-guided global motion learning and context-
aware local motion modelling, as shown in Fig. 2. As for the
difference-guided global motion learning, we use two
branches to learn global motion features. The Two branches
learn global information from two aspects: differences and
correlations. Once two global motion features are obtained, a
guided squeeze and excitation module is proposed to excite
global correlation features guided by difference features. As
for local motion extraction, it learns and updates the local
motion context information for every detected object. We use
a deformable cross attention to project the positional features
to motion features and update the motion features to positional
features. More details will be given in the following
subsections.

1) Difference-Guided Global Motion Learning:
Difference-guided global motion learning consists of three
parts, as shown in the green dashed box of Fig. 2: a cross
attention with a 3D CNN, a difference FPN, and a guided
squeeze and excitation module. Here we make use of the
feature pyramid from the output of the previous decoder, but
we only adopt the last three levels, which can be represented
as fi' for current ¢t frame from top to down in size of
H X Wi x C,wherei€[1,2,3].

HY xWhxc| f d; H' xW'x¢
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Fig. 3. The structure of the guided squeeze and excitation module.

First, the lower branch formulates motion learning from
the correlation aspect by using cross attention and a simple 3D
CNN. The cross attention calculates the correlations between
two feature maps f! and fi1, to obtain motion features f;!
from temporal dependencies by

fi0 = softmax(Lisyp &)
t \/d_k t
After the cross attention, we obtain a correlation feature map
fA° for time t, which contains global temporal correlation
information. Afterward, we use a 3D CNN to smooth the f;1°
with £, by using a 2x3x 3 x C kernel and a ReLU
activation function generating f1*.

The upper branch aims to learn global motion features
from feature differences. It first calculates the differences d;
between £ and f_;,i € [1,2,3] by

= fti - fti—l' 2
Based on the difference pyramid, we propose DFPN to learn
motion features from multiple scales:

di = d! + convolution(upsample(d;_,)). 3)

To enhance the global motion representation, we generate
the final global motion features f;2 by combining the global
correlation feature map f1* and the difference feature map d}
with a guided squeeze and excitation module inspired by [25],
as shown in Fig. 3. Specifically, the module squeezes the
difference feature map d? to conduct channel-wise attention
with the global correlation feature map £, generating the
enhanced global motion feature 12 by adding excited feature
map to the global correlation feature map f*1.

2) Context-Aware Local Motion Modelling: Context-
aware local motion modelling aims to learn every object's
motion features by a deformable cross attention. Since we
already have the global feature map f;*2 from the global
motion aggregation part. Meanwhile, we have the detection
qUEries Ggerection aNd tracking queries g qering from the
previous decoder layers in DETR. Thus, we can transfer and
update these object queries g with motion context.

Since f1? already contains motion features while g has
object positions p . A deformable cross attention is
implemented to transfer g from positional feature space to
motion feature space by

Gm = DeformAttn(q ,pq,ftlz)
= Zﬁ:l Wm[Zker Amqftlz ) Wm f12 (pq + Apnftlzp)]' (4)

where A is the deformable attention map, p, represents the 2-
D reference points, Ap means the offsets to sampling points,
W represents the learnable weights and m = H* x W1, k is
the index for sampled keys in space €.

Consequently, the objects queries g can be updated by
adding motion queries q,,

q=9q+Qdm (%)

Thus, the updated objects queries g contains both positional
and motion context information. Then, they will be sent to the
subsequent transformer decoder layers for the next frame
learning. With motion queries q,,, we can also learn the 2-D
offsets 6 by a feed-forward network (FFN). The offsets can be
used to supervise motion learning, and the loss function will
be introduced in the next section.

C. Loss Function

Since our method is developed on Trackformer, we keep
the detection 10SS Ljetection:

ldetection (y' 9: T[) = Ziv lquery (y' 5’\1' T[) ) (6)

where y is the detection ground truth,  and %, are the
detection results, and m is a mapping relation. We introduce
another offset loss based on detection loss to supervise global-
local motion context learning. Since MOT datasets only
provide detection and tracking labels without offset labels, we
need to generate the offset ground truth o first by



f=ct—c, @

where cf is the center coordinates for object i at time ¢, and
of is the offset ground truth for object i at time ¢t. Then, the
offset loss I, ¢e: Can be calculated with a 1 loss by

loffset = Z?]:O ll (Olt"b\lt) (8)

Overall, the final loss function is the summation of the
detection 10SS lgetection, and offset 10SS I, rfer:

o

U= lgetection + loffset . (9)

IV. EXPERIMENTS

A. Settings

We follow the experiment settings in Trackformer. Our
METFormer adopts deformable DETR as the detector, which
consists of a ResNet-50 as the backbone, six layers of
deformable encoders, and six layers of deformable decoders.
And for queries, we set the number of detection queries
Nyetection 10 500. For tracking queries, they are from both
active and inactive queries in the previous frame. We conduct
experiments on the MOT17 dataset under public detection
settings. For public detection, we train our model on 3 x 24G
GPUs for 50 epochs. For the first 40 epochs, the learning rate
is 2 x 10~*. And after that, we drop the learning rate to 10%
of the initial learning rate. And we adopt pre-trained weights
from the COCO dataset [32] for deformable DETR.

B. MOT17 Dataset

MOT17 includes 14 video sequences with full-body
annotation. Seven sequences are used as the training set with
provided ground truth. Seven sequences are used for testing
without ground truth. For public detection, MOT17 provides
detection results from existing detectors, including DPM [29],
Faster RCNN [30], and SDP [31]. As shown in Table I,
MOT17 can be evaluated on different metrics focusing on
different aspects. Multiple Object Tracking Accuracy
(MOTA) focuses more on object coverage, while identity F1
score (IDF1) emphasizes the ID perspective. Other metrics
like ID Switches, False Positives, and False Negatives are also
important to indicate detection and tracking performance, and
their definitions can be referred to [28].

TABLE I. THE COMPARISONS AMONG DIFFERENT ONLINE TRACKING
METHODS ON THE MOT17 TEST SET UNDER PUBLIC DETECTION SETTINGS.
Methods MOTAT | IDF1t FPL FNL ID Sw.l
FAMNET [26] 52.0 48.7 14138 | 253616 3072
GSM [27] 56.4 57.8 14379 | 230174 1485
CenterTrack [15] 60.5 55.7 11599 208577 2540
Trackformer [21] 62.3 57.6 16591 | 192123 4018
METFormer 62.9 59.4 16710 | 189694 2827

C. Public Detection

Public detection aims to evaluate the performance of the
tracker mainly. The principle of public detection is that the
detection produced by our detectors should be associated with
the detections from three existing detectors [29, 30, 31]. And
the tracker is required to link the associated objects rather than
all the objects from our detector. For the association, we
follow the method in Trackformer, which calculates the loU
distance between detections from our detector and three

existing detectors and selects the detections from our detectors
with loUs larger than 0.5.

D. Benchmark Results

As shown in Table I, our proposed METFormer performs
better on multiple aspects than our baseline and other leading
methods under public detection on the MOTL17 dataset,
including MOTA, IDF1, False Negatives, and ID Switches.

Our proposed METFormer improves MOTA by 0.6%
compared with Trackformer, which means our method has
better object coverage. And the main contributions are from
the decreased number of False Negatives and 1D Switches. It
is noticeable that the ID Switches in our method show 21.7%
superiority compared to Trackformer. IDF1 is improved by
1.8% compared with Trackformer, which means our method
achieves better performance on tracking by introducing the
novel global-local motion context learning technique. This
also emphasizes that motion is an essential clue for object
tracking. We also show two examples to demonstrate the
advantage of our METFormer over Trackformer in Fig. 4.

For ablation study, we compare the results for our
METFormer with and without difference guidance in Table 1II.
The Results show that our final model with DFPN and guided
squeeze and excitation module performs better on most
comparison metrics, which also indicates that difference
guidance is nonnegligible to learn global motion information.

TABLE 1. ABLATION STUDY ON METFORMER WITH (+) AND
WITHOUT (-) DIFFERNCE GUIDANCE ON MOT17 TEST SET.
Methods MOTAT | IDF1T FP. FN. 1D Sw.l
METFormer (-) 62.2 58.3 12714 | 197328 3045
METFormer (+) 62.9 59.4 16710 | 189694 2827

Trackformer

METFomer

106V

Scenario | Scenario 2

Fig. 4. Visualized comparisons between our METFormer and Trackformer.
In scenario 1, our METFormer can track the person with ID 106, but
Trackformer cannot, and its ID changes from 96 to 219 when occlusion
happens. In scenario 2, our METFormer also can keep tracing the object with
ID 17, while Trackformer cannot make it when occlusion occurs.

V. CONCLUSION

In this paper, we developed a tracker named METFormer
and introduced a global-local motion learning technique to
enhance tracking by global motion aggregation and local
motion extraction. Difference-guided global motion learning
is to learn the overall motion information. And context-aware
local motion modelling is to understand the motion feature of
every individual object. Besides, we also introduce an offset
loss function to supervise the motion learning process.
Referring to the results, our proposed method shows better
performance on object coverage and tracking, demonstrating
motion as a crucial cue for object tracking.
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