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Abstract— 3D multi-object tracking is a crucial task for au-
tonomous driving and robotics. Although tracking-by-detection-
based approaches have demonstrated excellent performance
in recent years, they ignore varying motion characteristics of
different objects and utilize a single state space and estimator
to model multiple categories. On the other hand, they model
the noise of motion state as a ideal Gaussian distribution, which
fails to capture the true complexity of the noise dynamics.
These oversimplified modeling assumptions results in significant
reductions of tracking precision. To address this limitation,
we propose a learnable Gated Recurrent Unit (GRU)-based
Kalman filtering, which is able to learn object motion char-
acteristics through data-driven learning, thereby avoiding the
necessity for manual motion and noise model design. To avoid
abnormal supervision caused by the wrong association between
annotations and trajectories, we adopt a hybrid-supervised
learning strategy to accelerate the convergence speed and
improve the robustness of the proposed method. Experimental
results on two public datasets demonstrate that the proposed
GRU-based Kalman filtering exhibits superior performance
and significant potential compared to existing state-of-the-art
approaches.

I. INTRODUCTION

3D multi-object tracking (MOT) is a crucial task for many
applications, e.g., autonomous driving [1]-[3] and robotics
[4]-[7]. In rencent years, many tracking-by-detection (TBD)-
based approaches [8]-[10] have demonstrated superior ac-
curacy and robustness with the increasing performance of
3D multi-object detection (MOD) [11]-[14]. Unlike TBD-
based methods that focus on the motion process of the target
object, joint detection and tracking (JDT)-based approaches
typically accomplish the object tracking task end-to-end
through a learnable network. However, due to the scarcity
of accurately annotated data, the accuracy and generaliza-
tion of such methods are generally inferior to TBD-based
approaches.

TBD-based approaches incrementally update the state of
tracked objects by constructing motion models and em-
ploying recursive Bayesian filter estimators. However, due
to the varying motion characteristics of different objects
within the scene, a single state space and estimator cannot
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effectively match the distinct motion characteristics across
various categories. This discrepancy reduces the consistency
between the motion state updates and the actual conditions,
leading to false matching and inaccurate state updates.
Some approaches [10], [15], [16] have addressed this issue
by designing motion parameters or association strategies
tailored for each category, making them more relevant to
the unique characteristics of different categories. However,
these methods fail to fundamentally address the problem of
multi-category differences. On one hand, with the continu-
ous addition or refinement of categories, designing motion
models for each category becomes not only tedious but also
overly reliant on the designer’s experience. On the other
hand, most TBD-based approaches adopt a motion module
based on Kalman filtering. The idealized linear assumptions
employed by this framework do not adapt well to MOT
whose model is usually nonlinear and complex. Furthermore,
the noise modeling still utilizes the idealized assumption of
Gaussian white noise, which does not accurately reflect the
actual conditions. These combined factors lead to suboptimal
precision in object tracking.

As neural network-based state estimation has demon-
strated the capability to capture the motion characteristics
of complex processes [17], [18], which is also applicable
to state transitions in MOT. Based on this, we propose a
partially learnable MOT method by introducing a Gated Re-
current Unit (GRU)-based Kalman filtering into the motion
module of TBD-based approaches. This method can replace
the traditional manual model design of Kalman filtering in
data-driven manner, thus eliminating the necessity to design
motion and noise model for each category. Specifically,
we use multiple GRUs to simulate the loops in recursive
Bayesian filtering. The model automatically learns the noise
distribution, state covariance matrix and observation co-
variance matrix. It avoids the mismatch in noise modeling
and the loss of precision associated with linearizing the
state transition and observation functions. However, directly
applying the proposed learnable Kalman filtering in MOT is
not feasible. The partial annotation of the dataset results in
a limited amount of trainable data, which increases the risk
of overfitting. Furthermore, the annotations and trajectories
are linked through a manually designed association strategy,
meaning that any errors in association can introduce erro-
neous supervision into the framework. Therefore, we propose
to parallel a traditional Kalman filter during the training
process to generate pseudo-labels for the unlabeled data,
facilitating hybrid-supervised training. Experimental results
on two public datasets demonstrate that the proposed method
outperforms existing state-of-the-arts according to tracking
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accuracy and generalization.

To summarize, the main contributions of this work are two
folds: 1) We propose a data-driven MOT method by using
a GRU-based Kalman filtering to avoid the precision loss of
traditional methods for noise mismatch modeling and motion
process linearization; 2) We design a pseudo-label-based
hybrid-supervised training strategy, which greatly expands
the amount of available training data and in turn increase
the converge speed of network. 3) We have release the code
for the development of the community'.

The rest of this paper is structured as follows. In Sec.
II, we briefly discuss the relevant literature. Sec. III details
our methodology. Sec. IV provides experimental evaluation.
Finally, we conclude this paper in Sec. V.

II. RELATED WORK
A. TBD-Based Approaches

AB3DMOT [8] designs a 3D MOT framework based on
Kalman filtering and intersection over union (IoU), laying
the foundation for the design of TBD-based approaches. It
divides the tracking detection paradigm into four stages: (1)
preprocessing the upstream 3D multi-object detection results;
(2) motion prediction and state updating for existing target
trajectories; (3) predicting associations between targets and
detected objects; and (4) managing the lifecycle of target
trajectories. SimpleTrack [9] provides a detailed analysis of
the impact on these four stages, examining the advantages
and disadvantages of the widely used Kalman filtering mo-
tion model compared to the constant velocity motion model,
as well as evaluating various metrics for data association.
Finally, it proposes corresponding improvements for each
stage module and combines them into a simple framework,
demonstrating superior tracking competitiveness. Poly-MOT
[10] considers the variability of motion across different
categories and establishes multiple motion models based
on the distinct kinematic features, enabling the capture of
motion pattern differences between categories. Additionally,
to address the differing shapes of various categories, it
designs three custom similarity metrics and a novel two-
stage data association strategy to ensure that different objects
can utilize the best similarity metric for their respective
categories, thereby reducing erroneous matches. Poly-MOT
further optimizes the tracker within TBD framework from
the perspective of multi-category variability, achieving the
outstanding tracking performance. In the association match-
ing stage of TBD, several methods have also conducted in-
depth optimization research. Florian et. al. [19] proposes a
statistical data association method under a Bayesian esti-
mation framework. NEBP [20] combines model-based and
data-driven multi-object tracking, with a proposed neural-
enhanced confidence propagation method that supplements
the statistical model of confidence propagation by learning
from the information derived from the original sensor data.
This method infers learned information that can reduce
model mismatches, thus improving the false positive and

Thttps://github.com/xiang-1208/GRUTrack

false negative rates of data association. In addition to relying
on positional information, some methods have attempted
to improve the independent tracking phase by integrating
other feature information. EagerMOT [15] and ShaSTA-Fuse
[21] integrate image detection results with LiDAR detection
results to achieve comprehensive perception of dynamic
scenes. Similarly, CAMO-MOT [16] and Bevfusion [22]
utilize both camera and LiDAR data, significantly reducing
tracking failures caused by occlusions and misdetections. It
also introduces an occlusion head that effectively selects
the best object appearance features multiple times, further
mitigating the impact of occlusion.

B. JDT-Based Approaches

Motiontrack [23] constructs an end-to-end joint optimiza-
tion algorithm based on a full transformer architecture. This
model inherits the advantages of cross-modal feature fusion
from the TransFusion [24] detection framework and innova-
tively introduces a temporal-aware data association module
and a query decoder enhancement mechanism, achieving
collaborative optimization for 3D object detection and inter-
frame tracking. Its architectural design possesses multimodal
compatibility, supporting both single-modal point cloud in-
puts and multimodal fusion inputs. OGR3MOT [25] employs
an end-to-end approach utilizing graph neural networks to
solve 3D MOT problem, achieving the outstanding identity
switch (IDS) metrics. Some methods enhance tracking by
leveraging feature representations from detection networks.
For instance, ShaSTA [21] utilizes feature representations
from LiDAR 3D detectors to learn the shape and spatiotem-
poral affinities between trajectories and detections across
consecutive frames, providing a probabilistic matching mech-
anism that enables robust data association, track lifecycle
management, false positive elimination, false negative prop-
agation, and track confidence refinement. ShaSTA effectively
addresses false positives and missed detections in cluttered
scenes and occlusions, achieving advanced performance. Po-
1larMOT [26] proposes a purely geometry-driven method for
3D MOT, modeling the spatiotemporal geometric relation-
ships between targets using a local polar coordinate system.
It constructs a graph neural network that transforms data
association into an edge classification task, avoiding reliance
on appearance features. Gwak et. al. [27] introduces a sparse
spatiotemporal framework for end-to-end joint detection and
tracking, generating bird’s-eye view (BEV) features from 4D
point cloud inputs. Then [27] aggregates trajectory region
of interest features directly from the BEV to predict the
matching probabilities for detections and trajectories for
updating tracks. For these JDT-based approaches, utilizing
large-scale feature representations during the tracking phase
results in excessive computational demands, presenting sig-
nificant bottlenecks for practical deployment. Additionally,
JDT-based approaches reduce the interpretability of optimal-
ity in traditional TBD-based approaches.
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Overview of our framework, which is based on the fundamental system paradigm of TBD and can be divided into four parts: pre-processing

module, motion module, association module, and trajectory management module. Our contributions focus on the motion module including two parts, i.e.,

GRU-based Kalman filtering and hybrid-supervised training.

III. METHODOLOGY

A. 3D MOT Pipeline

Our system can be divided into four parts: the pre-
processing module, motion module, association module, and
trajectory management module, as shown in Fig. 1.

1) Pre-processing Module: 3D MOD typically generates
multiple bounding boxes for the same detection to minimize
the risk of missed and false detections. To prevent these
detections from causing redundant ID switches, we prepro-
cess the original detections D) to reduce false matches.
This preprocessing generally involves applying score filtering
and non-maximum suppression (NMS) [9] to each sweep’s
detections, retaining only the bounding box with the highest
confidence for each object. After preprocessing, our detection
boxes D,, = [z,y, z,w,l, h,v, 0] include the center position
of the bounding box, its dimensions, its velocity, and the
heading angle.

2) Motion  Module: The motion module is
primarily responsible for predicting the state Xnq1 =
[&L, ..., &num-ira] of the tracked trajectories and updating
the state based on observations Y,, = [yl,... ysvm-det],
The process of traditional Kalman filtering is illustrated in
Fig. 2. The system continuously updates the state through
the prior state &,_1, the observation y,, the process noise
covariance matrix @,, the measurement noise covariance
matrix R,, and the continuously maintained error state
covariance P,. Specifically, there are two steps:

a) Prediction Step: In this step, the system predicts the
current prior state based on the posterior state from the
previous time step:

in|n71 = f('fn—l) (1

Simultaneously, the uncertainty of state vector (i.e., repre-

fn_l—’ fx) in|n—1
v
h(x) " — Jnjn-1

Yn

Fig. 2. Tllustration of traditional Kalman filtering.

sented by covariance matrix) is propagated as:
Pn|n71:Fn'Pn—l'FnT+Qn 2

b) Update Step: The update step involves calculating the
Kalman gain K, which balances the weights between the
prediction and the observation:

K= Pnlnfl : HnT (Hy - Pn\nfl : HnT + Rn)_l 3)
Sn|n—1 =H, 'Pn\n—l HnT+Rn 4)

where S’n‘n,l is the observation covariance matrix. Accord-
ing to the current observation, the current state of posterior
is updated as:

En = Enpn—1 + K - (yn — h(Enjn-1)) ®)

Meanwhile, the state covariance matrix is updated as:

Pn = An|n71 - K- S’n|n71 KT (6)
The traditional Kalman filtering utilizes the Jacobian matrix
F, and H, to linearize the differentiable functions f(x)
and h(z) in a time-dependent manner. This approach relies
heavily on the accuracy of state space model setup, which
often depends on the designer’s experience and is difficult
to transfer. On the other hand, for nonlinear motion, the
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linearization of the state transition and observation equations
can introduce additional errors. Additionally, the traditional
Kalman filtering requires manual adjustment of the observa-
tion noise and process noise, assuming they follow a multi-
dimensional Gaussian distribution. However, in MOT fields,
observations are derived from upstream object detection
results, which do not necessarily conform to a Gaussian
distribution. Thus, explicitly modeled noise as Gaussian
distribution may not be sufficient to fully adapt to MOT task.

It is reasonable to believe that the differences in motion
for different categories are often also reflected in the state.
If the module can adaptively obtain different Kalman gain
results based on the observations and state, it can then be
applied to all categories and adjust the noise accordingly.

We improve the learnable Kalman filtering [28] into our
motion module, using a uniform state space model across all
object categories. The specific neural network architecture is
illustrated in Fig. 3. Following the design of KalmanNet,
we represent each second-order statistical moment of the
Kalman filter using separate GRU, with fully connected
layers as input and output layers.

GRUP takes Pn‘n,l as a variable related to P,_1 and
Q.. Meanwhile, the posterior state error AZ,, is utilized as a
dynamic adjustment signal to correct the forward propagated
covariance:

Pojn-1 = GRU (P, [Qu, A ) )

When the object’s motion is smooth, AZ, is minimal,
allowing the network to maintain stable covariance matrix.
Conversely, when a sudden change in object’s motion is
detected (e.g., abrupt acceleration, deceleration, or turning),
Az, experiences a significant change. In this case, the update
gate of GRU dynamically enhances the trace of I:’n‘n,l to
increase the uncertainty of prediction, thereby reducing the
weight of the predicted state in subsequent updates.

GRUQ takes Qn as a variable related to Qn_l, while also
incorporating the posterior state difference Az,,:

O,, = GRU (Qn,l, Amn) ®)

The small value of Qn,l means the prior and posterior states
should closely align, resulting in a small state update differ-
ence. In this correct scenario, the network should appropri-
ately reduce the process noise covariance. Conversely, when
there is a significant deviation between the state transition
process and the actual state, the state update difference will
be larger, prompting the system to increase the process noise
covariance accordingly.

GRUS takes S'n‘n_l as a variable related to P,,_; and
R,,, while also incorporating the observation posterior error
Afp:

The small observation posterior error Ag,, means relatively
stable state during this time period. In this case, the network
appropriately reduces the correction of the prior observation
covariance, making it more aligned with the changes in
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Fig. 3. Tllustration of GRU-based Kalman filtering, where GRUs are utilized
to simulate the loop iteration of process noise Qn, measurement noise
covariance matrix Ry, state covariance matrix F,|,,_; and observation
covariance matrix Sn‘n_l by inputting the state difference and observation
difference, so as to reason about the Kalman gain K.

the prior observation covariance. Conversely, when there
is a significant deviation between the current and previous
observations, the observations become unstable, indicating
that the vehicle may be experiencing sudden acceleration
or deceleration. In such cases, the network adjusts the
observation covariance appropriately to mitigate the weight
of the prior observation in subsequent updates.

GRUR takes Rn as a variable related to f%n_h while also
incorporating the observation update difference Ay,,:

R, = GRU (Rn_l, Ayn) (10)

The observation update difference describes the discrepancy
between the prior observation value inferred from the obser-
vation equation and the final updated posterior observation
value. When the system’s observation noise is small, the prior
and posterior observation values should not differ signifi-
cantly. In this case, the network appropriately reduces the
observation noise covariance. Similarly, when the network
detects low accuracy in results during this time period,
the observation update difference will be larger, prompting
the network to increase the observation noise covariance to
enhance the uncertainty of the observations.

Finally, simulating the traditional Kalman filtering process,
we take the state covariance matrix and observation covari-
ance matrix as inputs to the full connected (FC) layer for
ultimately outputing the Kalman gain K and updated state
covariance matrix Pn:

K = Fc( e 1,57;‘11_1) (11)

Py =FC (P 1K) (12)

Compared with end-to-end deep neural network, this network
structure emulates part of traditional Kalman filtering pro-
cess, making it more parameter-efficient and easier to train.

3) Association Module: Following the baseline Poly-
MOT, we use a two-stage association strategy to reduce false
negative associations. In the one-stage association, we use the
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3D generalized intersection over union (GIoUsp) [29] to as
the match metric between the tracked trajectories and the
detections. After one-stage association, we perform a wider
threshold two-stage association between mismatched trajec-
tories and mismatched detections. This association will be
performed in BEV. By combining the two-stage association,
we effectively obtain three results: updated trajectories 7.2,
mismatched trajectoriesT, and mismatched detections D;;.

4) Trajectory Management Module: Similar to most 3D
MOT approaches, our system employs a confidence-based
trajectory lifecycle management approach [30]. Specifically,
when the tracker receives a detection D). that is not asso-
ciated with an existing trajectory, it is initialized as a new
trajectory. During subsequent tracking, if a observation is
associated with this trajectory, corresponding to T'7, the state
of the trajectory is updated based on the new observation. If
the trajectory is not observed in consecutive frames T,
its confidence decays following an exponential function until
it is ultimately deleted.

B. Training methods

The proposed GRU-based filtering is supervised trained
using the true trajectory annotations from the dataset. The
entire state estimation model is trained end-to-end by con-
structing a mean squared loss between the true state X, and
the posterior state X, output by the motion model:

seq

=% HX” -~ X,
n=0

Despite the motion model using a deep learning network
to learn the Kalman gain rather than directly inferring the
posterior state, it benefits from the fully differentiable nature
of the Kalman filtering, which allows for calculability:

L, O KAy, — AX,|
0K, 0K,
=2 (K, Ay, — AX,) - Ay

2
13)

(14)

where AX,, = X,, *ann—l' This indicates that the gradient
signal can be backpropagated to the network parameters
through the state update equations. By using the mean
squared loss of the state to train the state estimation model
end-to-end, the network layers can learn the computation
of the Kalman gain without the necessity for externally
provided ground truth for the Kalman gain during training.

However, due to the lack of guaranteed one-to-one cor-
respondence between output trajectories and the annotated
boxes in the dataset, leading to a mismatch with the true
annotations based on distance matching. This flaw results
in a significant number of trajectories being unsupervised
during the actual training process. On the other hand, since
the network parameters have not yet converged in the early
stages of training, the network has not learned the correct
representation of the Kalman gain, causing the positions and
shapes of the trajectories to deviate significantly from the ac-
tual situation. This discrepancy leads to many trajectories not
being associated with their corresponding true annotations,

TABLE I
QUANTITATIVE COMPARISON WITH SOTAS ON Nuscenes TEST SET

Method Detector AMOTA (%) AMOTP (m) IDS
CBMOT [30] CenterPoint 68.1 0.528 761
SimpleTrack [9] CenterPoint 66.8 0.550 575
CenterPoint [11] CenterPoint 65.0 0.535 684
Poly-MOT [10] CenterPoint 70.0 0.509 331
OGR3MOT [25] CenterPoint 65.6 0.620 288
PolarMOT [26] CenterPoint 66.4 0.566 242
NEBP [20] CenterPoint 68.3 0.624 227
ShaSTA [21] CenterPoint 69.6 0.540 473
Gwak et. al. [27] | CenterPoint 69.8 0.540 325
Ours CenterPoint 70.0 0.501 265

Denotations: The first four methods are based on TBD, while the last
five methods are based on JDT.

TABLE 11
QUANTITATIVE COMPARISON WITH SOTAS ON Nuscenes VAL. SET

Method Detector AMOTA(%) AMOTP(m) IDS
CBMOT [30] CenterPoint 67.7 0.551 616
SimpleTrack [9] CenterPoint 69.6 0.547 405
CenterPoint [11] CenterPoint 66.5 0.567 562
Poly-MOT [10] CenterPoint 73.1 0.517 232
OGR3MOT [25] CenterPoint 69.3 0.627 262
PolarMOT [26] CenterPoint 67.3 0.595 439
NEBP [20] CenterPoint 70.8 - 172
ShaSTA [21] CenterPoint 72.8 - -
Gwak et. al. [27] | CenterPoint 70.3 - -
Ours CenterPoint 73.1 0.508 322
Denotations: The first four methods are based on TBD, while the last
five methods are based on JDT. “-” indicates that the corresponding

metric cannot be obtained as the results are not published in the
respective paper and the code is not open-sourced.

resulting in the slow convergence of network and limited
accuracy.

To address this issue, we propose a hybrid-supervised
training strategy that combines real annotations with pseudo-
label generation techniques. In addition to the dataset annota-
tions, we also use the traditional Kalman filtering to generate
pseudo-labels as auxiliary supervisory signals for trajectory
samples that are unassociated after the Hungarian match-
ing. Similarly, to maintain the consistency of supervisory
information, the output of motion model is used as pseudo-
label supervisory information. Consequently, our final loss
function is as:

L= |x - &+ X% - £

where X,, is the true annotation of the dataset, f(nis the
update output of traditional Kalman filtering, and X, is the
update output of GRU-based Kalman filtering.

2
(15)

IV. EXPERIMENTS
A. Datasets

1) NuScenes: The NuScenes dataset [33] consists of 850
training sequences and 150 validation sequences, with each
sequence comprising approximately 40 frames sampled at a

5161



TABLE III
HOTA COMPARISON ON Argoverse2 VAL. SET

Detector Regular_Vehicle  Pedestrian  Bicycle  Large_Vehicle Bus  Box_Truck  Truck Average
Greedy [31] LT3D 58.9 59.1 51.6 28.5 48.2 44.0 31.3 46.0
AB3DMOT [32] LT3D 59.2 54.6 48.7 26.7 47.0 433 342 42.7
Ours LT3D 73.3 71.9 53.8 29.3 59.2 55.3 36.0 47.3
TABLE IV

COMPARISON OF AMOTP USING DIFFERENT MOTION MODELS ON
NuScenes VAL. SET

Poly-MOT Ours Poly-MOT Ours

(Bicycle) (Bicycle) (CTRA) (CTRA)
Bicycle 0.507 0.459 0.461 0.459
Bus 0.482 0.482 0.480 0.482
Car 0.342 0.337 0.340 0.337
Motorbike 0.459 0.449 0.459 0.448
Pedestrian 0.362 0.355 0.359 0.355
Trailer 0.930 0.925 0.926 0.925
Truck 0.536 0.530 0.535 0.529
Average 0.517 0.505 0.508 0.505
Denotations: CTRA denotes Constant Turn Rate and Accelera-

tion.

Fig. 4. Visualization comparison of (a) Poly-MOT and (b) our method.
Our object-state tracking aligns well with the ground truth, while Poly-MOT
shows estimation errors for some individual objects.

rate of 2Hz to obtain keyframes. Keyframes are annotated
with detailed geometric information of object bounding
boxes and their unique scene-specific identifiers. The official
evaluation primarily employs the accuracy metric Average
Multi-Object Tracking Accuracy (AMOTA), along with sec-
ondary metrics including Average Multi-Object Tracking
Precision (AMOTP) and ID Switches (IDS).

2) Argoverse2: The Argoverse2 dataset [34] expands
upon Argoversel [35] by collecting 1000 scene clips across
six U.S. cities. Each sequence lasts 15 seconds and is
sampled and annotated at a frequency of 10Hz, with an
average of 75 annotated objects per frame. The dataset
features over 30 object classes and encompasses multiple
complex urban environments. The official evaluation utilizes
Higher Order Tracking Accuracy (HOTA) [36] as the key
metric.

B. Implementation Details

The system input comprises the detection results from the
3D MOD. For dataset splitting, we adhere to the official
division of training, validation, and test sets. In terms of
training parameters, we utilize the AdamW optimizer [37]
with a maximum learning rate of 10~5 and a weight decay of
10~°. The cosine annealing learning rate adjustment method
and smooth-loss supervision are employed to assist the
model in avoiding local minima. Gradient accumulation is
performed across each object pair per frame in the sequence,
followed by backpropagation at the end of the sequence.

C. Experimental Results

1) Comparative Evaluation: We compare our approach
with several state-of-the-art approaches on the test and
validation sets of the NuScenes dataset. For the Argoverse2
dataset, due to the diverse object categories it contains, and
given that previous state-of-the-art approaches are defined
by specific categories, it is challenging to directly apply
them without modifications. Therefore, we selected LT3D
[38] as the object detector (the 3D MOD officially supported
by Argoverse2) and paired it with two classical object
tracking algorithms, i.e., Greedy [31] and AB3DMOT [32],
for comparison with our method.

NuScenes Test and Val. Sets: We compared our system
with nine state-of-the-art 3D MOT approaches, including
both TBD-based approaches (i.e., CBMOT [30], Simple-
Track [9], CenterPoint [11] and Poly-MOT [10]) and JDT-
based approaches (i.e., OGR3MOT [25], PolarMOT [26],
ShaSTA [21] and Gwak et. al. [27]).

Results in Table I and II demonstrate that the proposed
method outperforms most state-of-the-art methods when us-
ing the same detector (i.e., CenterPoint [11]) according to
the evaluation metrics of AMOTA and AMOTP. Even when
compared to OGR3MOT [25] that incorporates graph neural
network, our method demonstrates superior performance.
The best AMOTP results indicate that our system provides
more accurate final trajectory box information than tradi-
tional Kalman and constant velocity models. Furthermore,
in comparison with most TBD-based and JDT-based ap-
proaches, our method exhibits excellent performance without
the necessity of manually designing motion models, high-
lighting its significant potential for future development.

Argoverse2 Val. Set: We used the model trained on the
NuScenes training set, and evaluate the generalization of our
method on Argoverse2 validation set. As previously men-
tioned, the Argoverse2 dataset contains ground-truth labels
for 30 object categories. Since most previously established
state-of-the-art approaches are defined by specific categories,
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it becomes challenging to apply them directly without mod-
ifications. Therefore, we chose LT3D [38] as the object
detector (a 3D MOD officially supported by Argoverse2)
and combined it with two classic object tracking algorithms,
i.e., Greedy [31] and AB3DMOT [32], for comparison with
our method. It is worth mentioning that our method does
not differentiate between categories, which allows for direct
application on Argoverse2 dataset. This further demonstrates
the superiority and unique potential of our approach.

Results in Table III demonstrate that our method outper-
forms Greedy and AB3DMOT for 7 most prevalent dynamic
object categories, demonstrating a strong level-generalization
of our method.

2) Ablation Study: In this section, we conduct compre-
hensive ablation experiments to evaluate the performance of
the proposed method. We utilized consistent preprocessing
and association parameters, subsequently replacing the mo-
tion module and employing various training strategies for a
series of experiments.

GRU-based Learnable Motion Module: The GRU-based
Kalman filtering method adjusts covariance based on the
object’s own motion dynamics rather than relying on a strict
state matrix, significantly mitigating the accuracy impact
caused by mismatched state spaces. Even when different mo-
tion models are employed for a specific category, excellent
tracking accuracy can still be achieved. This section verifies
the influence of inaccurate motion models on traditional
Kalman filtering approach represented by Poly-MOT [10]
and the proposed GRU-based Kalman filtering method by
modifying the motion models corresponding to each tracking
category.

Experiments were conducted to evaluate the tracking accu-
racy of our method compared to Poly-MOT under different
motion model assignments in multi-object tracking tasks.
Results in Table IV demonstrate that our method can still
achieve superior tracking accuracy for each category, even
when employing different motion models. In contrast, when
the traditional Kalman architecture alters the motion model,
it results in a certain degree of variation in tracking accuracy
across categories. Moreover, due to the inherent static noise
definitions and linearization errors, the traditional Kalman
architecture even with relatively accurate motion models,
cannot achieve the same level of accuracy as the proposed
GRU-based Kalman filtering method. Fig. 4 provides the
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Experiments comparing the training convergence speed and evaluation metrics of single-supervised and hybrid-supervised training.

visualization comparison of Poly-MOT and out method,
which further demonstrates the superiority of our approach.

The proposed GRU-based Kalman filtering method suc-
cessfully innovates a data-driven tracking paradigm by com-
bining the interpretability of traditional filtering theory with
the representational capabilities of deep learning. This char-
acteristic enables the system to maintain stable tracking
performance in the face of emerging target categories or
complex motion patterns without the necessity for manual
modeling, providing key technological support for cross-
scenario generalization in autonomous driving systems.

Hybrid Supervision: This section validates the effec-
tiveness of the proposed hybrid supervision method by
comparing the training convergence process of the hybrid
supervision approach with that of training using only the
true labels (i.e., single supervision) from the dataset.

Results in Fig. 5 demonstrate that the proposed pseudo-
label-based hybrid supervision significantly outperforms sin-
gle supervision in both training efficiency and model per-
formance. According to the convergence process, the hybrid
supervision requires only 1400 iterations (approximately 2
training epochs) to reach a performance plateau, compared to
2100 iterations (3 epochs) needed by the labeled supervision
method using only the true experimental results from the
dataset, thus reducing training time by 33%. According to
the evaluation metrics, the hybrid supervision enables a mul-
tidimensional enhancement of the model: tracking accuracy
(i.e., AMOTA) increases by 2 percentage points to 73%, the
estimation accuracy of motion state (i.e., AMOTP) decreases
by 0.05m to 0.505 m, and the number of ID switches (i.e.,
IDS) is reduced by 15%.

The pseudo-label injection increases the amount of data
available for supervision by creating pseudo-labels for tra-
jectories, thereby effectively improving the model’s conver-
gence speed. Meanwhile, it prevent mismatches between true
labels and trajectories in the early stages of training, ensuring
normal network training. The aforementioned factors collec-
tively contribute to successfully achieving improvements in
model convergence speed and final performance.

V. CONCLUSIONS

In this work, we propose a partially learnable MOT
method by introducing a GRU-based Kalman filtering into
the motion module of TBD framework. This method elimi-

5163



nates the adverse effects of inaccurate noise parameterization
and reduces the error of linearization. The proposed frame-
work demonstrates that the GRU-based Kalman filtering is
well-suited for 3D MOT task. Additionally, we introduce
a hybrid-supervised training strategy that leverages pseudo-
labels, which accelerates training by increasing data volume
and minimizing association errors. We believe that integrat-
ing deep learning methods with interpretable mathematical
models can enhance the performance of 3D MOT.
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