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OffsetNet: Towards Efficient Multiple Object
Tracking, Detection, and Segmentation

Wei Zhang , Jiaming Li, Meng Xia , Xu Gao, Xiao Tan, Yifeng Shi, Zhenhua Huang ,
and Guanbin Li , Member, IEEE

Abstract—Offset-based representation has emerged as a promis-
ing approach for modeling semantic relations between pixels and
object motion, demonstrating efficacy across various computer
vision tasks. In this paper, we introduce a novel one-stage multi-
tasking network tailored to extend the offset-based approach to
MOTS. Our proposed framework, named OffsetNet, is designed to
concurrently address amodal bounding box detection, instance seg-
mentation, and tracking. It achieves this by formulating these three
tasks within a unified pixel-offset-based representation, thereby
achieving excellent efficiency and encouraging mutual collabo-
rations. OffsetNet achieves several remarkable properties: first,
the encoder is empowered by a novel Memory Enhanced Lin-
ear Self-Attention (MELSA) block to efficiently aggregate spatial-
temporal features; second, all tasks are decoupled fairly using
three lightweight decoders that operate in a one-shot manner;
third, a novel cross-frame offsets prediction module is proposed
to enhance the robustness of tracking against occlusions. With
these merits, OffsetNet achieves 76.83% HOTA on KITTI MOTS
benchmark, which is the best result without relying on 3D detection.
Furthermore, OffsetNet achieves 74.83% HOTA at 50 FPS on the
KITTI MOT benchmark, which is nearly 3.3 times faster than
CenterTrack with better performance. We hope our approach will
serve as a solid baseline and encourage future research in this field.

Index Terms—Multi-Object tracking, object detection, object
segmentation.

I. INTRODUCTION

MULTI-OBJECT tracking and segmentation (MOTS)
which jointly performs pixel-level instance discrimina-

tion and object tracking in a dynamic scene, attracts increasing
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Fig. 1. This figure intuitively illustrates the basic concepts of our proposed
offset-based MOTS method. The arrow lines with different colors represent
different types of offsets produced by our proposed OffsetNet, which simulta-
neously addresses amodal bounding box detection (as shown by the box with
solid lines), instance segmentation (as shown by the mask with dotted lines) and
tracking over multiple frames.

attention recently [1], [2], [3], [4], [5]. Since the multi-tasking
nature of MOTS is well-suited to practical applications such
as autonomous driving, video surveillance and video analysis,
exploring efficient and all-in-one networks is important to this
field.

Though great efforts have been made, developing an efficient
multi-tasking MOTS network still imposes great challenges.
Recent two-stage methods [1], [2], [6] usually treat instance
segmentation and multi-object tracking as two successive stages
independently, resulting in heavy network architectures without
end-to-end optimization. On the other hand, the advanced one-
stage offline method STEm-Seg [4] requires the entire video clip
as input, thus limiting the usage in on-line scenarios. CCPNet
[7] proposes the first one-stage and online MOTS which replaces
the secondary ReID feature extraction sub-network by a simple
spatial max-pooling operation. However, since the ReID feature
extraction in CCPNet still relies heavily on the results of instance
segmentation, it is hard to be optimized in an end-to-end scheme,
thus is sub-optimal in tracking performance. To date, none of the
existing MOTS methods consider all the sub-tasks in a unified
manner, leading to significant limitations in both efficiency and
multi-task performance.

Recently, offset-based representation which efficiently mod-
els semantic relations and motions of objects using pixel-level
displacements has been proved successful in various vision
tasks. Such as CenterTrack [8] proposes to formulate tracking
as predicting inter-frame offsets between instances and achieves
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Fig. 2. Comparison of different MOTS frameworks. (a) Standard two-stage
methods which follow tracking-by-detection [1] or tracking-by-segmentation
[2] paradigm; (b) One-stage offline method which takes one video clip as input
and groups pixels belonging to a specific object instance over an entire video
clip [4]; (c) CCPNet [7] provides the first one-stage and online method while
Reid still rely heavily on the segmentation results. Bounding box detection is
not considered in CCPNet; (d) Our proposed OffsetNet differs significantly with
previous state-of-the-arts in the sense that all three tasks are decoupled fairly
and learned collaboratively using our proposed unified offset representation.

Fig. 3. Comparison between our proposed OffsetNet and the state-of-the-art
MOTS(left) and MOT(right) methods. In the left subfigure, the filled symbols
and the hollow symbols denote the results for cars and for pedestrians respec-
tively. OffsetNet surpasses all prior works while running significantly faster at
50FPS.

better efficiency over utilizing high dimensional ReID features.
Meanwhile, both bounding box and instance mask can be ob-
tained via predicting intra-frame pixel offsets towards the object
center in advanced bottom-up frameworks [8], [9]. We believe
offset-based representation can naturally be extended to MOTS.
However, since precise segmentation requires multi-scale intra-
frame context representation while robust tracking relies heavily
on inter-frame long-range correspondence, realizing both advan-
tages in one network is not easy.

To tackle the above issues, we present a unified offset-based
method for MOTS, named OffsetNet, which is able to produce
tracking associations, amodal bounding boxes and instance
masks simultaneously. Fig. 1 illustrates the concept of our
proposed offset-based method. Note that compared with
inmodal bounding box, amodal bounding box reflects the
intrinsic size of the occluded instance and thus is important for
tracking and feature learning. We verify through experiments
that adding amodal bounding box prediction benefits both

tracking and segmentation results. OffsetNet is an encoder-
decoder based architecture, with three light-weight decoders
accounting for instance localization and offset prediction,
respectively. Moreover, in order to facilitate spatial-temporal
feature aggregation in one compact encoder which is shared
by the decoders, we further equip OffsetNet with a novel
memory-enhanced linear self-attention (MELSA) block. Taking
the advantage of MELSA, we further add a novel cross-frame
offsets prediction mechanism that is able to improve occlusion
handling. Finally, we apply a consistency loss to align features
between decoders at multiple scales to enable mutual learning
between decoders. Fig. 2 illustrates the difference between
OffsetNet with previous state-of-the-art MOTS frameworks.

Without bells and whistles, as shown in Fig. 3, OffsetNet
outperforms prior methods on both MOTS and MOT datasets
with better efficiency. We hope our proposed method can server
as a strong baseline for real-time MOTS and encourage practical
applications.

The contributions of our paper can be summarized as:
� We present a simultaneous tracking, instance segmentation

and detection framework, named OffsetNet. All three tasks
are well-organized in a unified offset-based representation
framework, making OffsetNet the first one-stage network
that addresses the three challenging tasks.

� We equip OffsetNet with a compact yet highly effective
encoder, in which non-local context and temporal depen-
dencies are realized by a novel MELSA block.

� We further enhance offset-based tracking to improve oc-
clusion handling via predicting tracking offsets across mul-
tiple frames.

� Extensive experimental comparisons show OffsetNet sur-
passes prior MOTS and MOT-based methods.

II. RELATED WORK

Multi-Object Tracking: Recently, Multi-Object Track-
ing(MOT) [10], [11], [12], [13], [14] mainly follows a tracking-
by-detection paradigm. MeMOT [15] maintains a temporal
memory buffer for the embedding vectors of tracked objects and
aggregates them by cross attention. STP [16] designs a model
consisting of a society of classifiers to detect different tracker
parts of the objects. They enhance the robustness of detection
through the co-occurrence of a large number of smaller tracker
parts. These methods rely heavily on the detection results and
thus are not optimized in an end-to-end manner. More recently,
some works [8], [17], [18], [19] pay attention to the joint training
of detection and tracking. FairMOT [20] presents an efficient
approach to learn detection and Reid features jointly in a unified
network. However, existing methods are designed for realizing
tracking and detection while do not support high-quality seg-
mentation prediction in the same network.

On the other hand, occlusion handling is a long-standing
problem in MOT. One common solution is to rely on ReID
features to perform long-term data association [13], [21].
However, the ReID features are prone to interference due to
occlusion. Some methods perform tracklet-level associations
for associating objects across frames [22], [23], thus are hard
to apply to real-time tasks. Gao et al. [24] categorize occlusion
into inter-object occlusion and obstacle occlusion then handles
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Fig. 4. The overall pipeline of our proposed OffsetNet for real-time multiple object tracking, amodal bounding box detection and instance segmentation. Inputs
are the instance segmentation Ît−1 and the current image It. Outputs are MOTS results, including amodal bounding boxes, tracking association, and instance
mask. (A) Feature encoding module, which encodes inputs and the global context into the feature map Mt. (B) Offset-Based MOTS, which decodes Mt into three
offsets, including the box corner offset Od, the instance center offset Otr , and the pixel offset Os. Besides, instance localization is proposed to generate semantic
seed maps Et and the center map for producing the final MOTS results.

respectively. Stadler et al. [25] performs an occlusion handling
strategy, which applies a linear motion model to those occluded
tracks and thus is not robust for objects with nonlinear motions.
Yang et al. [26] introduces a vectorial occlusion variable to solve
the mutual occlusion, including an observation likelihood model
and the occlusion prior using Markov Random field. Generally,
existing occlusion handling research focuses on offline methods,
which overlooks solving occlusions for real-time systems.

Multi-object tracking and segmentation: Multi-object track-
ing task is extended to multi-object tracking and segmenta-
tion(MOTS) in TrackRCNN [1] which also offers a baseline
model with enhanced Mask-RCNN. Recently, some works [5],
[6] further propose methods that utilize 3D perceptions as
tracking clues. Besides, PointTrack [2] builds a novel on-
line MOTS method that introduces a PointNet [27] like fea-
ture extraction strategy. MOTSNet [3] proposes a two-stage
network and a training data generation pipeline for MOTS.
The methods mentioned above [1], [2], [3] are basically two-
stage frameworks, real-time and one-stage MOTS method is
far from thoroughly researched. The latest VOS (video object
segmentation) method STEM-Seg [4] models a video clip as
a single 3D spatial-temporal volume, and proposes to segment
instances across space and time in a single stage. However, this
heavy framework operates with low frame rates (around 7 FPS).
Recently, TransTrack [28] and TrackFormer [29] provide novel
MOT/MOTS pipelines which leverage self-attention [30] and
DETR [31]. PCAN [32] distills a space-time memory into a
set of prototypes and then employs cross-attention to retrieve
rich information from different frames. However, the quadratic
time complexity of the self-attention module still limits their
applications for real-time systems. More recently, CCP-Net [7]
proposes the first one-stage and online MOTS which replaces
the secondary ReID feature extraction sub-network by a simple
spatial max-pooling operation. However, CCPNet achieves good
segmentation results via CCP strategy but is weak in tracking.

Efficient Attetion: There are three common categories in
the practice of efficient attention mechanisms. The first cate-
gory [31], [33], [34], [35] adopts a predefined sparse attention

pattern on keys while the second category [36], [36], [37]
further incorporates a data-dependent sparse attention. Besides,
the third category [38], [39] explores the low-rank property
in self-attention. Recent MOT studies [29], [40], [41] propose
spatial and temporal attention mechanisms to associate a set of
object bounding boxes and tracklets. These designs incur high
time complexity owing to intricate spatial and temporal attention
designs. Additionally, they do not effectively combine detection,
tracking, and segmentation, resulting in a lack of collaboration
between these distinct tasks. Our proposed MELSA which
incorporates efficient linear self-attention [42] falls into the
third category while further extending efficient spatial-temporal
feature aggregations and task collaborations.

Offset-based Visual Recognition: Offset-based representation
is widely used in various vision tasks, we provide a very brief re-
view of related methods. For object detection, CenterNet [8] pro-
poses an offset-based framework for both 2D and 3D detection.
It also generalizes to pose estimation. For tracking, offset-based
approaches can be regarded as sparse motion predictions in
CenterTrack [8]. However, one major drawback of CenterTrack
is that it only considers tracking offsets between adjacent frames
thus seriously limiting performance when occlusion occurs. For
segmentation, instance mask can be obtained via predicting
intra-frame pixel offsets towards the object center in advanced
bottom-up framework [9]. Hence, most existing offset-based
research focuses on solving individual tasks.

III. OFFSETNET

A. Overview

We propose a unified offset-based network, called Offset-
Net for MOTS task. OffsetNet employs an encoder-decoder
framework, with three light-weight decoders accounting for
multi-tasking outputs. All decoders share the feature generated
by the same encoder module. Fig. 4 illustrates our proposed
overall pipeline.

At each time step t, our proposed OffsetNet takes the current
image It and the semantic Heat-map Ht−1 as input. The Ht−1
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Fig. 5. Above: Encoder. A detailed pipeline of the encoder. c2 and p2 represent
the low-level features, while c4 and p4 represent the semantic features. Note
that we only apply MELSA for p4, in order to encode semantic information
into the global context bank, and keep the network efficiency. Below: Memory
Enhanced Linear Self-Attention (MELSA). It enjoys two preferable properties:
First, we leverage linear self-attention [42] (linear complexityO(H ∗W ∗C2))
to efficiently capture non-local contextual cues. Second, we employ the global
context bank to supply non-local contextual cues for better occlusion handling.
For the details, please see Section III-B.

is generated from instance segmentation results of the previous
frame Ît−1. These inputs are fed into the encoder to perform
feature encoding. In the encoder, a memory bank is utilized to
store temporal information to facilitate long-term tracking. The
memory bank is designed as a FIFO queue to store the non-local
contextual cues extracted from recent N frames. With the mem-
ory bank and a proposed self-attention mechanism, the encoder
encodes inputs and the global context into the feature map Mt.
The details of the feature encoding process are elaborated in
Section III-B. With the feature maps Mt from the encoder, three
decoders are designed to generate a center map Ct and three
different offset maps i.e., pixel offset Os, box corner offset Od

and instance center offset Otr for segmentation, amodal object
detection, and tracking tasks respectively. The details of these
decoders and offset maps generation are further depicted in
Section III-C. Finally, additional losses are introduced to achieve
mutual collaborations of these decoders for multi-task training
in Section III-D.

B. Feature Encoding

Towards real-time MOTS, building a compact encoder ar-
chitecture is challenging and crucial to serve as the common
backbone of the subsequent decoders. Also, in order to carry
out object tracking, especially to tackle the occlusion issue in
MOTS, it is important to comprehensively analyze the historical
state of each object. In addition, the instance segmentation fur-
ther requires exploration of spatial relations over the image. To
design an encoder capable of aggregating information over both

spatial and temporary domains, we marry self-attention mech-
anism with a global context bank to build a memory-enhanced
feature encoding module which is illustrated in Fig. 5 in detail.

The input is the combination of It and the previous segmen-
tation heatmap Ht−1. Ht−1 is calculated by placing a Gaussian
distribution at the center of each instance in Ît−1 and background
pixels are set to zero,

Ht−1(x, y)=1(x, y)
N∑
i=1

exp

(
−
(
x−cix

)2
(σi

x)
2 −

(
y−ciy

)2(
σi
y

)2
)
,

(1)
where x, y are the position of a pixel in Ht−1. cix and ciy are the

position of centerPi of the ith instancesSi in Ît−1 andN denotes
the number of instances. σi

x = biw/6× α and σi
y = bih/6× α

are based on width biw and height bih of segmentation box of
Si and a fixed parameter α = 10. 1 is the indicator function to
classify the object and background on Ht−1.

We utilize ResNet50 together with PANets [43] to generate
multi-scale features as p2, p3, p4, respectively. Then, the se-
mantic feature p4 is fed into our proposed Memory Enhanced
Linear Self-Attention(MELSA) block. Finally, the output p′4 of
the MELSA block is combined with p2 and p3 to get the final
feature map Mt.

The architecture of the MELSA block is illustrated in the
lower part of Fig. 5. First, we leverage the self-attention mod-
ule to capture spatial non-local context cues. Since the origi-
nal self-attention [30] module has quadratic time complexity
O((H ∗W )2 ∗ C), we adopt the recent accelerated architecture
that reduces to linear complexity O(H ∗W ∗ C2) [42]. Here
H,W denotes the height and width of the feature map while C
denotes the channel number. Furthermore, to utilize sequential
information from previous frames, we develop a light-weight
memory bank for storing global context GCt−1 to GCt−N ,
where N is the bank size. Then, we concatenate all the global
context matrix in the memory bank and perform channel-wise
attention (via a small SE-Net [44]) to compute GCt for the
current frame. The main structure of the small SE-Net is a single
SE-layer and the details can be found in our supplementary
material.

C. Decoders for Offset-Based MOTS

In order to better exploit the commonality of segmentation,
detection and tracking, we design a unified MOTS architecture
with three decoders. As shown in Fig. 4(B), the three tasks can be
truly decoupled, which makes the proposed OffsetNet efficient.
The design can also ensure collaboration between tasks since
these decoders share the same encoder and the consistency loss
is equipped between decoders. The pixel offset, the box corner
offset, and the instance center offset are derived from these
decoders. Specifically, the instance center offset takes advantage
of the proposed MELSA block, hence it is expected to have the
ability to resist occlusion. The overall network architecture is
illustrated in Fig. 4(B). The input of the decoders is the feature
map Mt which is introduced in Section III-B, and the outputs
are the MOTS results. We further illustrate these modules as
follows.
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Instance Localization: The instance localization module is
proposed for localizing the center of each instance, which is
defined as a center map. Given the feature map Mt as input, a
seed map decoder Fseed(∗) is designed to generate a semantic
seed mapEt. The seed mapEt denotes the probabilities of pixels
as the center of an instance. Afterward, the center map is able to
be generated from the semantic seed map using the clustering
algorithm, which is borrowed from [9]. The details are shown
in Algorithm 1.

Pixel Offset: The pixel offset describes the displacements
between the location of each pixel and their corresponding
instance center. Specifically, Mt is fed into the segmentation
decoderFs(∗) to get the pixel offsetOs, where each value stands
for the x or y displacements at each pixel. Besides, Fs(∗) also
generates a sigma map σ to serve as the clustering margin for
each object during the clustering process, which is illustrated in
Algorithm 1.

Box Corner Offset: Similarly, the box corner offset describes
the displacement of the ltrb (left, top, right, bottom) of each
bounding box with each corresponding instance center. We
utilize the detection-tracking decoder Fdt(∗) to produce the box
corner offset map Od, which represents the ltrb displacement at
each pixel.

Instance Center Offset: Different from traditional MOT meth-
ods which perform instance tracking according to the offset
between the center of the rigid bounding boxes, OffsetNet real-
izes the tracking offset according to the center of segmentation
masks. Specifically, the instance center offsets Otr share the
decoder Fdt(∗) with the box corner offsets Od. In Otr, each
value stands for the x or y displacement across frames.

Post processing: After we get the center map and the three
offset maps, a post-process strategy is used in order to produce
amodal bounding boxes, instance segments and tracking results.
Specifically, amodal bounding boxes can be generated by the
summation of the center map and the box corner offset. Instance
segments can be calculated by the subtraction of the pixel offset
and the offset value from each instance center, followed by
thresholding to cluster the pixels from the same instance as
shown in Algorithm 1. The tracking association is generated
via the summation of the instance center offset and the center
map, which is able to localize the corresponding location of
the instance from previous frames. Then, a greedy algorithm is
used to get the optimal tracking association for generating the
tracking results as detailed in Algorithm 2.

D. Training

In order to remain simple and effective, the proposed Off-
setNet is trained in an end-to-end paradigm. To be specific,
five loss functions are designed for supervision, including the
segmentation loss Lseg, the detection loss Ldet, the tracking loss
Ltrack, the seed loss Lseed, and the multi-scale consistency loss
LMC.

Segmentation Loss: Denote the instance set at frame t as
S = {S1, . . ., SN}, and the centroid of each instance as Pk =
1
N

∑
p∈Sk

p. Typically, Os is learned using a segmentation loss

Algorithm 1. Clustering Algorithm.

Lseg with direct supervision:

Lseg =
N∑

k=1

∑
p∈Sk

max
(
|| (p+Os(p))− P̂k|| − δ, 0

)
(2)

where p refers to one pixel location in Sk, P̂k is the ground truth
of the k-th instance centroid, and δ is the hyper-parameter.

Detection Loss: The loss Ldet is designed by

Ldet =
1

N

N∑
k=1

|Od(k)− Ôd(k)| (3)

where Od(k) denotes the box corner offset vector from the k-th
instance center, and Ôd(k) denotes the corresponding ground
truth.

Tracking Loss: The loss Ltrack is designed as

Ltrack =
1

N

N∑
i=1

|Otr(k)− Ôtr(k)| (4)

where Otr(k) denotes the tracking offset vector for the k-th
instance, and Ôtr(k) denotes the corresponding ground truth,
which is the euclidean distance between the centroid of each
instance across frames.
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Algorithm 2. Cross-Frame Instance Association.

Seed Loss: In order to obtain a seed map that is able to
reflect the distribution of instance centers, the seed loss Lseed is
designed using the pixel offset as self-supervision. Specifically,
it is defined by

Lseed =
1

N

N∑
k=1

1{p∈Sk}‖Et(p)− φk(p)‖2 + 1{p∈bg}‖E(p)‖2

(5)
where Et(p) is the location p in seed map Et, p ∈ bg means
that pixel belongs to the background. φk(p) denotes the value of
Gaussian distribution at location p based on Os. Similar to (1),
this Gaussian distribution is placed on the center Pk of Sk. The
variances of Gaussian distribution are taken from the sigma map
σ. Note that σ is also supervised as is shown in Algorithm 1.

Multi-Scale Consistency Loss: To enhance the correlation
guidance between decoders, we additionally design a multi-scale
consistency loss, which is applied to the decoder Fseed(∗) and
decoder Fdt(∗). Denote the feature map of Fseed(∗) at the k-th
scale as Fs

k ∈ Rhk×wk×dk , and the feature map of Fdt(∗) at the
k-th scale as Fd

k ∈ Rhk×wk×dk . Therefore, the correlation Rk

between Fseed(∗) and Fdt(∗) at the k-th scale is calculated by

Rk(i, j) =
(fs

i )
T fd

j

‖fs
i ‖
∥∥fd

j

∥∥ (6)

where fs
i and fd

j are the row vectors of Fs
k and Fd

k respectively.
Then, feature embedding is conducted for Fs

k and Fd
k, resulting

in Qs
k = Fs

kWs,k and Qd
k = Fd

kWd,k, where Ws,k,Wd,k ∈
Rdk×1 are linear learnable parameters. Thus, the multi-scale
consistency loss is designed as

LMC = −
K∑

k=1

hk×wk∑
i=1

hk×wk∑
j=1

log [Qs,k(i)Rk(i, j)Qd,k(j)] . (7)

Here, K is the number of multi-scales, and we choose K = 3 in
our experiment.

Finally, the loss function L is defined by the weighted sum-
mation of all loss terms,

L = Lseg + λdetLdet + λtrackLtrack + λseedLseed + LMC, (8)

where λdet, λtrack and λseed represent the weights forLdet,Ltrack

and Lseed respectively.

IV. EXPERIMENTS

Our method is evaluated on KITTI MOT dataset [45], KITTI
MOTS [1] dataset, APOLLO MOTS [2] dataset and MOTSChal-
lenge [46] benchmark. In addition, the ablation study is also
conducted to demonstrate the effectiveness of our design.

A. Datasets and Evaluation Metrics

KITTI tracking dataset includes KITTI MOT [45] and KITTI
MOTS [1]. To be specific, KITTI MOT has complete 2D bound-
ing boxes annotation for cars and pedestrians, and consists of 21
training sequences and 29 test sequences. KITTI MOTS provides
pixel-level mask annotations based on KITTI tracking images
to evaluate MOTS tasks.

MOTSChallenge provides mask annotations for only pedestri-
ans in 4 train and test sequences. Since the segmentation masks
should be clearly visible, only large objects are annotated.

APOLLO MOTS provides mask annotations for cars in 85 train
sequences and 84 test sequences. It is built on the ApolloScape
dataset [47] in which pedestrians are much fewer than cars.
APOLLO MOTS has 2.5 times more crowded cars than KITTI
MOTS.

Evaluation metrics For a fair comparison with previous meth-
ods, all datasets mentioned above are evaluated with standard
CLEAR MOT [48] evaluation metrics or MOTS-extended
metrics [1]. Recently, High Order Metric (HOTA) is proposed
for striking a balance between detection/segmentation and as-
sociation in tracking-related tasks [49]. We also adopt this new
metric in the evaluations on the KITTI test benchmark. For MOT,
we report Multiple Object Tracking accuracy (MOTA), Multiple
Object Tracking Precision (MOTP) and Identity Switches (IDS).
For MOTS, we report soft Multiple Object Tracking and Seg-
mentation Accuracy (sMOTSA), and Multiple Object Tracking
and Segmentation Accuracy (MOTSA). For time consumption
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TABLE I
EVALUATION ON THE KITTI MOTS VALIDATION SET

TABLE II
EVALUATION ON THE KITTI MOTS TEST SET

analysis, all of the experiments are conducted in NVIDIA Tesla
P40 24GB with Pytorch [50].

B. Implementation Details

Most previous works pre-train their networks on the KINS
dataset [59] [1], [2], [60], [61], we hence also employ this
strategy. Since the KINS dataset provides only static images,
pseudo-moving video clips are generated for the training pur-
pose. To this end, we crop the image of KINS to 224× 800
according to the center of instances, and generate a three-frame
synthetic video clip with random affine transforms for each
crop to mimic the object movement in the wild. To increase
the robustness to severe-occluded cases, we first construct an
instance library containing all labeled moving objects in the
training set. During the training process, randomly selected
instances from this library are pasted onto the training clips to
create occlusion data augmentation.

We use a variant of ResNet-50 [62] as our backbone. The
channel number of the encoder output Mt is set to 256, while
the channel number of the multi-scale consistency module are
set to {256, 128, 64}. The network is trained with RAdam
optimizer [63] using weight decay as 1e−4. For KITTI and
MOTSChallenge, we fine-tune our network with multi-task loss
for 20 epochs at a learning rate of 5e−6 with exponential learning
rate decay. For APOLLO MOTS, we train from scratch for 50
epochs at a learning rate of 2.5e−4 with multi-step learning

rate decay. Besides, the value of λdet and λtrack are set to 0.1
throughout the training phase while the value of λseed is 20 for
pretraining and increases to 200 during finetuning.

C. Comparison With State-of-the-Arts

KITTI MOTS As shown in Table I, we compare our pro-
posed OffsetNet with other state-of-the-art MOTS methods on
the validation set of KITTI MOTS. OffsetNet outperforms all
state-of-the-art methods in terms of both MOTS quality and
inference time efficiency. Specifically, OffsetNet outperforms
PointTrack by 0.4% and 1.4% in terms of sMOTSA for cars and
pedestrians, respectively. Notably, PointTrack adopts temporal
consistency loss where the optical flow is introduced as prior
knowledge. In contrast, our model only exploits conventional
MOT annotations without optical flow.

For time consumption analysis, we calculate the sum of
tracking, detection and segmentation time for comparison. The
experimental results clearly demonstrate the advantage of using
our unified model against multi-stage competitors. Specifically,
in comparison with PointTrack [2], our OffsetNet is more ef-
ficient (32% faster) since it enjoys the efficiency of single
stage framework without relying on the two stage instance-wise
embedding operation. In general, OffsetNet only costs 19ms for
the whole inference process per frame for all three tasks, which
is not only more efficient than previous MOTS methods but also
super-passes previous MOT methods like CenterTrack.
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TABLE III
EVALUATION ON THE KITTI MOT TEST SET

TABLE IV
EVALUATION ON MOTSCHALLENGE

To further demonstrate the robustness and effectiveness of
OffsetNet, we also report the result of KITTI MOTS test bench-
mark. As shown in Table II, OffsetNet outperforms PointTrack
by 14.3% in terms of HOTA. In the comparison with the state-
of-the-art MOTS method CCPNet [7], OffsetNet is better on
cars (3.2%) while slightly falls behind on pedestrians (0.6%) in
terms of HOTA. Though the overall performance is competitive,
we discover that OffsetNet and CCPNet pay different attends
on tracking and segmentation. More specifically, OffsetNet is
better at tracking as the AssA score is significantly higher
than CCPNet. In contrast, CCPNet obtains better segmentation
results with their proposed continuous copy-paste strategy thus
the DetA scores are better.

KITTI MOT Since many MOT method performs tracking
based on the bbox detections without doing segmentation. In
order to conduct more comprehensive comparisons for detection
and tracking quality, we compare OffsetNet with leading MOT
methods on the KITTI MOT dataset. As shown in Table I, our
method surpasses all the other leading MOT methods which
indicates our proposed unified multi-tasking network is able to
obtain high-quality bbox detection and tracking results.

MOTSChallenge Compared with KITTI dataset, scenes in
MOTSChallenge are more crowd, and hence more challeng-
ing. We follow the same training strategy (leaving-one-out) as
previous works [1], [3] and results are shown in Table IV.
Our OffsetNet achieves state-of-the-art MOTS results in terms of

TABLE V
ABLATION STUDY ON APOLLO MOTS VALIDATION SET

TABLE VI
COMPARISONS OF IDS ON KITTI AND APOLLO MOTS WITH DIFFERENT

SEGMENTATION MASKS

TABLE VII
ABLATION STUDY OF MEMORY ENHANCED LINEAR SELF-ATTENTION

(MELSA) ON KITTI MOTS VALIDATION SET

sMOTSA and MOTSA, which indicates the great generalization
of our proposed method.
D. Ablation Study

Compared to KITTI, the average car density of APOLLO
MOTS is 5.65 and thus is more crowded [2]. Therefore, we adopt
this challenging dataset in the ablation study to better investigate
the effectiveness of our design.

Comparison of our methods with different backbones and
trackers: We replace the backbone and trackers to validate the
advantage of our design. As shown in Table V, both PointTrack
and our OffsetNet are much more well-performed than the Mask-
RCNN-based network on APOLLO MOTS. The performance of
OffsetNet is also superior to the PointTrackV2, which adopts a
newer backbone RandLA. To examine the effectiveness of our
OffsetNet, we replace the original resnet-style backbone with
ERFNet which is the same backbone as used in PointTrack,
a better result (sMOTSA 71.32 and MOTSA 80.95) against
PointTrack (sMOTSA 70.76 and MOTSA 80.05) is obtained.
Meanwhile, the performance further increases by replacing
ERFNet with ResNet. This demonstrates that our proposed
OffsetNet achieves better results using the same backbone as
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Fig. 6. Top: Partially-occluded instance in consecutive frames. Bottom: Fully-occluded instance in selected non-consecutive frames. Both in Top and Bottom, the
red point indicates the center of the instance while the red arrow indicates the predicted tracking offset. OffsetNet with MELSA can predict more precise instance
center offset in both conditions.

TABLE VIII
ABLATION STUDY ABOUT SOME CORE COMPONENTS ON THE KITTI MOTS

VALIDATION SET TO VALIDATE THE EFFECTIVENESS OF MUTUAL

COLLABORATIONS

PointTrack and can also be compatible with better backbone
architecture.

Comparison of our methods with different segmentation
masks: In addition, we further evaluate the tracking performance
of our method using different segmentation masks using the
metric of ID Switches (IDS) on both KITTI MOTS validation
set and APOLLO MOTS. As demonstrated in Table VI, based
on the same segmentation results from TRCNN, the tracking
offset produced by OffsetNet is able to produce the lowest IDS
compared with the other methods on both KITTI-MOTS and
APOLLO-MOTS dataset. Based on our generated segmentation
masks, our method also defeats PointTrack by a clear margin
in terms of IDS on the both datasets, which indicates a clear
advantage of our method in reducing ID switches.

E. Effectiveness of MELSA

In Fig 6, we show how MELSA improves the tracking offset
prediction significantly in both partially occluded and fully
occluded conditions. Table VII shows a comparison between
using MELSA module and using the multi-scale feature without
MELSA in our proposed OffsetNet. When removing MELSA,

Fig. 7. We illustrate the number of id switch with respect to the ratio of
occlusion evaluated on the APOLLO MOTS dataset corresponding to the right
axis. The transparent blue bar indicates the number of instances in videos at each
occlusion ratio corresponding to the left axis, and illustrates the proportionate
impact on the overall performance of the trackers. The results clearly demon-
strate that the memory mechanism is effective in severe-occluded conditions.

the results under sMOTSA and MOTSA drop by 1.1% and 0.8
%, respectively, and the IDS of OffsetNet increase from 19 to 28.
It demonstrates the effectiveness of MELSA to aggregate infor-
mation over both spatial and temporary domains experimentally.

To demonstrate the performance improvements under severe
occlusion conditions quantitatively, and to show the robustness
of our method, we examine the performance of OffsetNet in
terms of IDs using different bank sizes in MELSA. As shown in
Fig 7, we evaluate the performance of instances with different
occlusion rates in the APOLLO MOTS dataset. Our method
shows superior performance in severe occlusion conditions.
From this experiment, we see that a bigger bank size is helpful in
handling occlusion and a reasonable balance between efficiency
and performance is achieved when the bank size is set to 3.
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Fig. 8. Left of the figure is bounding box guided and right of the figure is
segmentation guided. The center point of the left is colored red which is not on
the object itself while the center point of the right is colored purple. Instance
center offsets are colored magenta.

F. Analysis of Mutual Collaborations Among Detection,
Segmentation, and Tracking

We elaborate on mutual collaborations of different tasks from
three perspectives: First, Compared to the traditional bound-
ing box center-guided tracking in MOT methods, segmentation
mask center-guided tracking is more reliable and is beneficial
for generating reliable tracking offset predictions. Second, we
conduct experiments to demonstrate that decoupling the all three
tasks and simultaneous training with detection and tracking
helps to enhance the quality of segmentation. Finally, we also
report the performance without multi-scale consistency losses to
show the collaborations of different decoders. The main results
are shown in Table VIII.

Effectiveness of mask center-guided tracking Fig. 8 visual-
izes the major differences between bounding box center-guided
tracking [8] and our proposed segmentation mask center-guided
tracking in OffsetNet. As shown in Fig. 8, since the bounding box
center usually gets occluded, adopting the center of the visible
mask instead to serve as the starting point of the association
offset vector is more reliable.

Further, we provide the comparisons between mask center-
guided and bounding box center-guided tracking strategies in
Table VIII. By replacing box-center-guided tracking with mask
center-guided tracking, our proposed segmentation mask center-
guided tracking improves 0.8% on sMOTSA, 1.0% on MOTA,
and reduces 8 on IDS, respectively. This demonstrates that seg-
mentation masks can be exploited to assist high-quality tracking.

Effectiveness of adding amodal bounding box detection We
provide with the results of OffsetNet without amodal bbox
prediction in Table VIII. As shown in the performance with
and without ABP, the full version of OffsetNet with amodal
detection surpasses segmentation-only version on all metrics by
a clear margin. This comparison further reveals the effectiveness
of adding amodal bbox detection and our proposed unified
offset-based representation and the mutual learning strategy.

Effectiveness of multi-scale consistency loss As shown in
Table VIII, we compare the performance of removing the multi-
scale consistency loss from OffsetNet. The drop on sMOTSA and
MOTA demonstrates the mutual collaborations from different
decoders with multi-scale consistency loss.

V. DISCUSSION AND CONCLUSION

In this paper, we propose a unified real-time framework
OffsetNet for multiple object tracking, detection and instance
segmentation. Specially, a novel MELSA block is designed to

aggregate the non-local context and temporal knowledge using
a self-attention mechanism and global context memory bank.
Furthermore, we predict tracking offsets to improve occlusion
handling for multi-object tracking. Being the first compact solu-
tion, the proposed OffsetNet is capable of performing MOTS
at 50 FPS while achieving significantly better performance
compared with prior frameworks both in MOT and MOTS
studies. Our method clearly sets up a new state-of-the-art.

Limitations: Our method still requires ground-truth labels for
all tasks. This encourages us to explore training data-efficient
MOTS framework in our future research.

Broader impacts: This paper studies a data-driven method
for multi-object tracking, detection and segmentation. The la-
beling quality and sample distribution of the training data set
will directly affect the performance of the algorithm and its
generalization in actual scenarios, as such will reflect biases in
testing scenarios including ones with negative societal impacts.
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