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Abstract

State estimation is challenging for target tracking with
high maneuverability, as the target’s state transition func-
tion changes rapidly, irregularly, and is unknown to the es-
timator. Existing work based on interacting multiple model
(IMM) achieves more accurate estimation than single-filter
approaches through model combination, aligning appropriate
models for different motion modes of the target over time.
However, two limitations of conventional IMM remain un-
solved. First, the solution space of the model combination
is constrained as the target’s diverse kinematic properties in
different directions are ignored. Second, the model combina-
tion weights calculated by the observation likelihood are not
accurate enough due to the measurement uncertainty. In this
paper, we propose a novel framework, DIMM, to effectively
combine estimates from different motion models in each di-
rection, thus increasing the target tracking accuracy. First,
DIMM extends the model combination solution space of con-
ventional IMM from a hyperplane to a hypercube by design-
ing a 3D-decoupled multi-hierarchy filter bank, which de-
scribes the target’s motion with various-order linear models.
Second, DIMM generates more reliable combination weight
matrices through a differentiable adaptive fusion network for
importance allocation rather than solely relying on the ob-
servation likelihood; it contains an attention-based twin de-
layed deep deterministic policy gradient (TD3) method with
a hierarchical reward. Experiments demonstrate that DIMM
significantly improves the tracking accuracy of existing state
estimation methods by 31.61% ~ 99.23%.

Code — https://github.com/zhajirong/DIMM

1 Introduction

As a fundamental problem of perception and robotics (Jian
et al. 2024), target tracking plays a critical role in a wide
range of applications such as autonomous driving (Li and
Jin 2022), urban surveillance (Liu et al. 2022; Ren et al.
2023) , robotic manipulation (Deng et al. 2020), target cap-
ture (Xie et al. 2024; Zha et al. 2024; Cheng et al. 2024),
and so on (Sun et al. 2024) . However, in cases where the
dynamic target is highly maneuverable, the state estimation
issue becomes challenging due to the unknown switching of
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Figure 1: DIMM for target tracking with unknown dynam-
ics. We aim to enhance estimation accuracy by determining
the appropriate motion model and independently selecting
and fusing models across dimensions.

motion models and irregular system process noises (He et al.
2023; Luo, Zhou, and Bu 2024). Therefore, it remains less
explored to tackle accurate state estimation for target track-
ing with unknown dynamics.

Existing model-based works (Yang et al. 2025; Dingler
2022; Jiang and Huynh 2017) commonly utilize the Interact-
ing Multiple Model (IMM) (Salvi et al. 2025; Mazor et al.
1998) to deal with targets’ motion uncertainties by combin-
ing various motion models in a certain ratio (Lee and Park
2023). However, two major limitations of traditional IMM-
based methods remain unsolved:

Planar solution space constraint (L1). The traditional
IMM algorithm uses direct weighting on the filters’ 3D
state estimate vectors, limiting the solution space of model
combination as the target’s kinematic properties may vary
in different directions.

Observation-dependent weight instability (L2). The im-



portance weights for model combination computed by ob-
servation likelihood are sensitive to measurement data’s
quality, since the weight values may be invalid with non-
Gaussian distributed noises.

To address these two limitations, we propose a novel
framework named Decoupled IMM (DIMM), to deal with
accurate target tracking with unknown dynamics by expand-
ing the combination solution space and generating adaptive
combination weights. Compared to IMM, DIMM can bet-
ter approximate the optimal estimate value with a more rea-
sonable basis, i.e., estimate variables from different filtering
models and corresponding coefficients, i.e., model combina-
tion weights, thus increasing the tracking accuracy.

Specifically, to overcome L1, we design a decoupled
multi-hierarchy filter bank composed of motion models with
various orders to realize the 3D decoupling of the state es-
timate vector, which is theoretically proven to expand the
combination solution space and facilitates subsequent inde-
pendent combination of the state variable in each direction.
To overcome L2, we propose a differentiable adaptive fu-
sion network with reinforcement learning for importance al-
location of model fusion by learning the weight matrix from
data. Specifically, we improve motion pattern recognition
accuracy by independently weighting the estimated variable
in each direction. Our contributions are threefold:

* We propose a novel target tracking framework, Decou-
pled IMM (DIMM), to improve the state estimation ac-
curacy of dynamic targets with high maneuverability by
adaptive learning-based fusion of state variables of each
dimension independently.

We design a 3D decoupled multi-hierarchy filter bank
to realize the independent linear combination of models’
states in different dimensions. We further propose a dif-
ferentiable adaptive fusion network for importance allo-
cation through attention-based TD3 with a hierarchical
reward to generate more accurate combination weights.
We evaluate DIMM’s tracking performance on various
collected 3D trajectory datasets, demonstrating its effec-
tiveness in tracking accuracy improvement and excellent
generalization.

2 Related Work

Existing work of state estimation for target tracking lies in
three categories, model-based, data-driven, and hybrid ones,
as illustrated in Fig. 2.
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Figure 2: Categories of existing state estimation methods.

Model-based state estimation for target tracking relies
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on domain knowledge, such as prior understanding of the
system’s dynamics, including the target’s movement func-
tion and measurement equation (Chen et al. 2020). The inter-
acting multiple model (IMM) approach (Jilkov, Angelova,
and Semerdjiev 1999), designed for highly maneuverable
targets with unknown dynamics, improves estimation ac-
curacy by combining multiple models (Akhtar and Habibi
2023). While model-based methods offer interpretability
through explicit physical models, their performance can de-
grade with inaccurate models in complex systems (Chen
et al. 2015; Shlezinger et al. 2023a; Yi et al. 2024).
Data-driven state estimation for target tracking with un-
known dynamics has gained prominence with the matura-
tion of deep learning, eliminating the need for system mod-
eling knowledge. Recent advancements, including dynami-
cal variational autoencoders (DVAESs) (Krishnan, Shalit, and
Sontag 2017) and Kalman variational autoencoders (KVAE)
(Fraccaro et al. 2017), enable unsupervised learning by com-
bining VAEs with a linear Gaussian state-space model (Girin
et al. 2020). Approaches like the Recurrent Kalman Net-
work (RKN) (Becker et al. 2019) and DANSE (Ghosh,
Honoré, and Chatterjee 2024) integrate neural networks
with Bayesian techniques, balancing tractability and perfor-
mance. Data-driven methods can extract features from mea-
surements even when complex systems are hard to model
(Shlezinger et al. 2023b). However, they require substantial
data and computational resources, and neural networks often
lack interpretability (Liu et al. 2023b,a; Tian et al. 2021).

Hybrid state estimation combines model-based and
data-driven methods for target tracking with partially known
dynamics. KalmanNet (Revach et al. 2022) uses a recurrent
neural network (RNN) to model the Kalman gain, trained
with supervised learning on true states and noisy mea-
surements. Split-KalmanNet (Choi et al. 2023) addresses
state and measurement model mismatches through paral-
lel networks. The optimized KF (OKF) (Greenberg, Yan-
nay, and Mannor 2024) improves estimation by optimiz-
ing noise covariance matrices, outperforming the Neural KF
(NKF) (de Bézenac et al. 2020) with LSTM models. IMM
with DNN has also been explored, such as the LSTM-based
IMM (Deng, Li, and Li 2020) and XGBoost-based IMM
(Chen and Guestrin 2016), which predict model interac-
tion weights. Hybrid state estimation leverages both model
knowledge and data learning, reducing data needs while im-
proving accuracy (Shlezinger et al. 2023b). Our method bal-
ances data and model requirements by using a decoupled
model-based IMM framework and an enhanced reinforce-
ment learning (RL) module for adaptive model combination.

3 Problem Formulation

In target tracking, the noisy measurements from the sensor
serve as input, and the estimated state of the target is the
resulting output. A discrete-time target tracking system (Zha
et al. 2023) with diverse dynamic models is formulated as

{

Ty = fL (wkfl) + w;lcfla

) ) 1
zp = h' (k) + vy, Vi e M, )



where =, € R" represents the target’s state at time
step k, zr € R™ denotes the measurement, and M =
{m1,ma,...,mp} is the model set. Function fi(-) : R™ —
R™ specifies the target’s state transition equation, and h’(-) :
R™ — R™ is the sensor’s measurement equation, both of
which vary with the model : € M. Process noise w271 IS
R™ and measurement noise v}, € R™ are model-dependent
with Gaussian distributions following w},_; ~ N(0,Q},_;)
and v}, ~ N(0, R},), respectively, where Q},_; and R}, are
the corresponding noise covariance matrices. Specifically,
we denote the Markov transition probability of a model jump
process from model i to j as 7/, Commonly utilized motion
models (Lv et al. 2025) in IMM include constant velocity
(CV) model m.,, and constant acceleration (CA) model m.,
for linear movements, and constant turn rate (CT) model m;
for nonlinear dynamics, which are detailed in the Appendix.

4 Methodology
4.1 Revisiting Interacting Multiple Model

As a popular yet effective way to track the target with high
maneuverability, IMM algorithm combines multiple motion
models, including CV, CA, and CT models, simultaneously
to estimate the target’s state, adapting to different move-
ment patterns by weighting each model’s predictions based
on their likelihood with respect to measurement. Each iter-
ation of the IMM algorithm includes four steps: interaction,
filtering, weight generation, and combination, as shown in
the Appendixz. However, as mentioned above, two critical
limitations exist in the combination step of IMM, i.e., the
planar solution space constraint (L.1), and the observation-
dependent weight instability (L2).

L1: Planar Solution Space Constraint. The conventional
IMM algorithm implements direct weighting of the state
estimates in all three directions obtained from M differ-
ent motion models with an M -dimensional combination
weight vector. Nonetheless, in cases where the target’s mo-
tion model differs in each direction, such combination oper-
ation is no longer optimal. Actually, the multi-model state
estimation can be regarded as a 3D convex optimization
problem, while the traditional IMM algorithm restricts the
feasible domain to a triangular planar region, extremely lim-
iting the optimizable range of the solution space, as shown
in Fig. 3.

Proposition 1. The solution space of IMM’s estimate com-
bination is a hyperplane, while the solution space of 3D
model combination weights is a hypercube.

Proof. The proof is given in the Appendix. 0

"The state dimension n and measurement dimension m vary
with different motion and observation models. In this paper, all
models use the target’s noisy 3D position as the measurement, as
the sensor’s observation transformation is not the main focus.

2Only the simplest case using the Kalman Filter (KF) is con-
sidered in the IMM algorithm, with the linear state transition and
measurement functions of model j denoted as F¥ and H”, respec-
tively. For details on IMM with more advanced filters like EKF and
UKEF for nonlinear systems, see (Mazor et al. 1998).
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Figure 3: Extend the solution space by shifting the weighting
target from state vectors to variables in each direction.

Solution for L1. Existing work based on IMM relies on non-
linear models to describe the target’s complex movement,
which results in interactions between different dimensional
variables, thus preventing the independent model recogni-
tion and fusion for each direction. Therefore, we aim to de-
sign a multi-hierarchy linear filter bank for various motion
models that can realize the 3D decoupling of the target’s
movements to facilitate the independent linear combination
of the state’s variable in each direction, which is addressed
in Sec. 4.3. Moreover, to cater to the need for expanded
3D combination solution space, we consider a weight ma-
trix rather than a weight vector for more reasonable estimate
combination, as specified in Sec. 4.4.

L2: Observation-dependent Weight Instability. As a
key component of IMM, the method of generating model
combination weights significantly impacts estimation accu-
racy. Classic IMM algorithms (Mazor et al. 1998) com-
pute weights based on observation likelihood under the
Gaussian distribution assumption, which may be inaccurate
when measurements are prone to errors, especially with fre-
quent measurement loss, high observation noise, and non-
Gaussian noise. Additionally, the manually predefined tran-
sition probability function in the IMM interaction step intro-
duces uncertainty, causing instability in model switching at
each time step.

Solution for L2. Since a learnable model recognition ap-
proach is needed for more accurate model selection and fu-
sion to align with the target’s current movement mode, we
propose an adaptive fusion network with TD3 (AdaFuse-
TD3) in Sec. 4.4 to decide the combination weight matrix
rather than relying on the mathematical observation likeli-
hood function for more accurate estimate combination.

4.2 Overview of DIMM

DIMM contains two main modules, a decoupled multi-
hierarchical filter bank (DHFB) for multi-order local es-
timation, and a differentiable adaptive fusion network
(DAFN) for multi-model estimate fusion, as shown in Fig. 4.

* DHFB module uses a multi-order motion model group to
describe the target’s movements, where each model runs a
separate KF to generate its local state estimates. Our de-
signed filter bank enables an independent linear combina-
tion of the filter’s estimate variables in each spatial dimen-
sion, thus spanning a larger combination solution space for
subsequent estimate fusion.



Decoupled multi-hierarchy filter bank (Sec. 4.3)

Differentiable adaptive fusion network (Sec. 4.4)
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Figure 4: Overview of DIMM. The critical technical contributions are highlighted in red.

* DAFN module employs an attention-based TD3 architec-
ture with a hierarchical reward to recognize motion pat-
terns and assign importance weights to each model’s esti-
mates for subsequent fusion. Specifically, we take sequen-
tial measurements and multi-model estimates as the net-
work input and obtain the transformation matrix of each
model as the output to determine the model’s combination
weights in different dimensions.

Finally, the weighted combination of estimates is able
to produce the fused target tracking result. The two mod-
ules’ innovative design is displayed in Fig. 4. Our proposed
DIMM algorithm is specified in the Appendix.

4.3 Decoupled Multi-hierarchical Filter Bank

Our method is built on a 3D-decoupled multi-hierarchy fil-
ter bank with a model group M p, composed of the CV, CA,
and constant jerk (CJ) model, to describe the target’s move-
ments. By considering various motion models with different
orders, our filter bank not only facilitates the independent
model combination of dimension-specific motion in each
direction, but also provides a more rational representation
for highly nonlinear 3D movements than existing methods
based on CT model?, thus improving estimation accuracy.

Specifically, the CV, CA, and CJ model considered in
our method correspond to the first-order, second-order, and
third-order motion model, respectively*. This multi-order
model group is completely made up of linear models,
which brings convenience for the subsequent separate linear
weighted fusion of the state vector’s 3D components, hence
realizing the state decoupling in three directions.

Therefore, the DHFB module based on the basic linear KF
is effective enough for state estimation, further simplifying
the algorithm’s computation complexity. Then, one obtains

3The conventional model group, including CT models (Singer
2007), relies on idealized assumptions of circular motion, such as
a fixed turning rate. These assumptions are unsuitable for highly
nonlinear scenarios, like emergency stops or abrupt turns.

“The multi-order models’ mathematical representation is de-
tailed in the Appendix.
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the posterior state estimate &}, of each motion model as
NP i si
&), =By 1 + K (2 — 23)
=f1(#&) ) + K2k —
1€ MD,

where the model group Mp = {mcy, Mea, Mej b -’%2“@4
represents the prior state estimate of model ¢ at time step k,
2, refers to the predicted measurement, and K, denotes the
Kalman gain.

Based on the 3D-decoupled multi-hierarchy filter bank,
the task is to identify the optimal order of motion models and
amplify their output impact during the combination step to
better match the target’s movement pattern in each direction.

W(f(E ), @

4.4 Differentiable Adaptive Fusion Network

To address these challenges, instead of using weight vectors
based on observation likelihood, we generate a transforma-
tion matrix for each model using our RL module, AdaFuse-
TD3. This approach adapts the combination weights in
three directions at each time step, supporting motion pat-
tern recognition and dynamic adjustment. The fusion net-
work learns from its interactions with the environment, gen-
erating transformation matrices that adapt to the target’s un-
predictable behavior. The transformation matrix serves as an
importance metric for each motion model, determining the
interaction weight in the model combination.

Environment Definition. The position estimation envi-
ronment of our proposed AdaFuse-TD3 can be seen as a
Markov decision process (MDP) represented by a tuple
(S, A, R,P,7), where S is the state space, A is the action
space, R is the reward, P is the transition probability distri-
bution, and v € [0,1) is the discount factor. We define the
environment elements as follows.

State Space S : s = [zk_1ki Dy "Dy Dy i Pr] €
R'5. The state of our environment includes the I-length mea-
surement sequence”, filtered position estimates of the multi-

>For time step k < I, we apply zero-padding (Iwana 2022) to
the missing measurement dimensions.
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Figure 5: Network structure of the DAFN module.

hierarchy filter bank, and the fused position estimate.
Action Space A : a; = [ay.;aky;ak.] € RY, where
a,j [a?j“,a?;“,azbj”] ,7 € {x,y,z}. We take the
change of the importance weight value of the decoupled
multi-hierarchy filter bank as the action and compute the
corresponding transformation matrix of each model based
on the action values, as given in Sec. 4.4.

Reward R : r;, € R. We take the difference of the localiza-
tion error between our algorithm and a benchmark filter as a
hierarchical reward, which is detailed in Sec. 4.4.

Agent. We adopt a decision model inspired by TD3 (Fuji-
moto, Hoof, and Meger 2018) for weight values generation
with continuous action space and design an improved net-
work structure as specified in Sec. 4.4.

Attention-based Network Structure. Considering the in-
put measurements are time-sequential and inter-correlated,
we build the actor-critic network based on the multi-head
attention mechanism (Vaswani 2017) to effectively cap-
ture long-range motion patterns. The network architecture
is depicted in Fig. 5. Unlike LSTM networks (Hochreiter
1997) that process sequences sequentially, our attention-
based structure enables parallel processing of temporal de-
pendencies across the entire sequence. Then, the attention-
encoded motion features are fed into subsequent multilayer
perceptrons to generate the importance weight matrices.

Transformation Matrix Construction. To facilitate the
decoupled combination of filters’ position estimates in 3D
space, we construct a diagonal transformation matrix for
each model as

i : i i i ;
E= dlag{wk,xv W s wk,z}a (AS MD? 3
where the 3D importance weight matrix follows

(i)™ (0w wp

_ T Mey mca cj
W= | (wey) 7 ) = | wig” wiiy” wiy 4)

cv ca cJ

(wk7z) wk7z wk7z k,z

Specifically, the weight value of model ¢ € M p in each
direction j € {x,y, 2z} is generated as a constant between
[0, 1] through a softmax function according to

ay ;—

s —llakillo

Yjetony €

kg = sl )
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where ay, = [ay . ak,y; ak, -] € R denotes the action vec-
tor as defined in Sec. 4.4. Then, we combine the estimate of
each model based on its corresponding transformation ma-
trix and obtain the fused position estimate as

pr=>_ Ti-

iEMp

A

1Pk> (6)
where P, is the position variable in estimate &},. Note that
only the communal position estimate of the multi-hierarchy
filter bank is considered for combination in this paper to sim-
plify the fusion process, as the state dimension varies with
motion models®.

Hierarchical Reward Design. Most existing RL-aided
KF research (Gao et al. 2020; Tang et al. 2021) uses the neg-
ative localization error as a reward according to

ri == | Pr — Py |2, (N
where p,, is ground truth of the target’s position. However,
the estimation error in Eq. 7 is highly susceptible to un-
known environmental noises, which may cause instability
to the convergence of reward. Therefore, we intend to re-
duce the reward variance by designing a hierarchical reward
calculated from the difference between the filtering error of
AdaFuse-TD3 and that of another benchmark filtering result
and feeding it back as an advantageous signal into the net-
work. Specifically, we define the hierarchical reward as:

Tk = — || Pr. — Pr adakusetps 2 + | P& — Prvm 2, (8)
where Py, agaruse-Tp3 denotes the position estimation results
of our filtering method based on AdaFuse-TD3, and Py, v
is the estimate obtained from the non-learning IMM ap-
proach. In this case, the larger the reward value, the higher
the estimation accuracy of the filtering method based on
AdaFuse-TD3. In summary, the hierarchical reward design
weakens the effect of ambient noises, thus flattening the sig-
nal wave and improving the model convergence.

5 Experiment
5.1 Experimental Setup
This section introduces the datasets, baselines, and metrics
utilized in this paper.

SFor a more rigorous combination of state variables with un-
equal dimensions across motion models, see (Zubaca et al. 2022).



OKEF dataset (Greenberg, Yannay, and Mannor 2024) is a
driving trajectory dataset consisting of segments with di-
verse accelerations and turn radius. Multi-model dataset
is a self-built target trajectory dataset composed of random
combinations of trajectory sequences generated by different
motion models’ dynamics, including CV, CA, CJ, and CT
models.

Flightmare dataset is a drone trajectory dataset featuring
randomly generated velocities in three directions, collected
from Flightmare’ (Song et al. 2021), a versatile and high-
fidelity quadrotor platform for real-world validation. We se-
lect it as drone is an important application scenario (Wang
et al. 2025).

KF (Kalman 1960) is a classic state estimation method.
IMM (Mazor et al. 1998) is a famous technique for target
tracking with unknown switching dynamic models.

RKN (Becker et al. 2019) (Recurrent Kalman Network) is
an end-to-end learning approach for KF.

DANSE (Ghosh, Honoré, and Chatterjee 2024) (Data-driven
State Estimation) is the state-of-the-art model-free method.
LSTM-IMM (Deng, Li, and Li 2020) is a LSTM-based
IMM method.

XGBoost-IMM (Li, Zhang, and Li 2021) is an IMM method
based on XGBoost (Chen and Guestrin 2016).

OKF (Greenberg, Yannay, and Mannor 2024) is an opti-
mized KF with parameter learning.

Mean squared error (MSE) is an evaluation metric suitable
for undesirable large-error cases (Arulampalam et al. 2002).
Mean absolute error (MAE) is an indicator of estimation
accuracy preferable for required robustness to outliers.

5.2 Estimation Accuracy

Finding 1: DIMM outperforms existing state-of-the-
art state estimation methods in terms of estimation ac-
curacy. To quantify the algorithm’s performance on target
tracking accuracy, the MSE and MAE of estimates obtained
from baselines and DIMM are compared in Tab. 1. Results
show that the performance of model-based algorithms like
KF and IMM varies with datasets. Specifically, the UKF-
based IMM fails in the OKF dataset due to the numerical
sensitivity, suggesting its significant reliance on the operat-
ing scenario (Seah and Hwang 2011). From Tab. 1, DIMM
outperforms existing state-of-the-art estimation methods,
confirming its effectiveness in accurate target tracking.

Finding 2: The estimate results of DIMM approximate
the true values well. We compare the target’s ground-truth
and estimated trajectory of DIMM in Fig. 6. It can be seen
that our algorithm effectively fits the complex 3D motion
trajectory of the target with unknown dynamics. To further
validate the feasibility of our algorithm’s position estimates,
Fig. 7 compares the true target position states with the esti-
mated ones obtained from DIMM. As shown, the estimated
position variables converge to the ground-truth values, indi-
cating DIMM is applicable to nonlinear target tracking.

"The trajectory from Flightmare is considered realistic, as it in-
corporates practical factors like the drone’s dynamic characteristics
during motion generation.
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Figure 6: Examples of comparison between the actual and
estimated trajectories of DIMM for different datasets.
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Figure 7: Examples of comparison between the actual and
estimated position state variables of DIMM.

5.3 Study of Hierarchical Reward

Hierarchical reward design improves the estimation ac-
curacy. To validate the effectiveness of the reward design
illustrated in Sec. 4.4, we compare the tracking accuracy
of our algorithm with and without the hierarchical term in
Tab. 2. Specifically, we refer the reward defined by Eq. 7 as
the simple reward, and our hierarchical reward is given in
Eq. 8. It can be seen from Tab. 2 that the hierarchical reward
design effectively improves the estimation accuracy.

5.4 Interpretable Analysis

Transformation matrix is for model importance alloca-
tion during combination. For more intuitive understanding
of the transformation matrix T, demonstrated in Sec. 4.4,
we depict this diagonal matrix of each model : € Mp
at given time steps in Fig. 8. As seen, the diagonal ele-
ments of each model’s transition matrix correspond to the
fusion weights of each filter’s estimate, i.e. the values of
(W}, > W}, W} ) in Eq. 3. According to Eq. 6, the greater
the weight value of the filter with its corresponding model
in one direction, the more significant its estimate is during
model combination in that direction. Therefore, one can de-
duce the most appropriate model type of the moving target
for each direction of the 3D space in the designed multi-
hierarchy filter bank from the transformation matrix of each
model at each time step, as analyzed in Fig. 8.

5.5 Inference Efficiency

DIMM demonstrates impressive inference efficiency.
Running on a single A800 GPU, DIMM processes batches
of 256 in just 22 ms with a 2000 MiB memory footprint. Its
high throughput and low latency make it well-suited for real-
time and large-scale tasks, particularly in autonomous sys-
tems. Overall, DIMM’s efficiency in both speed and memory
usage underscores its scalability and competitive advantage
in applications demanding rapid and accurate tracking.



Dataset Metri Model-based methods ~ Data-driven methods Hybrid methods
atasets etries KE MM RKN  DANSE LSTMIMM XGBoostIMM _ OKF _ DIMM (ours)

OKE dat MSE  5.1771 : 0.6132  0.6408 0.9053 3.5254 3.9890 0.4431
ata MAE  3.1713 - 0.1835  0.1687 0.2052 2.6929 1.6090 0.1124
Multiomodel data~ MSE 27535 20290 07442  0.0310 1.8879 3.4526 3.9509 0.0041
MAE  2.1202 17635 0.1373  0.1430 4.6926 22531 1.5643 0.0542
Flichtmare daa ~ MSE 129.0360 1295573 1.7353  1.6920 2.9830 5.5448 7.8423 1.4934
g MAE  101.5394 102.2903 1.1978  1.2630 4.0271 3.7056 3.2317 1.0100

Table 1: Comparison of estimation errors of DIMM with seven baselines, averaged over 100 randomized trials.

Reward design Metrics OKF data  Multi-model data  Flightmare data
. MSE 0.5389 0.1656 7.9213
DIMM (simple) — \fag 05281 0.3507 2.5474
. . MSE 0.4431 0.0041 1.4934
DIMM (hierarchical) - \jaE 1124 0.0542 1.0100

Table 2: Estimation errors of DIMM with different rewards.

Action space OKEF data Multi-model data ~ Flightmare data
MSE MAE  MSE MAE MSE  MAE

(—=5,5) 0.4622  0.1563 0.0041 0.0542 1.4934 1.0100
(—4,4) 0.4512  0.1353 0.0065 0.0735 1.6404 1.0154
(—3,3) 0.4478 0.1276 0.0188 0.1059 1.6134 1.0131
(—2,2) 0.4431 0.1124 0.0082 0.0684 1.5890 1.0153
(-1,1) 0.4519 0.1483 0.0229 0.1121  1.6400 1.0153

Table 3: Estimation errors for different action space.

Module setting Metrics OKF data Multi-model data  Flightmare data
MSE 3.7969 1.9824 129.0346
DIMM (w/o DAFN)  \iAE 23349 17045 101.5391
MSE 0.4431 0.0041 1.4934
DIMM (W/DAFN) - \iaE 01124 0.0542 1.0100

Table 4: Estimation errors of DIMM w/ and w/o DAFN.

5.6 Ablation Study

The action space size affects estimation accuracy. In our
case, the action space size corresponds to the range of com-
bination weight values in the transformation matrices. It de-
termines the granularity of available actions, impacting the
accuracy of weight values. As shown in Tab. 3, a larger
action space offers finer weight values but increases train-
ing complexity, while a smaller action space may limit the
model’s ability to learn nuanced behaviors.

The DAFN module significantly improves estimation ac-
curacy. The DAFN module in DIMM determines the com-
bination weights for each model’s estimate in each direction.
From Tab. 4, incorporating the DAFN module improves per-
formance across all datasets, with notable reductions in both
MSE and MAE. Specifically, the MSE in DIMM with DAFN
is reduced by 88.33%, 99.79%, and 98.84% compared to
the version without DAFN, highlighting its crucial role in
enhancing accuracy. This confirms the benefits of learning-
based fusion weight over mathematical formula-based ones.

6 Conclusion and Future Work

This paper proposes DIMM, a novel target tracking frame-
work for accurate tracking with unknown dynamics. DIMM
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(a) Transformation matrix of each model at one time step on the
OKF dataset. It can be seen from the maximum diagonal elements
of the transformation matrices that the best-fit models for X, Y,
and Z directions are CJ, CJ, and CV model, respectively.
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(b) Transformation matrices on the Flightmare dataset. The best-
fit models for X, Y, and Z directions are CA, CJ, and CA model,
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(c) Transformation matrices on our dataset. The best-fit models
for X, Y, and Z directions are all CJ model, demonstrating our
algorithm’s applicability to isotropic single motion pattern.
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Figure 8: Examples of the transformation matrix of each mo-
tion model’s filter in the DHFB module.

features a decoupled multi-hierarchy filter bank for multi-
order local estimation, expanding the model combination
solution space, and a differentiable adaptive fusion network
for more accurate weight generation. Evaluation on multi-
ple datasets shows significant improvements in tracking ac-
curacy over SOTA approaches. Future work will focus on
integrating the algorithm with advanced Al state evaluation
methods like world models (Zhao et al. 2025).
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