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Abstract— Robust state estimation is central to robotic
autonomy, yet classical Kalman filters struggle with frequency-
dependent disturbances and model mismatch such as sensor
vibrations, electromagnetic interference, and periodic noise.
Although Deep Kalman Filter (DKF) variants extend the
Extended Kalman Filtering (EKF) framework by learning latent
transitions, they lack explicit mechanisms to suppress band-
limited noise components that typically corrupt sensor mea-
surements in real-world scenarios. We introduce the Frequency-
Weighted Neural Kalman Filter (FW-NKF), a unified hybrid
approach that embeds a causal spectral-shaping operator into
the Kalman measurement residual and jointly learns observation,
and transition networks. By adapting both the filter spectrum
and the latent state representation, FW-NKF attenuates the
noise-dominated frequency bands while capturing complex
residual structures. We conduct extensive experiments on four
heterogeneous benchmarks, including chaotic systems such as
multi-dimensional Lorenz systems and full-body inertial pose
estimation, and find a reduction in localization error of up to
10% as well as marked improvements in orientation accuracy.
Our ablation studies confirm that frequency weighting and deep
latent-state modeling contribute to overall performance.

I. INTRODUCTION

Real-world sensor measurements, including drone inertial
measurement units (IMUs), wheel encoders, and wearable
IMUs, are often corrupted by band-specific disturbances such
as high-frequency vibration jitter, low-frequency bias drift,
and periodic electromagnetic interference [1]. Downstream
tasks such as trajectory planning, flight stabilization, and
avatar animation in VR/AR demand state estimates that are
both accurate and temporally coherent [2], [3], yet even
moderate spectral contamination can degrade quality [4].

State estimation often relies on noisy IMU data, where
integration drift causes small biases in acceleration or angular
rate to accumulate over time. These small biases can quickly
become large position or orientation errors, especially when
external corrections such as GPS or visual markers are
unavailable [5]. For example, in ground vehicles, this drift can
result in missed turns or navigation failures. For micro-drones
operating with tight agility constraints, even minor pose errors
can destabilize flight, preventing successful obstacle avoidance
or trajectory tracking. In human motion capture, drift in IMU-
based pose estimation causes joint angle inconsistencies and
body posture deviations, degrading the realism and accuracy
of avatar representations in virtual reality [6].

The classical Kalman filter attains minimum mean-squared
error (MMSE) optimality only when process and measurement
noise are white, Gaussian, and temporally uncorrelated [7],
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[8], [9]—conditions Maybeck famously called “fairy tales
for undergraduates” [10]. When noise is instead colored,
periodic, or band-limited [11], [12], [13], the filter’s fixed
covariance model can neither capture nor suppress these
artifacts, causing estimation errors to accumulate across time
steps [14], [15]. High-frequency IMU jitter [16] and low-
frequency bias drift [17] are two canonical examples that
scalar Q/R tuning cannot resolve. EKF and UKF variants [18]
relax the linearity requirement but inherit the same spectral
blind spot, as their gain computation remains agnostic to the
frequency content of the innovation.

In this work, we introduce the Frequency-Weighted Neural
Kalman Filter (FW-NKF), a frequency-aware extension of
Kalman filtering designed for state estimation. Instead of
relying on a fixed linear observation matrix, we use a
learnable neural network that maps latent states to denoised
sensor measurements, supervised by ground truth states. This
network implicitly learns to reconstruct noise-free sensor
signals to enable a more accurate integration of the true
state trajectory. To introduce frequency-specific error, we
apply a Fourier transform to the estimated noise-free and
observed signals and minimize the mean squared error in
the frequency domain to encourage the filter to suppress
spectral components most responsible for drift and noise.
In addition, we introduce a learnable frequency-domain
filter applied to the Kalman innovation term to selectively
attenuate disruptive frequency bands during the correction
step. By integrating frequency awareness into both the
observation model and update mechanism, FW-NKF achieves
improved state estimation accuracy across diverse tasks while
maintaining the computational efficiency compared to the
non-linear filters. Our contributions can be summarized:

e A hybrid filtering framework that embeds a causal,
frequency-weighted operator within a Kalman filter to
learn and attenuate system-specific noise concentrated in
particular frequency bands.

e A spectral-domain training objective that minimizes a
frequency-weighted error between predicted and denoised
sensor signals to suppress noise-dominated frequency
components. This is motivated by the Cramér—Rao lower
bound, since reducing effective measurement noise can
lower the minimum achievable estimator variance under
standard regularity assumptions.

« Extensive evaluation on four heterogeneous benchmarks—
pendulum, Lorenz chaotic systems, a micro aerial vehicle
(MAV) and human pose estimation—achieving up to
10% reduction in state estimation while maintaining a
competitive computational overhead.
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II. RELATED WORK

a) Classical and Adaptive Kalman Filtering: The
Kalman filter [19] remains the standard recursive estima-
tor for linear Gaussian systems owing to its closed-form
predict-update cycle and minimum-variance guarantees [20],
[21]. When dynamics are nonlinear, the Extended Kalman
Filter (EKF) [22] linearizes the current estimate, while the
Unscented Kalman Filter (UKF) [18] propagates deterministic
sigma points to capture second-order statistics [23], [24]. Both
families, along with innovation-based covariance adaptation
and Interacting Multiple Model (IMM) switching [25], [26],
adjust gains to accommodate maneuvering targets or drifting
noise statistics. Nevertheless, all these variants treat mea-
surement noise as spectrally flat, lacking a mechanism to
selectively attenuate frequency-localized disturbances—the
gap our work addresses. KalmanNet [27] replaces the analytic
Kalman gain with a learned GRU mapping, achieving com-
petitive accuracy without explicit noise statistics. Subsequent
extensions add Bayesian weight posteriors for uncertainty
calibration [28] or recursive gain structures for long-horizon
stability [29]. Variational state-space models [30], [31] further
generalize by jointly learning nonlinear transitions and emis-
sions, and particle-filter hybrids extend this to non-Gaussian
posteriors [21]. While these methods relax linearity and
Gaussianity constraints, none incorporate spectral supervision
or frequency-selective innovation filtering.

b) Frequency-Weighted Filtering: Frequency-shaped
Kalman filters enhance robustness by selectively emphasizing
informative spectral bands. By applying a causal frequency-
shaping operator to the innovation sequence, these methods
minimize weighted estimation variances in targeted frequency
ranges, effectively suppressing band-limited noise [32]. De-
signing suitable shaping functions requires prior knowledge
of sensor noise or estimation of noise characteristics.

c) Application-Specific Filtering and Localization:
Many real-world estimation problems, ranging from au-
tonomous navigation to human motion tracking, rely on noisy
sensory data prone to frequency-dependent disturbances [33].
Benchmarks UIP-DP pose tracking collections demonstrate
these challenges across diverse platforms, environments, and
sensor modalities [34]. While application-specific methods
and task-oriented neural networks have been developed to
address domain-specific dynamics [35], they often overlook
the structured nature of sensor noise, particularly its spectral
characteristics. Our frequency-aware filtering approach can
complement these existing methods by explicitly attenuating
noise-dominated frequency components, improving state
estimation accuracy without handcrafted filters.

III. PRELIMINARIES
A. Notations

We use lowercase letters (x) to denote scalar quantities,
and bold lowercase letters (x) to represent vectors, such as
temporal sequences, while bold uppercase letters (X) are
used for matrices. The discrete Fourier transform is denoted
as F(.), yielding a complex variable as F.

B. Linear Gaussian State-Space Models

Our framework builds on the discrete-time linear Gaussian
state-space model [19], [20]:

wy ~N(0,Qy), (1
v, ~N(0, Ry), (2)

Ty = Frpxi_1 + B ug + wy,
Yy, = Hy xp, + vy,

with state x;€R", control u;€RP, and observation y, cR™.
F;eR™ ™ and B €R"*P govern state evolution, @, cR"*"
models process uncertainty, H ;€R™*™ projects states onto
measurements, and R;cR™*"™ encodes sensor noise [21].

C. Classical Kalman Filter

Given measurements y,.,, the Kalman filter recursively
computes the posterior x; that minimizes the mean-squared
estimation error under the model above [19], [20]:

a) Prediction Step:

Zyjp—1 = F&y 141 + Buy, (€)]
Py = FP, ,,,F' +Q. “4)

b) Update Step:
Ay, =y, — Hﬁ:t|t—1; (%)

-1
K,=P;, H' (HPy, \H' +R) , ©)
&y = Typ—1 + Ky Ay, Py = (I — KiH)Pyy_y. (7)

The subscript t|t—1 indicates the prior (before incorporating
y,) and t|t the posterior. Egs. (3)—(7) alternate between
propagating the state forward and correcting it via the
innovation Ay, scaled by the Kalman gain K.

D. Motivation

Kalman filters assume stationary noise covariances ()
and R, which are suboptimal when sensor noise exhibits
frequency-dependent characteristics [32]. In practice, sensor
measurements contain structured disturbances such as low-
frequency drift, high-frequency jitter, or periodic environ-
mental noise, none of which are captured by the white
noise assumption [19]. These spectral artifacts can lead
to suboptimal state estimation, as the Kalman gain cannot
distinguish between informative signal components and
frequency-localized noise. We propose frequency-weighted
neural Kalman filter to introduce spectral awareness into both
the observation model and the update step. By combining an
observation network trained with spectral-domain supervision
and a causal filter applied to the innovation term, FW-NKF
selectively suppresses noise-dominated frequencies while
preserving task-relevant information. This approach enables
accurate state estimation in environments where classical
filters fall short, particularly for sensor modalities like IMUs,
where frequency-specific disturbances are common [12].

IV. METHOD

In this section, we present two key enhancements to the
Kalman filter, which are a frequency-domain reconstruction
loss for training (Algorithm 1) and a learnable IIR innovation
filtering mechanism (Algorithm 2). These components address
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limitations in conventional Kalman filter implementations
when dealing with systems that have distinct frequency
characteristics with non-Gaussian noise.

A. Incorporating Frequency Loss into the Kalman Filter

The frequency-domain reconstruction loss introduces a
critical improvement over traditional time-domain losses by
comparing signals in the spectral domain rather than point-
by-point in time. Specifically, we minimize the difference
between the magnitude spectra of predicted and ground-truth
observations, obtained via the Fourier Transform. This shifts
the focus from waveform alignment to frequency content,
which is often more relevant in systems affected by structured,
non-Gaussian noise—such as IMU signals [33], [12]. We
define the spectral loss during training as in Equation 8.

Lo = ||IF@)I - IF@I|, ®)

where ¢, = H(&;_1) is the predicted observation from the
estimated state, and g, = H(x;) is the reference noiseless
observation derived from the ground truth. Although noiseless
readings are not directly available, we approximate them
by applying the observation model to the ground truth
states during training. Under the supervision, the observation
model H () is trained to approximate noise-free observations,
making ¥, a valid target for guiding spectral reconstruction.

Unlike time-domain minimum square error, this loss is
phase-invariant and robust to temporal misalignments. The
use of the /1 norm further encourages sparsity in spectral
differences, ensuring the model focuses on aligning dominant
frequency components while ignoring minor discrepancies.
Algorithm 1 summarizes the implementation of incorporating
the frequency loss to the original filter.

Algorithm 1 Integration of spectral loss into the Kalman
filter training

1: procedure SPECTRALLOSS({w,;}{_,: filtered states,
{9,}L_,: predicted observations, {x;}_;: true states)

2: Lyae — * Zthl |&¢¢ — @:]|3 > State estimation
loss

3: Y, < H(x;) > Estimated noiseless observation from
ground truth state

4: Fy < || F{y.}|| > Magnitude spectrum of estimated
noiseless observation

5: Fg < || F{9,}|| > Magnitude spectrum of predicted
observation

6 Lo LI F — Falh
reconstruction loss

> Spectral-domain

T »Ctolal — »Cstate + )\'i> : »C'<I>
8: return L.
9: end procedure

The proposed frequency-domain loss extends traditional
time-domain objectives by comparing the magnitude spectra
of predicted and noiseless observations via the Fourier
transform. This emphasizes spectral structure rather than
point-by-point waveform differences. It is especially useful

when frequency matters more than exact time alignment, such
as in IMUs with vibration and interference, and in settings
where noise is approximately non-Gaussian [12], [33].

B. Learnable IIR Innovation Filtering for Kalman Estimation

We apply a learnable causal IIR filter directly to the
innovation Ay, defined in (5), where Ay, =y, — H Z;;_;.
Unless stated otherwise, the same filter is shared across
measurement channels and acts componentwise.

a) Z-transform convention and delay.: For a discrete
vector sequence u; € R™, its one-sided Z-transform is
U(z) =Y ;2w 2", with complex indeterminate z. Here
2~! denotes one-sample delay; more generally 2z~ is an i-step
delay. When the same scalar IIR is applied to each channel,
this is equivalent to a diagonal transfer ®(z) = ®(z) I,,,.

b) Filter parameterization.: We parameterize a causal
IR with learnable coefficients {b;}}_, and {a;}j_;:

B(z") o biz™

@(2’) = A(Z*I) = 1+Zl:_;]-:1ajz_j. )

c) Time-domain realization and KF correction.: Instead
of the single-line ARMA recursion, we use the equivalent
cascaded realization with an internal buffer s; € R™":

q
— Zaj si—j + Ay,

s = (10)
Jj=1
o p
Ayt = sz S¢_j. (1])
=0

The filtered innovation Z@t = & x Ay, replaces the raw
innovation in the Kalman update as in Equation 7.

Ty = '%t\t—lJFKtEta (12)

Stability is enforced by constraining the poles of A(z7!)
to lie strictly inside the unit circle (e.g., via a stable-root
reparameterization of {a;}); this preserves a well-posed
recursion and, with the Joseph form, maintains positive
semidefiniteness of Py; under finite precision.

C. End-to-End Integration in FW—-NKF

The two components enter the forward pass at com-
plementary points without altering the Kalman structure.
During training, the observation pathway is supervised in
the spectral domain via Algorithm 1, which compares g, =
H(Zy;—1) to the noiseless target §, = H(x;) through the
loss in (8). During inference and training, the correction
step replaces the raw innovation Ay, from (5) with the
frequency-weighted innovation produced by the learnable IR
in (10)—(11), equivalently Ay, = [®*Ay];. The time-varying
dynamics and noise terms (A¢, b, Q,, R;) are generated by a
GRU-conditioned parameterization, while the IIR coefficients
{a;},{b;} are learned with the stability constraint on A(z~!)
as specified in Section IV-B. When measurements are missing
or unreliable, the optional mask m, gates the update.

Proposition IV.1 formalizes a theoretical justification for
our method. It states that spectral filtering can improve state
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Fig. 1: Overview of our method with spectral supervision. (a) The observation model H(-) predicts sensor measurements in
two ways: one from the ground truth state  (supervised) and one from the estimated state &. This dual prediction enables to
explicitly guide the observation model in reconstructing noise-free sensor signals, encouraging frequency-selective denoising.
(b) The pole-zero plot of the learnable IIR filter ®, parameterized by coefficients {a;,b;}, which are optimized during
training. This filter is applied causally to the innovation term (the difference between observed sensor data y and predicted
observation 4), selectively attenuating frequency components associated with measurement noise before the Kalman update.

Algorithm 2 Adaptive Frequency-Weighted Innovation

Algorithm 3 FW-NKF Prediction & Update (forward step)

1: procedure IIR-INNOVATION(y,, &1, coeffs. {b;}1_,
{a;}-D

2: Inputs: observation y, € R™; predicted state
Zy,—1 € R"; observation matrix H € R™*".

3: Coeffs: feedforward {b;}}_,, feedback {a;}7_,.
Persistent internal state: lagged IIR states

{s¢—j}i_, (initialized to O at start).
Ay, <y, — Hzyy > Innovation from (5)
8¢ ¢ =71 aj 81—j + Ay, > Pole recursion, (10)
Ay, + D8  bisi—; > FIR stage (11)
State update: shift and store s, as the newest lag

(discard the oldest). -

9: Output: Ay, > Use in KF: @, = &,,_, + K; Ay,

10: Cost: O((p + q)m) per step for componentwise
filtering with a shared ®.

11: end procedure

»

3 W

estimation when it suppresses noise in frequency bands that
are weakly informative about the state, without removing
state-dependent content.

In the measurement model y = h(x) + v, the noise v is
often structured and frequency-dependent. Applying a (causal)
linear filter ® yields the transformed observation y = ® * v,
which both reshapes the measurement model and filters the
noise. When this transformation increases the information
content of the observation about the state, the achievable
estimation error decreases by the Cramér—Rao bound.

This result supports our approach of learning ®. By training
® to attenuate noise-dominated frequency components while
preserving state-informative components, we improve the
signal-to-noise ratio of the measurements, which is reflected
in better state estimation in our experiments.

Proposition IV.1 (Spectral Filtering). Let y = h(x) + v,
where x € R", h is smooth, and v is zero-mean noise with
covariance R = E[vv'"]. Let ® be any (causal) linear filter
and § =Py =dh(x)+o with® =Pvand R=DP R,

1: procedure FORWARD STEP(y,: observation, m;: mask
(optional), u;: control (optional))

2: Given cached x,_1, P;_1, encoder hidden h;_1, IIR
lags {s;—;}j_;, fixed H

3: zZt  [Z—1, Yy > Append w; if present

4 (ht) «— GRU(Zt, ht_l)

5: Ay« I+ AAi(h;) > Low-rank or diagonal gate

6: by < fo(he); Q< fo(hi); Ry« fr(h)

7 Ty < A1 + by

8 Py AtPtflA;r +Q,

9. S+ HPy, \H' +R,

1. Ky« P, H' S

11 Ay, <y, — Heyy

12 s =1 ajs 5+ Ay,

13: fAEt — Z?:O bi St,L\/

> Cholesky-inverse
> Innovation
> IIR all-pole stage

> IIR FIR stage

4 @y, &y + KAy,

15: e — (I — K\H)Py (I — K.H)T +
K'thK'tT > Joseph form

16: Zyjp mtﬁ?;n + (1 —my)&y—1 > Mask update

17 Py = my Py + (1= my) Py

18: update lags {s;_;} < shift-in s, and discard oldest
> Roll TIR state

19: cache &y < &y);, Py < Py, hy > For the next step

20: return &y;, Py, hy, 8

21: end procedure

When the Fisher information in the filtered observation is no
smaller than in the original observation, i.e., Iy(x) = Iy (x).
Then, by the Cramér—Rao bound, any unbiased estimator
based on y has covariance no larger than one based on y.

Proof: The Cramér—Rao bound states that for any
unbiased estimator & based on an observation z, Cov (&) >
I.(x)~! (under standard regularity conditions). If I3 (x) =
I,(x), then Iz(x)~' < I,(x)~!, which yields the stated
ordering on the covariance lower bounds. [
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V. EXPERIMENTS

We conducted experiments on four datasets spanning
distinct applications to demonstrate the versatility of our
method. Below, we provide a brief overview of each dataset.

A. Datasets

1) Chaotic systems:
a) Lorenz: We simulate the Lorenz—63 system

Ve=o(y—=x), Vy=z(p—2)—y, Vz=xzy-—pfz

with the standard parameters o=10, p=28, §=8/3. Each
trajectory has length 7=100 steps with At=0.01s (total 1 s).
Initial states are drawn i.i.d. from A/(0,5%I3). We integrate
the continuous dynamics using odeint and form latent
states x; € R3. To stress the filter, we add small process
perturbations to the simulated path before sensing:

proc

2l =z, + €, € ~ N(0,0.1°T3). (13)

Observations are either partial or full. (i) Partial: y, =
[}y, 2} T 4n, € R% (i) full: y, = 2 +n, € R?, with
1, ~ N(0, 0.52T). We report results for the partial setting
(harder). For linear-filter baselines, we use fixed discrete
approximation of F' and H (linearized around an equilibrium)
as in Equation 14.

-0 0 0
F=I;+At| p -1 0], (4
0 0 -8
1 0 0
H o2 = {0 1 O} ,  Hypy = I3. (14b)

We generate N=1000 trajectories and use an 80/10/10 split
(train/val/test) with fixed seeds for reproducibility.

b) Pendulum.: We consider a damped, forced nonlinear
pendulum with state z; = [f;,w;] " and dynamics

Vo =w, Vw = —(g/L)sinf — (b/m)w+wus/m, (15)

with ¢=9.81, L=1.0, b=0.1, m=1.0. We discretize via
forward Euler at At=0.02s for T=100 steps (2s). Controls
are zero-mean Gaussian u; ~ N'(0, 0.5%). Process noise is
injected additively after the Euler step:

€, ~ N(0, 0.05I5);

(16)
angles are wrapped to (—, m|. Observations are Cartesian
tip positions with Gaussian noise:

Lsin 6,
Y =

:Bt+1 = Tt —+ At f(:ct, ’U,t) + €y,

2
—LCOSGJ +ny, Y~ N(0,01%L).  (17)

For methods [27], [28] that require analytic solutions, we use
the approximate analytic Jacobians implemented as,

1—0At oAt 0
F = pAt 1— At 0 (18)
0 0 1-BAt
1 00
Hparlial = |:0 1 0:| ,  Hyp = I3. (19)

with @ the linearization point. We generate N=30000 trajec-
tories and use the same 80/10/10 split.

Usage in our Kalman models. In both datasets the training
target is the clean latent state x; (pre-noise Lorenz states and
post-process-noise pendulum states as returned by the gen-
erator). Measurement models and linearization matrices are
provided to classical filters; learned Kalman variants receive
the same observations and, where specified, learn adaptive
Q.. R; (and, for ablations, frequency-aware variants). All
hyperparameters above exactly match the released defaults.

2) Real-world:

a) UIP-DB: UIP-DB contains 200 minutes of synchro-
nized IMU and UWB range data from six wearable sensors
alongside optical motion-capture ground truth across 25
motion types performed by 10 participants, designed for full-
body inertial pose estimation with ranging constraints [36].

The UIP-DB provides a challenging and realistic bench-
mark for Kalman filtering. Full-body pose estimation from
wearable IMUs is subject to drift due to sensor bias, while
UWRB ranging measurements are corrupted by high-frequency
multipath effects. Kalman filters are a natural fit for this
setting, as they fuse heterogeneous measurements with noise
statistics into a coherent state estimate.

Importantly, the complementary characteristics of IMU
and UWB measurements motivate frequency-aware modeling.
Low-frequency content often reflects slow pose evolution,
while higher-frequency content captures rapid motion and
noise. A frequency-weighted Kalman approach adjusts the
filter’s trust across bands, down-weighting noise-dominated
components while preserving fast transitions.

b) EuRoC MAV: The EuRoC MAV dataset [37] provides
synchronized IMU measurements at 200 Hz and motion-
capture ground truth from a hexacopter flying in indoor
environments. We use 10 sequences (MH_02-05, V1_01-
03, V2_01-03) and formulate an IMU-based state estimation
task where the observation is the 6D IMU (3-axis gyroscope
+ 3-axis accelerometer), y, € RS, and the state comprises
position, velocity, and quaternion orientation, &, € R'°. We
segment each sequence into overlapping windows of length
T'=200 with stride 50, yielding 4,266 samples, and apply an
80/10/10 train/val/test split. For all Kalman filter variants, the
observation model is a learned linear mapping H € R6*10,

B. Evaluation Metrics

We evaluate our method across diverse tasks, focusing on
state estimation accuracy. For all tasks, we report the state
estimation error in ¢; and /5 term. The primary metric is the
root-mean-square error (RMSE) between the estimated &
and the ground truth state x;, computed as in Equation 20.

1
MSE = - Et: let||2,  RMSE = v'MSE,

RMSE

B et
VT 2 lzell3

(20)

1
MAE = th:HetHl, NRMSE =

A A
where e; = &, — x4.
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Fig. 2: The state estimation performance of our method
illustrated in 3-dimensional (x, y, z) Lorenz system where
the estimations follow the true state in all dimensions with
low mean absolute error. All y-axes are dimensionless.

TABLE I: Performance comparison of different Kalman
filtering methods on Pendulum dataset with varying weights.

Performance Metrics

Method Ap
MAE | MSE | RMSE | NRMSE | R21

Deep Learning Methods
FW-NKEF (ours) 0.0 0.75+£0.08  1.24+0.28  1.10£0.12  0.51£0.05  0.7440.05
FW-NKEF (ours) 0.01  0.70+£0.07 1.10+0.23  1.04+0.10  0.48+0.05  0.77+£0.04
FW-NKF (ours) 0.1 0.99+0.14  2.03+0.63  1.424+0.21 0.65+0.09 0.59+0.12
BayesKNet [28] 0.0 1.19£0.06  2.93+£0.32 1.71£0.09 0.79£0.04  0.40+0.06
BayesKNet [28] 0.01 1.37£0.07 3.88+£0.40 1.97+0.10 0.91+0.04 0.2140.08
BayesKNet [28] 0.1 1.38+0.07  3.96+0.41  1.99+0.10  0.9240.04  0.2040.08
Recursive KNet [29] 0.0 1.03+0.08  2.224+0.38  1.48+0.12  0.6840.05  0.5540.07
Recursive KNet [29]  0.01  0.984+0.08  2.00+0.35 1.4140.12  0.65+0.05 0.59+0.07
Recursive KNet [29] 0.1 1.10+£0.10  2.52+0.48  1.58+0.15 0.73+£0.06  0.4940.09
Neural Kalman Methods
Kalman Net [27] 0.0 1.2240.06  3.08+0.34  1.75+£0.09  0.81£0.04  0.3740.06
Kalman Net [27] 0.01  1.26+0.07 3.33+0.39 1.82+0.10  0.84+0.05  0.32£0.07
Kalman Net [27] 0.1 1.30+£0.07  3.50+0.42  1.87+0.11 0.86£0.05  0.2940.08
Recurrent KNet [38] 0.0 1.97+0.12  8.04+1.05 2.83£0.18 1.31+£0.08 -0.62+0.21
Recurrent KNet [38]  0.01  2.03+0.13  854+1.12 2.9240.19 1.35£0.08 -0.72£0.22
Recurrent KNet [38] 0.1 2.10£0.14  9.15%+1.21 3.02£0.20  1.40£0.09 -0.84+0.24
Classical Methods
Classical KF [19] 0.0 1.67+0.10  5.80+0.73  2.40+0.15 1.11£0.07 -0.1640.14
Classical KF [19] 0.01  1.86+0.11  7.20+0.92  2.68+0.17  1.24+0.08 -0.45+0.18
Classical KF [19] 0.1 1.87+0.11  7.28+0.93  2.70+0.17  1.25+£0.08 -0.46+0.18
Autoreg KF [39] 0.0 1.78+0.09  5.284+0.46  2.29+0.10  1.00£0.00  0.01£0.01
Autoreg KF [39] 0.01  1.87£0.10 5.81+0.51 2.414+0.10 1.05+£0.01 -0.17£0.02
Autoreg KF [39] 0.1 1.96+0.10  6.40+0.56  2.53+0.11  1.10£0.01  -0.2940.02

Gain (%) 28.57% 45.00% 26.24% 26.15% 30.51%

In addition to per-frame errors, we also report the Average
Trajectory Error (ATE), which measures the average Euclidean
distance between the estimated trajectory and the ground
truth trajectory over time. To capture worst-case deviations,
we further report the maximum ATE, defined as the largest
pointwise trajectory error observed during the sequence.

All methods are evaluated using the same ground truth
references and synchronized time frames. Standard deviations
across random seeds are omitted from the tables when they fall
below a significance threshold, indicating negligible variance.

C. Baselines

Our framework is designed to be modular and can be
integrated with a wide range of Kalman filtering approaches.

TABLE II: Performance comparison of different Kalman
filtering methods on Lorenz dataset with varying weights.

Performance Metrics

Method Ap
MAE | MSE | RMSE | NRMSE | R%7

Deep Learning Methods
FW-NKEF (ours) 0.0 0.6240.10 0.81£0.26 0.87£0.14 0.05+0.09  0.97£0.01
FW-NKF (ours) 0.01  0.50+0.15 0.58+0.36 0.71+£0.22 0.04+0.01  0.97+0.01
FW-NKF (ours) 0.1 8.18+1.04 119.82£30.51  10.94%x1.38  0.66£0.08  0.5440.11
BayesKNet [28] 0.0 4.49£1.03 35.84+16.56 5.9441.36 0.36+0.08  0.8640.06
BayesKNet [28] 0.01  7.51%£1.33 103.09+£36.46  10.11+£1.76  0.61£0.10  0.6140.13
BayesKNet [28] 0.1 7.32+1.02 98.204-27.96 9.87£1.38 0.60+0.08  0.63%0.10
Recursive KNet [29] 0.0 5.17+£0.34 49.4946.65 7.0240.47 0.424+0.02  0.81£0.02
Recursive KNet [29]  0.01  4.2440.24 33.33£3.77 5.7610.32 0.35+£0.02  0.87£0.01
Recursive KNet [29] 0.1 4.85+0.18 43.034+3.36 6.5540.25 0.4040.01  0.83+0.01
Neural Kalman Methods
Kalman Net [27] 0.0 5.14+0.24 48.7014.64 6.9740.33 0.4240.02  0.8140.02
Kalman Net [27] 0.01  6.11+0.23 68.67+5.16 8.2840.31 0.504-0.01 0.7440.02
Kalman Net [27] 0.1 6.65+0.24 81.33£6.04 9.01£0.33 0.55+0.02  0.6940.02
Recurrent KNet [38] 0.0 8.61+0.43 136.08+13.55  11.66+0.58  0.71£0.03  0.484+0.05
Recurrent KNet [38]  0.01  9.60+0.49 169.32£17.32  13.01£0.66  0.79£0.04  0.363-0.06
Recurrent KNet [38] 0.1 13.5840.60  338.60+£29.87  18.404+0.81  1.12£0.05  -0.2740.11
Classical Methods
Classical KF [19] 0.0 8.4310.41 130.61£12.87  11.43+0.56  0.69+0.03  0.504-0.05
Classical KF [19] 0.01  8.774+0.42 141.47£13.70  11.894+0.57  0.72£0.03  0.4610.05
Classical KF [19] 0.1 10.11£0.50  187.82+18.83  13.70+0.68  0.83+£0.04  0.2940.07
Autoreg KF [39] 0.0 13.20£1.49  311.83+£27.20  17.64+0.77 1.074£0.05  -0.16+0.10
Autoreg KF [39] 0.01  13.23%£1.50 313.06£27.33  17.68+0.78 1.08£0.05 -0.16£0.10
Autoreg KF [39] 0.1 13.2941.51  31552+27.60 17.76+0.78  1.08+0.05  -0.17+0.10

Gain (%) 8821% 98.26% 87.67% 88.57% 11.49%

To demonstrate its versatility, we also evaluate against six
representative baselines that span classical, autoregressive,
and neural Kalman filters.

BayesKNet [28] places variational posteriors over the
weight matrices of a gain-predicting network, yielding both
a state estimate and an epistemic uncertainty at each step.

Recursive KNet [29] feeds the previous Kalman gain back
into the gain-prediction network at each time step to model
gain dynamics and improving stability over long horizons.

KalmanNet [27] parameterize the Kalman gain as a GRU
that ingests the innovation and prior covariance features,
sidestepping the need for known @ and R.

Recurrent KNet [38] augments the gain network with
an LSTM cell whose hidden state carries information from
earlier time steps, capturing long-range temporal correlations.

Classical KF [19] uses the analytic predict—update equa-
tions with fixed F', H, Q, R matrices, serving as the MMSE-
optimal reference under correct model assumptions.

Autoregressive KF [39] replaces the first-order Markov
transition with a higher-order autoregressive process model,
allowing richer temporal structure without neural components.

Application of spectral loss to baselines. The frequency-
domain reconstruction loss Lg (Eq. 8) is a training objective,
not an architectural modification. It operates by projecting
estimated and ground-truth states through the observation
model H and comparing their magnitude spectra. This
makes it applicable to any differentiable Kalman filter whose
parameters are optimized via gradient descent, regardless
of whether those parameters are neural network weights or
classical system matrices.

Concretely, Classical KF and Autoregressive KF param-
eterize the transition matrix F', observation matrix H, and
noise covariances Q, R as learnable tensors. When Ag > 0,
the spectral loss provides an additional gradient signal that
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TABLE III: Performance comparison of Kalman filtering
methods for state estimation on UIP-DB using IMU and
UWB range measurements.

TABLE V: Performance comparison of Kalman filtering meth-
ods on EuRoC MAV IMU-based state estimation. Recursive
KNet is excluded due to memory constraints (>47 GB).

Method Ao Acceleration Rotation Inter Sensor Distance Method Ao Performance Metrics
RMSE | MAE | ol RMSE |  MAE | MAE | MSE | RMSE| NRMSE| R:?

Deep Learning Methods Deep Learning Methods
FW-NKF (ours) 00 4374024  13.46+0.83 0424001 141£0.07 6.80+0.34 FW-NKF (ours) 0.0 0.1240.00  0.03+0.00  0.1940.00 0.110.01  0.99-:0.00
FW-NKF (ours) 001 4154020  12.78+0.66 0.40+0.01 1.34:+£0.09 6.45+0.42 FW-NKF (ours) 0.01  0.1240.01  0.04+0.00 0.1940.01  0.11£0.00  0.9940.00
FW-NKEF (ours) 0.1 4.7340.33 14.57£1.15  0.45+0.02  1.53+0.11  7.354+0.57 FW-NKF (ours) 0.1 0.1340.01  0.044+0.00 0.204+0.01  0.1140.00  0.994+0.00
FW-NKF (ours) 1.0 5904042  18.18+1.39  0.56+0.03  1.904+0.14  9.16+0.72

BayesKNet [28] 0.0 0754004 236+0.36 1.53£0.11  0.86+0.01  0.26+0.02
Recursive KNet [29] 0.0 5.46+0.39 16.82+£1.26  0.52+0.03  1.76+0.13  8.4840.66 BayesKNet [28] 0.01 0.754+0.04 2.364+036 1.534+0.11  0.86+0.01 0.264+0.02
Recursive KNet [29] 0.01  5.1840.31 1595£1.00 0.49+0.02 1.6740.11 8.0410.50 BayesKNet [28] 0.1 0.754+0.04 2364036 1.534+0.11 0.86+0.01 0.26+0.02
Recursive KNet [29] 0.1 5.90£042  18.18%1.39 0.5640.03 1.90£0.14 9.16+0.72

Neural Kalman Methods
BayesKNet [28] 0.0 6284045 19334145 0.604+0.04  2.0240.15  9.754+0.76 Kalman Net [27] 0.0  0.6840.03 1814024 1.34+0.09 0.75+0.06  0.4340.09
BayesKNet [28] 001 595£036  1833+1.15  0.5740.03  1.92£0.12  9.24+0.58 Kalman Net [27] 0.01 0684003 1.81+024 134£0.09 0.75+0.06 0.43£0.09
BayesKNet [28] 01 678+049  20.89£1.56 0.65+0.04 2.1940.16 10.53+0.83 Kalman Net [27] 0.1 0.68+0.03 1814024 1344009 0.75+0.06 0.4320.09
Neural Kalman Methods Recurrent KNet [38] 0.0 0.73£0.02 2264029  1.50+£0.09  0.85+0.01  0.28+0.02
Kalman Net [27] 00 7214£052  2220+1.66  0.69+0.04 2.32+0.17  11.20+0.88 Recurrent KNet [38]  0.01  0.73+£0.02 2264029  1.504+0.09 0.854+0.01  0.28-0.02
Kalman Net [27] 001 6.83+041  21.05+1.32  0.65+0.04  2.20£0.14  10.60+0.66 Recurrent KNet [38] 0.1 0.73£0.02 2264029  1.50+0.09 0.85+£0.01  0.2840.02
Kalman Net [27] 0.1 7794056  24.00+1.80 0.74+0.05 2514018 12.10+0.95

Classical Methods
Recurrent KNet [38] 0.0 10.06:£0.72  31.00+2.32  0.96+0.06 3.24+023  15.64+1.23 Classical KF [19] 00 082 242 156 092 0.15
Recurrent KNet [38]  0.01  9.53+0.57  29.36+1.84 091£0.05 3.07+0.20 14.8140.93 Classical KF [19] 001 085 213 L6 087 025
Recurrent KNet [38] 0.1 10.87+0.78  33.49+2.51  1.04+0.07 3.51+027 16.89+1.33 Classical KF [19] 01 1354070 6724546 2304119 1234058 —0.86.L1.43
Classical Methods Autoreg KF [39] 00 0724006 198+£057 139+£0.19 0.78+£0.06 0.39+0.10
8:::2:} El}; Hg} 831 zggigg’g izizﬁgz gzgiggg iggigfg ngéé; Autoreg KF [39] 001 0724006 1984057 139+0.19 0.78+0.06 0.39+0.10
Classical KF [19] 0.1 9784070  30.14+226 093+£0.06 3.154024 15204120 Autoreg KF [39] 0.1 072£006 1984057 1394019 078+£0.06 0.39+0.10

Gain (%) 82.35% 08.34% 85.82% 85.33% 130.23%
Autoreg KF [39] 00 1066077 32854246 1.0240.06 3.44+026 16.57+1.31
Autoreg KF [39] 001  10.10£0.61 31124195 0964006 3.26£021  15.69+0.98
Autoreg KF [39] 0.1 11524083 355142.66 1.1040.07 3.724028 17.91+1.41
Gain (%) 19.88% 19.87% 1837% 19.76% 19.78%

TABLE IV: Runtime and model size comparison. Inference
measured on a single NVIDIA RTX 6000 (batch=1, seq=100,
averaged over 200 runs after 50 warm-up passes).

Method #Params  ms/step
Deep Learning Methods

FW-NKEF (ours) 607,023 0.686

BayesKNet [28] 106,279 2.882

Recursive KNet [29] 7,351 1.222
Neural Kalman Methods

Kalman Net [27] 15,476 0.742

Recurrent KNet [38] 25,421 0.570
Classical Methods

Classical KF [19] 28 0.276

Autoreg KF [39] 61 0.272

encourages these matrices to better preserve the frequency
content of the true observations. For neural baselines (Kalman-
Net, BayesKNet, Recursive KNet, Recurrent KNet), the same
loss regularizes their parameterizations. We vary Ag across
methods to ensure a consistent and fair comparison of how
each strategy benefits from frequency-domain supervision.

VI. DISCUSSION
A. Performance Analysis Across Benchmarks

The results across Tables I-III suggest that the benefits of
FW-NKF depend on the spectral structure of the underlying
estimation problem. On the pendulum benchmark (Table 1),
FW-NKF achieved the lowest MAE (0.708 + 0.08) relative
to BayesKNet (1.193 =+ 0.065), corresponding to a 40.7%
reduction in error. This improvement is consistent with the
role of the frequency-domain reconstruction loss, which
reduces high-frequency fluctuations in the observed Cartesian

tip position while preserving the lower-frequency dynamics
that are relevant for state tracking.

The gains are even larger on the Lorenz system (Table II),
where FW-NKF reduced MAE from 4.24+0.24 for Recursive
KNet to 0.50 4= 0.15. One possible explanation is that chaotic
systems are especially sensitive to measurement corruption,
so suppressing noise-dominated spectral components can im-
prove both observation quality and downstream state propaga-
tion. More broadly, these results suggest that frequency-aware
innovation modeling is particularly useful when measurement
noise overlaps with nonlinear or unstable dynamics, where
small observation errors can rapidly accumulate over time.

B. Limitations of Baselines

Classical KF performance degrades across datasets, consis-
tent with violations of the white Gaussian noise assumption.
Neural Kalman baselines improve on the classical filter, but
still underperform FW-NKF, suggesting that learned filtering
alone is insufficient when noise is frequency-dependent.

BayesKNet is more variable across benchmarks, performing
competitively on pendulum but degrading substantially on
Lorenz. This pattern suggests that variational uncertainty
estimation alone does not provide enough structure to handle
spectrally complex and unstable dynamics.

C. Component Contribution Analysis

a) Frequency-Domain Loss: The spectral reconstruction
loss (Eq. 8) demonstrates clear benefits across datasets. In UIP-
DB (Table III), FW-NKF achieves 4.15 =+ 0.20 RMSE for ac-
celeration estimation versus Recursive KNet’s 5.18 +0.31—a
19.9% improvement resulting from guiding the observation
network H () toward noise-free IMU reconstruction.

b) IIR Innovation Filtering: The learnable IIR innova-
tion filter improves noise suppression. On UIP-DB, orientation
MAE drops to 1.34 + 0.09 compared to 2.77 £ 0.18 for
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the classical KF, consistent with the learned coefficients
attenuating dominated noise bands before the Kalman update.

c) Frequency Weight Selection: Performance is best
at moderate frequency weights (A = 0.01-0.05), indicating
that mild spectral guidance is sufficient. Larger A values
reduce performance, as seen on the pendulum benchmark
where MAE increases from 0.708 + 0.075 at A = 0.01 to
1.205 + 0.179 at A = 5.0. This suggests that excessive
spectral emphasis can interfere with the temporal objectives
of sequential state estimation.

VII. CONCLUSION

We presented FW-NKEF, a frequency-aware neural Kalman
filtering framework that improves state estimation by shaping
the innovation signal and supervising observation learning
in the spectral domain. Across chaotic systems and real-
world sensor-fusion benchmarks, the results show that ex-
plicitly modeling frequency-dependent noise can yield more
accurate and consistent estimates than conventional Kalman
variants. This work highlights that state estimation should
not treat all measurement error as spectrally uniform. In real-
world, disturbances often concentrate in specific bands, and
exploiting that structure improves robustness in downstream
tasks such as navigation, motion tracking, and control. The
fact that moderate spectral weighting also benefits multiple
differentiable Kalman baselines suggests that frequency-aware
objectives may provide a general direction for building filters
that better match the statistics of real sensor data.
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