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Abstract— Accurate online inertial parameter estimation is
essential for adaptive robotic control, enabling real-time ad-
justment to payload changes, environmental interactions, and
system wear. Traditional methods often struggle to track abrupt
parameter shifts or incur high computational costs, limiting
their effectiveness in dynamic environments and for computa-
tionally constrained robotic systems. We introduce TAG-K, a
lightweight extension of the Kaczmarz method that combines
greedy randomized row selection for rapid convergence with
tail averaging for robustness under noise and inconsistency. This
design enables fast, stable parameter adaptation while retaining
the low per-iteration complexity inherent to the Kaczmarz
framework. We evaluate TAG-K in synthetic benchmarks and
quadrotor tracking tasks against RLS, KF, and other Kacz-
marz variants. TAG-K achieves 1.5x-1.9x faster solve times
on laptop-class CPUs and 4.8x-20.7x faster solve times on
embedded microcontrollers. More importantly, these speedups
are paired with improved robustness to measurement noise and
a 25% reduction in estimation error, leading to nearly 2x better
end-to-end tracking performance. Website, documentation, and
code available at: https://a2r-1lab.org/TAG-K/.

I. INTRODUCTION

Model-based control has enabled significant advances
across humanoids, quadrupeds, and aerial robots [1], [2], [3],
[4], [5], [6], [7]. A prerequisite for such precise prediction
and stable control is accurate system identification (SysID),
i.e., determining both the structure and parameters of the
dynamics model. While the model structure is often known,
inertial parameters such as masses, centers of mass, and in-
ertia tensors vary during operation due to payloads, contacts,
or reconfiguration. Online parameter estimation addresses
this challenge by updating parameters in real time, allowing
robots to adapt their dynamics models to changing condi-
tions, enabling advances in manipulation [8], [9], adaptive
trajectory tracking [10], [11], and aerial robotics [12], [10].

However, traditional online estimators face fundamen-
tal limitations. Recursive Least Squares (RLS) efficiently
handles measurement noise and can accommodate slowly
varying parameters through a forgetting factor [13], [14],
[15], [16], but adapts poorly to abrupt parameter shifts. The
Kalman Filter (KF), as a more general state-space estimator,
explicitly models both process and measurement noise but
struggles with time-varying process noise (e.g., unmodeled
disturbances) and its updates are more computationally ex-
pensive [17], [18], [19]. Learning-based approaches provide
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a data-driven alternative by either fitting the dynamics model
end-to-end or embedding physics constraints/parameters dur-
ing training [20], [21], [22]. While these methods can support
high-order complex nonlinear systems, like deformable or
soft-body objects [23], [24], they may not always offer
consistent and reliable physics-based guarantees for sys-
tems with well-established models [25], [26]. Across all of
these methods, the computational complexity of these ap-
proaches limits their applicability, particularly for embedded,
compute-limited systems.

This motivates the development of lightweight, adaptive,
and robust alternatives. One promising direction is to en-
hance classical methods with improved underlying solvers,
such as the Kaczmarz family of algorithms [27], [28], [29],
[30]. These methods solve linear systems by sequentially
assimilating relevant measurements through projections onto
valid manifolds, enabling computationally efficient solutions
without requiring access to the entire data matrix [31], and
have found recent success in robotics applications [32].

As such, we introduce the 7Tail-Averaged Greedy Ran-
domized Kaczmarz (TAG-K) algorithm for online parameter
estimation in robotic systems. TAG-K leverages the Kacz-
marz family’s efficiency in projecting onto subsets of system
manifolds and augments it with greedy row selection for
rapid closed-loop adaptation and tail averaging for robustness
to noise. This yields a high-performance framework well-
suited for online estimation on embedded robotic hardware.

We evaluate TAG-K on challenging quadrotor tracking
tasks, where it achieves 1.5x-1.9x faster solve times on
laptop-class CPUs, and more importantly, improved re-
silience to measurement noise, and a 25% reduction in
estimation error, leading to nearly 2x better end-to-end
tracking performance. To further validate our computational
efficiency, and demonstrate suitability for embedded deploy-
ment, we benchmark TAG-K on synthetic parameter estima-
tion tasks on an embedded microcontroller. TAG-K achieves
4.8x-20.7x faster solves, highlighting the importance of
light-weight online estimation algorithms for systems with
limited processing power.

II. BACKGROUND AND RELATED WORK

A. Online Parameter Estimation

Consider a robot with ng degrees of freedom and n;, rigid
bodies. Its dynamics follow the Newton—Euler equations:

M(0,q)G+C(0,q,9)q+g(0,q) =F, (1)
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where 8 € R!9% is the inertial parameters for each rigid
body (the mass and 3 X 3 inertia-matrix components), q €
R™a is the joint-space configuration, M, C € R™d*™d gre
the mass and Coriolis force matrices, and g, F € R™¢ are
the gravity and net force vectors.

A key property is that Eq. (1) is linear in the inertial
parameters, giving the regression model:

A(q,4,4)0 =F, 2)

where A is the regressor matrix derived from kinematic
measurements [33], [34].

For the remainder of the paper, we embed the online
parameter estimation problem into the following stochastic
state-space framework:

WE ~ /\/((L I{)7
Vi~ N (Oa Q) .
where xj, and uy denote the robot state and control input,
and wy, v, denote the process and measurement noise. We
distinguish two time indices: a fast control loop indexed by k,
and a slower estimation loop indexed by ¢, where parameters
0, are updated every x control steps (Fig. 1).

Applying a forward Euler approximation, the discrete-time
dynamics model is defined as follows:

F i ug: 0) = [‘?’“ Al 9’“} @)

Xpr1 = f(Xk, ug; 0;) + wi,

3)
F,= A0, + vy,

ar + At qr

with the online parameter estimation cast as a weighted least-
squares problem:

0, = arg I%itn |F: — A:0:))3. (5)

The central challenge, therefore, is to update 9,, in a
manner that is efficient, running in real time on resource-
constrained platforms; rapid, adapting to abrupt parameter
changes during operation; and stable, remaining robust under
diverse real-world noise conditions.

B. Traditional Online Parameter Estimation Methods

1) Recursive Least Squares (RLS): RLS computes param-
eter updates by minimizing a cumulative squared prediction
error and then updating the inverse system covariance via
the matrix inversion lemma. Modern variants attempt to
improve robustness and flexibility: Recursive Total Least
Squares (RTLS) mitigates bias from noisy regressors [35],
[36], variable-forgetting RLS adapts weighting to track vary-
ing parameters [16], [37], and kernelized RLS maps the
regression into nonlinear feature spaces [38]. Despite these
extensions, a fundamental disadvantage of RLS remains: the
forgetting factor must be constrained to a narrow, hand-
tuned memory window, which in practice lies extremely
close to one [37], [16]. This makes the method poorly suited
to handling abrupt shifts, since smaller forgetting factors
cause instability while larger ones prevent adaptation. As a
result, adaptive RLS variants remain not adaptive enough for
versatile online estimation.

Tk
AuE
Dynamics Estlmator Controller
(every K steps) (check physics)
U

Fig. 1: Online Parameter Estimation Overview. Closed-loop es-
timation with fast control updates and slower parameter adaptation.
The dynamics model maps control inputs uy to states xx, which
generate subsequent controls. Every x steps, the estimator updates
controller parameters 6 via (3). A physics-based safety check (15)
safeguards adaptation.

2) The Kalman Filter (KF): KF interprets parameters as
stochastic states and computes the gain by balancing prior
uncertainty against measurement noise. Extensions include:
adaptive covariance adjustment [39], Ensemble Kalman Fil-
ters (EnKF) for high-dimensional nonlinear systems [40],
and square-root formulations for numerical stability [41],
[42]. While such methods improve robustness, they introduce
significant computational burden and remain sensitive to
initialization and noise-model assumptions, making them less
practical for embedded online estimation.

C. Randomized Kaczmarz Methods:

The Randomized Kaczmarz (RK) algorithm [28] builds
upon the classical iterative Kaczmarz method [43]. It solves
a linear system A@ = b by randomly selecting a row a;
with probability proportional to ||a;||3 and then orthogonally
projecting the current estimate onto the row’s hyperplane
{0 : (a;,0) = b;}, yielding an expected exponential rate of
convergence for consistent linear systems [28]. The iterative
update is given by:

0111 =0+ —> ri =b; — (a;,0y). (6)

a,
I sz K

Several recent variants of these methods have emerged to
improve convergence and robustness. Greedy Randomized
Kaczmarz (GRK) [31] biases selection toward rows with
larger residuals, prioritizing directions where the estimate is
most inconsistent with the data and converging at a faster
exponential rate than RK for consistent linear systems. Tail-
Averaged Randomized Kaczmarz (TARK) [44] further sta-
bilizes performance by averaging recent iterates, smoothing
fluctuations and converging at a hybrid rate that balances
exponential and polynomial convergence for inconsistent
linear systems arising from noise or unmodeled dynamics.
Together, these mechanisms extend RK into regimes relevant
for online parameter estimation.

III. RECURSIVE ESTIMATION FROM RLS AND KF TO
KACZMARZ ALGORITHMS

To provide further motivation before explaining our ap-
proach, we look at online parameter estimation from a
unified recursive—gain perspective. Recursive algorithms can
be expressed in the generic form:

ét-‘rl = ét + K&y, (N
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TABLE I: Comparison of Parameter Estimation Methods.
Columns summarize desirable properties of online estimators, and
rows list representative approaches. TAG-K satisfies all listed cri-
teria while maintaining linear-time complexity per iteration.

Features
Methods Low Robust to  Handles Fast Physics Computational
Cost Process Noise ~ Changes  -Reliable ~Complexity
RLS X oo O(m?)
KE —x 7 X oo O(m?)
Leaning X~ v /. X o .
TAG-K T-O(mn)

where ét is the current estimate, €, = b, — Atét is the
prediction error, and K is the gain matrix that determines
how new data influences each update. The distinction among
methods lies not in this form, but in how K is constructed,
directly impacting computational cost and adaptivity.

RLS constructs K; from recursive covariance minimiza-
tion, with the forgetting factor A € (0, 1] and where A, €
R™*™ denotes the block of m regressors at time t:

KRS =P, AT+ AP, AL,

- ®)
P, =\ '(I-KA,) P, .

Because we operate in a block-update setting that naturally
comes with online parameter estimation, each step requires
a matrix inversion of size m, leading to an O(m?) time
complexity (as noted in Table I) [45].

KF, on the other hand, interprets parameters as stochastic
states, propagating and updating error covariances with block
measurements A; € R™*™, In this case, the gain matrix is:

—1
K" =Py A (AP Al +R) T, (9

where, due to the block formulation, each update requires
inversion of an m x m matrix, incurring O(m?) complexity
per step (again noted in Table I) [17]. While optimal under
linear—Gaussian assumptions, KF variants remain expensive
and fragile under non-stationary conditions.

Finally, Kaczmarz updates also take the form of Eq. (7),
but now each update is based on a single row a;. The
prediction error ¢; reduces to a scalar residual as in Eq. (6),
and the corresponding gain is the row-dependent vector

KRK _ a;
t

= (10)
=13

Unlike RLS and KF, which operate on the full regressor
matrix at each update, require only 7" < m iterations
in practice and need not traverse the entire row space.
As each TAG-K iteration is dominated by the greedy se-
lection, at O(mn) time per update, a sweep of T rows
requires 7' - O(mn) operations (see Table I) [31], [28],
making it particularly attractive for embedded, resource-
constrained robots. Moreover, online parameter estimation
typically yields overdetermined systems for which Kaczmarz
methods remain fast and accurate [29], [43], [28], as new
equations accumulate faster than parameters are updated.

Algorithm 1 TAG-K (A,b,0,T,t,,0, =0 — 6,.1)
I: fort=0in...7T do
// Greedy Row Selection

€, T¢ < Compute greedy candidates via (11), (12)
iy < Sample via (13)
// Online Update
6:,1(i;) < KZ Gain update via (6), (10)
// Tail Averaging
if t > t;, then
0, 0,+0,,,

R A A

0444 < Tail-averaging via (14)

_ =
=@

: return 6,4

IV. TAIL-AVERAGED GREEDY KACZMARZ

In this section, we introduce the Tail-Averaged Greedy
Kaczmarz (TAG-K) algorithm, a Kaczmarz variant tailored
for online parameter estimation for computationally con-
strained robotic systems. TAG-K combines greedy random-
ized row selection with tail averaging, enabling rapid closed-
loop adaptation, robustness to measurement and process
noise, and lightweight computational complexity. This com-
bination makes it well-suited for real-time robotic applica-
tions where both speed and reliability are essential.

The foundation of TAG-K lies in the broader Kacz-
marz family of algorithms, which update solutions through
projection-based steps that sequentially assimilate measure-
ments. Compared to Recursive Least Squares (RLS) and
Kalman Filters (KF), which often suffer from higher com-
putational cost or instability, Randomized Kaczmarz (RK)
and its variants provide adaptive and efficient updates. RK
achieves exponential convergence in low-noise regimes un-
der standard row-norm sampling assumptions [28], [29].
In noisier or streaming settings, its randomized sampling
can naturally emphasize more informative constraints: in
the standard scheme, row ¢ is selected with probability
pi = ||ail|3/||A||%, so higher-norm (higher-energy) measure-
ments are enforced more frequently, which can empirically
accelerate adaptation [28], [29]. Moreover, in the presence
of measurement noise or inconsistency, RK is known to
converge to an error neighborhood whose radius depends on
the noise level [46]. TAG-K further extends these benefits
by adapting the greedy row selection in GRK [31] and the
tail averaging in TARK [44] to achieve both faster conver-
gence and improved robustness. As summarized in Table I,
TAG-K outperforms traditional RLS, KF, and learning-based
methods across several axes. It offers low computational
cost, robustness to noise, responsiveness to sudden system
changes, and physical reliability, all while maintaining the
lowest-order computational complexity.

Before performing the Kaczmarz gain update rule defined
in (6), we select the target row(s) through a greedy selection
step which prioritizes rows that contribute most to the current
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residual error. First, a threshold parameter €, is computed to
adaptively scale residual importance:

L ((max;(r?/s;) 1 )
€& =3 + ; 1D
? ( R? IAII%
where s; = ||A(® |2 and R = ||r||>. Then, a candidate set of
indices with the largest scaled errors is formed,
me={i|r >eRs;}, (12)
where finally, row i; is sampled with probability
r2
P(i) = ! 1€ Tt (13)

ZJGT t 7“32 ,

We modify the gain update (10), by incorporating these
new sampling probabilities (13) instead of using probabilities
weighted by row norms as seen in the classical RK formu-
lation. This step biases the gain such that it updates towards
directions with higher instantaneous error, enabling faster
convergence. In online estimation, such targeted updates
allow rapid adaptation from only a short data window, which
is essential for closed-loop robotic control.

While greedy selection improves adaptation speed, it can
also increase estimator variance in the presence of noise
or inconsistency. To mitigate this, TAG-K employs tail
averaging [44]: after a burn-in period ¢, the final estimate
is formed as the average of the most recent iterates,

t
o 1 o
Havg: t*tbgztem
s=tp

which smooths fluctuations and guarantees convergence to
a least-squares solution even in inconsistent systems [44].
For robotics applications, where process and sensor noise
are unavoidable, this averaging provides a critical safeguard
against estimator instability.

(14)

V. EXPERIMENTS AND RESULTS

We evaluate TAG-K against a suite of baselines to assess
parameter-estimation accuracy, computational runtime, and
downstream robotic performance. Specifically, we aim to
answer the following questions:

Q1: Does TAG-K produce faster and more accurate param-
eter estimates than existing baselines?

Q2: Which features of estimation performance or algorith-
mic design most strongly influence performance?

Q3: Does TAG-K reduce on-device compute compared to
baselines on resource-constrained hardware?

To address these questions, we benchmark TAG-K and
baselines on online inertial parameter estimation in simula-
tion (V-A.2), study the contribution of key design choices and
estimation-time behavior via targeted analyses and ablations
(V-A.3, V-A.4), and measure runtime and resource usage on
microcontrollers (V-B).

A. Quadrotor Under Unknown Payload

1) Experiment Setup: We first perform a three-part eval-
uation of our approach leveraging a simulated model of

a Crazyflie 2.1 [47] quadrotor, a widely used testbed in
edge robotics research [48], [49], [50], [51], and evaluate
its performance under unknown payload events to address
Q1 and Q2. These experiments were conducted on a laptop
with a 3.3 GHz AMD Ryzen 9 5900HS CPU.

In each experiment, the quadrotor starts at a randomized
location, and tracks one of five reference trajectories: a
Figure-8, Circle, Spiral, Helix, or Ellipse. Across each,
the peak linear and angular speeds are limited to 0.5m/s
and 0.5rad/s, respectively. For stabilization and trajectory
tracking, we employ a standard LQR controller [52] running
at 50 Hz, while the parameter estimator runs at 2.5 Hz using
a S-frame history of the 10 inertial parameters (the body
mass plus 3 X 3 inertia-matrix components). The estimator
minimizes the weighted least-squares loss in (5), while the
LQR controller minimizes the mean squared tracking error
llell3. Each experiment lasts 20s. To emulate a payload-
transfer task, a payload equal to 30-50% of the vehicle
mass is attached at an offset of 20-30% of the arm length
at a random time in [4,6]s and removed at a random
time in [12, 14]s. At each parameter-estimation step, we re-
linearize the dynamics about the current operating point so
that updated inertial parameters are consistently reflected in
the control-affine model.

To model real-world sensor imperfections, we inject Gaus-
sian measurement noise at four levels, ranging from noise-
free to a maximum standard deviation of 2.5 cm /s in velocity
and 0.25 cm/s? in acceleration, applied to the state inputs of
both controller and estimator. For baselines, we conduct a
grid search over key hyperparameters (e.g., forgetting factor,
initial covariance magnitude, Kalman-filter noise priors) and
report the best configuration for each method under the end-
to-end tracking objective [53], [54]. To prevent catastrophic
outcomes for baseline methods, we use a lightweight inertial-
parameter safety filter that rejects physically invalid esti-
mates, where L., = 0.0325 and o = 10~%:

{m>0a HrCoM”SLarm; I>—Oa Amax(l)ga} (15)

2) Estimation and End-to-End Performance: We visualize
a representative trial from this experiment set in Figure 2
(upper left). In this trial, each estimator is initialized from
the same start state and tracks the dotted figure-8 reference
toward a pre-set goal state (both marked with purple trian-
gles) under injected measurement noise using the aforemen-
tioned LQR controller. Payload add/drop events are marked
with gray rings. After each event, TAG-K, by its greedy
mechanism, rapidly adapts its inertial parameters and re-
converges to the reference, whereas baselines mis-estimate
the parameters, drift persistently, and in several cases abort
due to compounding errors (marked with black Xs). In this
specific trial, only TAG-K completes the task. However,
baseline methods can complete the task in many other trials.

Figure 2 (bottom) summarizes the aggregated outcomes
across all 2,000 trials per estimator method. The bottom left
panel presents the time evolution of the average parameter
estimation error, while the bottom right panel shows the
cumulative distribution function (CDF) of the end-to-end
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Fig. 2: Tracking and Estimation Performance. Upper Left: Example single trial of a quadrotor tracking a figure-8 reference trajectory
(dotted line, units in meters) with unknown payload add/drop events (gray rings). Lower Left: Prediction error timeseries comparing TAG-
K with baseline estimators averaged over 2,000 trials per estimator. Grey shaded regions denote payload add/drop events, highlighting
TAG-K’s rapid and consistent re-convergence after disturbances. Lower Right: Cumulative distribution function (CDF) of position tracking
error over 2,000 trials per estimator, averaged across four different noise levels. TAG-K achieves the lowest overall error, demonstrating

superior adaptation and end-to-end tracking performance.
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(b) Prediction error comparison across Kaczmarz variants. Grey regions
indicate payload addition/removal events.

Fig. 3: Ablation of Early Adaptation and Algorithmic Design. Left: Substituting the first post-event estimate from baseline estimators
with TAG-K’s estimate improves tracking error, highlighting the importance of rapid early adaptation. Right: Comparison with Kaczmarz
variants shows that combining greedy row selection and tail averaging yields superior robustness and adaptation under abrupt payload

changes (grey regions).

tracking position error. Together, these plots highlight the
differences in both convergence behavior and final tracking
accuracy. We observe that RLS and KF consistently maintain
higher parameter estimation errors, which directly translate
into larger tracking deviations. By contrast, TAG-K rapidly
adapts after payload events, quickly reducing estimation error
and maintaining accurate parameters. This fast and stable
adaptation yields markedly lower tracking errors across the
full distribution of trials, demonstrating our method’s ability
to robustly handle abrupt system changes.

Table II provides a more detailed breakdown by noise

1

regime, further reinforcing these observations. Note that
we consider a trial aborted if the positional tracking error
exceeds 30 cm and is successful if the error remains below
5cm at 10 steps after the payload event, without being previ-
ously aborted. We use this success metric to avoid crediting
estimators that fail to adapt during the payload addition
event but coincidentally exhibit low estimation error after the
payload is dropped. Across all noise levels, TAG-K consis-
tently achieves the lowest mean estimation and end-to-end
position errors, alongside the highest success rates. While
KF shows slightly lower abort rates under extreme noise,
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TABLE II: Quadrotor Tracking under Varying Measurement Noise. We run 500 trials per noise level per algorithm across five reference
trajectories with randomized initial states, trajectory parameters, event times, and payload mass/location. RLS-low/high is A=0.99/0.96;
KF-low/high is 00=10"%/10"", or=10""/10"3. (t+1) Est. Error is the mean estimation error one step after the payload event.

Estimation Accuracy

Tracking Performance Iteration Time (us)

Noise Algorithm Pos. Error (cm) Mean Est. Error (t + 1) Est. Error Success Aborted Median P95
RLS-low 2.13 8.47e-03 1.10e-02 0.0% 11.8% 63.1 92.1
RLS-high 2.18 8.10e-03 1.00e-02 0.0% 22.2% 64.4 90.0
none KF-low 1.79 1.10e-03 1.42e-03 20.2% 4.4% 74.1 94.0
KF-high 1.40 4.62e-04 5.99¢-04 48.2% 3.6% 73.9 97.8
TAG-K (ours) 0.84 3.92¢-04 7.11e-05 87.8% 3.6% 40.4 59.6
RLS-low 2.13 8.45e-03 1.10e-02 0.0% 12.0% 62.5 94.5
RLS-high 2.18 8.08e-03 1.00e-02 0.0% 22.0% 64.2 91.4
low KF-low 1.78 1.09¢e-03 1.39¢-03 21.6% 3.6% 74.3 96.2
KF-high 1.40 4.61e-04 5.97e-04 49.2% 3.2% 74.9 101
TAG-K (ours) 0.83 3.14e-04 7.06e-05 87.8% 3.6% 43.0 60.3
RLS-low 2.18 7.47e-03 8.99¢-03 0.2% 17.8% 63.7 94.0
RLS-high 2.30 6.63e-03 8.14e-03 0.2% 39.4% 66.2 93.7
medium KF-low 1.76 7.70e-04 9.26e-04 28.4% 5.4% 75.1 113
KF-high 1.56 4.42e-04 5.60e-04 43.6% 3.8% 75.6 118
TAG-K (ours) 0.84 3.12¢-04 9.89¢-05 87.4% 4.0% 43.7 60.9
RLS-low 2.25 5.75e-03 6.24e-03 0.6% 23.0% 63.5 94.4
RLS-high 2.47 5.00e-03 5.46e-03 0.4% 49.4% 63.2 90.8
high KF-low 2.05 4.47e-04 4.84e-04 17.4% 15.0% 73.9 96.5
KF-high 2.05 3.72e-04 4.06e-04 22.0% 17.0% 73.5 97.8
TAG-K (ours) 1.03 2.86e-04 8.46e-05 58.4% 31.4% 42.5 58.2

its diminished success rates reflect closed-loop instability.
In contrast, TAG-K maintains stable tracking and accurate
parameter estimation even in high-noise conditions. Overall,
TAG-K offers the most effective balance of speed, accuracy,
and robustness, outperforming all evaluated methods.

3) Importance of Early Adaptation: Across all trials, in-
accurate parameter estimates quickly push the quadrotor into
noisier, less stable states, with errors compounding over time.
This creates a strong dependence on rapid correction after a
disturbance or payload change. We therefore hypothesize that
early adaptation, specifically the accuracy of the very first
updated estimate, plays a decisive role in overall closed-loop
performance. To evaluate the role of the first estimates, we
ran controlled trials in which two estimators were executed in
parallel. Immediately following a payload event, the baseline
estimator’s first update was replaced by TAG-K’s estimate,
after which the baseline method continued independently.

As shown in Figure 3a, initializing baselines with TAG-K’s
first post-event estimate dramatically improves performance,
confirming that early correction quality dictates long-term
tracking accuracy. These findings are consistent with Table II,
where TAG-K achieves an order-of-magnitude improvement
in immediate (t41) adaptation. Collectively, these results
demonstrate TAG-K’s superior “step-one corrections,” under-
scoring its unique effectiveness in scenarios where rapid and
robust adaptation is essential for stable closed-loop operation.

4) Kaczmarz Family Ablation: To better understand the
impact of greedy selection and tail averaging, we ablate
these components by comparing TAG-K to three Kaczmarz

variants in Figure 3b: 1) Randomized Kaczmarz (RK),
which employs random row sampling weighted by row
norm without greedy selection or tail averaging; 2) Tail-
Averaged Randomized Kaczmarz (TARK), which introduces
tail averaging, stabilizing estimates while still retaining row-
norm-based random sampling; and 3) Greedy Randomized
Kaczmarz (GRK) which uses greedy row selection for faster
convergence but lacks the stability provided by averaging.

Across 2,000 trials, the results clearly show the value of
combining these two changes: reduced estimation errors and
iteration times, and improved tracking performance. TAG-
K adapts faster than RK and TARK after sudden changes,
driven by the selective power of greedy sampling. While
GRK alone can sometimes converge marginally faster in the
very first iterations, it exhibits higher long-term variability.
By incorporating tail averaging, TAG-K reduces this vari-
ance and maintains stable estimates, preventing drift and
compounding errors in closed-loop operation. This explains
TAG-K’s closed-loop outperformance, achieving both rapid
initial adaptation and strong long-term robustness.

B. Microcontroller Timing Benchmark

To further assess Q3, the computational performance of
our approach, we include an additional benchmark on a
Teensy 4.1 [55] microcontroller (MCU) development board.

IThe Teensy features an ARM Cortex-M7 microcontroller operating at
600 MHz, with 7.75 MB of flash memory, 512 kB of tightly coupled static
RAM, and an additional 512 kB of tightly coupled dynamic RAM. All are
orders of magnitude less compute than the CPU used in earlier benchmarks,
and a common baseline for tiny robotic tasks [S1].
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TABLE III: Benchmark Runtimes across Parameter Dimensions. Average per-update runtime (us) over 10 trials on a Teensy 4.1
microcontroller. Baseline abbreviations follow Table II. TAG-K achieves 4.7 x—20.7x speedups, with gains increasing at larger dimensions.

Parameters RLS-low RLS-high KF-low KF-high TAG-K Speedup vs TAG-K
40 2,292 2,289 2,279 2,279 480 4.7-4.8%

60 4,574 4,574 4,536 4,535 597 7.6-7.7x%

80 8,023 8,025 7,928 7,929 716 11.1-11.2x

100 13,011 13,011 12,851 12,850 837 15.4-15.5x%

120 19,685 19,683 19,451 19,452 950 20.5-20.7 x
Average 9,500 9,500 9,429 9,429 716 13.2-13.3x

This experiment highlights how TAG-K’s computational ef-
ficiency enables deployment on resource-constrained edge
robotic systems. In this experiment, we benchmark RLS,
KF, and TAG-K across a variety of parameter window sizes
(n = 40, 60, 80, 100, 120, corresponding to inertial parameter
estimation problems for 4,6,8,10,12 DoF robots. We set
the measurement window size to m = 30 and use the
same forgetting factor, noise covariance and other optimized
hyperparameters as in the prior setups.

Table III summarizes the average per-update runtimes
(in ws) across 10 independent trials, with the final col-
umn reporting the relative speedup of TAG-K over the
baselines. The results show that TAG-K consistently and
substantially outperforms both RLS and KF in computational
efficiency. Depending on the parameter dimension, TAG-K
achieves speedups ranging from 4.8x to 20.7x, with an
average improvement of approximately 12x across all tested
scenarios. This demonstrates that TAG-K not only offers
strong estimation accuracy, but also substantially reduces
the computational burden. This is especially important for
embedded systems, like our target MCU, where limited
processing power, small caches, and constrained register files
mean that even modest increases in problem size can lead
to large increases in computation time. Most importantly,
this level of efficiency is particularly valuable in real-time,
resource-constrained robotic platforms, where saving even a
few microseconds can have a meaningful impact on overall
system performance.

VI. CONCLUSION AND FUTURE WORK

We presented TAG-K, a tail-averaged greedy Kaczmarz
algorithm tailored for online inertial parameter estimation in
robotics. By integrating greedy residual-driven row selection
with tail averaging, TAG-K achieves both rapid adaptation
to abrupt parameter changes and stable convergence under
noise. Our experimental evaluations demonstrate that TAG-
K consistently outperforms RLS, KF, and existing Kaczmarz
variants, yielding up to 2x improvement in end-to-end
tracking accuracy, an order-of-magnitude reduction in early
post-event estimation error, robust closed-loop performance
across diverse trajectories and noise conditions, and up to a
20x reduction in latency on MCU-class hardware.

While our evaluation considered diverse trajectories, noise
models, and payload variations in high-fidelity simulation,
the next step is validating TAG-K on physical quadrotors

to assess robustness under sensing imperfections, delays,
and unmodeled disturbances. Beyond quadrotors, TAG-K
naturally extends to domains like manipulation, where online
inertial and contact estimation is key, and legged locomo-
tion, where adaptive identification of payloads and terrain
can improve stability. Finally, future work includes deeper
theoretical analysis of convergence and closed-loop stability
under biased noise or delays. Together, these directions
position TAG-K as a practical framework to enable online
parameter estimation for high-performance control across
real-world robotic platforms.
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