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Abstract. Time series forecasting is moving to the edge, where models run on
small IoT devices and must cope with noisy sensor streams. Hyperdimensional
Computing (HDC) fits this setting, since it trains in a single pass using cheap,
parallel operations. Current HDC forecasters, however, either use a simplistic
delta rule or a linear Kalman Filter that assumes Gaussian noise and keeps a
costly D x D covariance. We propose UKF-HD, the first formulation of the
Unscented Kalman Filter inside HDC. The HDC prediction is linear in the
weights, so the nonlinearity lies in the encoder; we therefore apply the un-
scented transform to the input window and push it through that encoder. The
resulting gain accounts for the encoder nonlinearity and replaces the D x D
covariance with a small p X p uncertainty over the input. We also propose
GradHD, a gradient-based HDC forecaster, and its combination with the un-
scented front-end (GradHD+UKF). On multi-sensor loT datasets corrupted by
Gaussian, missing-value and Poisson noise, UKF-HD is more robust than the
linear Kalman gain while using far less memory.

1. Introduction

Time series forecasting underlies many Internet of Things (IoT) applications, such as
energy and traffic monitoring. Increasingly, these predictions must be produced on the
device, next to the sensor, instead of in the cloud, under tight energy budgets and low
latency. Two obstacles appear at once. The hardware has little memory and compute,
and the sensor stream is noisy (Gaussian disturbances, dropped samples, Poisson noise),
which degrades accuracy. Statistical and linear models are cheap but fragile to noise;
neural networks are accurate but too heavy for the edge [Mejri et al. 2024].

Hyperdimensional Computing (HDC) sits in between. Inspired by the brain’s dis-
tributed processing, it maps data to high-dimensional vectors and learns through sim-
ple, parallel operations [Kanerva 2009], training in a single pass and tolerating hard-
ware errors. Within HDC, forecasting relies either on the similarity-based delta rule of
RegHD [Hernandez-Cano et al. 2021], which needs several passes and is fragile to noise,
or on KalmanHD [Moreno et al. 2024], the closest work to ours. KalmanHD integrates a
Kalman Filter (KF) that weights each sample by its variance, giving noise-resilient single-
pass training. It inherits two limitations from the standard KF. First, the KF is optimal
only under linear-Gaussian assumptions; the HDC prediction § = ¢(x) - v is linear in the
weight hypervector «, so the filter never accounts for the nonlinearity of the encoder ¢,
precisely where the signal is transformed. Second, it keeps a D x D covariance over the
high-dimensional weights, which is expensive when D reaches the thousands.
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This paper proposes UKF-HD, the first formulation of the Unscented Kalman
Filter (UKF) within HDC. The prediction § = ¢(z) - « is linear in «, so an unscented
transform over the weights would only reproduce the linear KF; the nonlinearity that mat-
ters sits in the encoder. UKF-HD therefore samples sigma-points around the input window
and pushes them through the nonlinear encoder, reading the predictive mean and the in-
novation covariance from the resulting spread. The gain it builds is aware of the encoder
nonlinearity, and the uncertainty it carries is a small p X p matrix over the input (p ~ 20)
instead of KalmanHD’s D x D covariance. In addition, this work proposes GradHD,
a gradient-based HDC forecaster whose cluster and regression hypervectors are learned
by backpropagation, and combine it with the unscented front-end as GradHD+UKF. We
evaluate on multi-sensor IoT datasets under Gaussian, missing-value and Poisson noise,
comparing accuracy, robustness and cost against delta-rule and Kalman-based HDC base-
lines. Across these settings the unscented gain is more robust to sensor noise than the
linear Kalman gain, and it runs with a much smaller memory footprint.

2. Related Works

Hyperdimensional Computing (HDC) represents data as high-dimensional vectors manip-
ulated by simple, hardware-friendly operations [Kanerva 2009]. An encoder maps an in-
put to a hypervector; bundling (element-wise addition) superimposes several components
into a single representation, while binding (element-wise multiplication or permutation)
associates them, for example tying a value to its temporal position. Since information is
spread redundantly across all dimensions, the representation degrades gracefully when in-
dividual dimensions are corrupted, which underlies HDC’s robustness to hardware errors.
We build our models on the TorchHD library [Heddes et al. 2022].

Regression and forecasting in HDC remain comparatively underexplored.
RegHD [Hernandez-Cano et al. 2021] is the first HDC regression method: it encodes a
window of past values into a hypervector S and predicts y = M - .S with a weight hy-
pervector M (optionally split across cluster hypervectors), learned by a similarity-based
delta rule M < M + a(y — M - S)S. The rule is efficient but needs several passes
to converge and is sensitive to sensor noise. TSF-HD [Mejri et al. 2024] forecasts on-
line through linear prediction in HD space, and SMORE [Wang and Al Faruque 2024]
adapts HDC across multiple sensors. KalmanHD [Moreno et al. 2024], the closest work
to ours, replaces the delta rule with a Kalman Filter that keeps a weight hypervector «
and a covariance matrix P, weighting each incoming sample by its variance to obtain
noise-resilient single-pass training. Its limitations motivate this work: the filter is linear-
Gaussian, hence blind to the encoder nonlinearity, and the D x D covariance is costly at
high dimensionality.

The Kalman Filter (KF) [Kalman 1960] is the classical recursive Bayesian estima-
tor for linear-Gaussian systems, fusing a prior state estimate with each new measurement
in a single pass; under nonlinear models it is no longer optimal. The Unscented Kalman
Filter (UKF) [Julier and Uhlmann 2004] avoids linearization through the unscented trans-
form: it propagates a small set of deterministic sigma-points through the true nonlinear
function and recovers the posterior mean and covariance from the transformed points, cap-
turing nonlinear effects to higher order while remaining derivative-free and computation-
ally light. These filters are foundational data-fusion tools; to the best of our knowledge,
the UKF has not been formulated within HDC, which is the gap this paper addresses.
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3. Methodology

Problem formulation. We address single-step forecasting on multi-sensor 10T streams.
For a sensor, given a window of the p most recent values x = x4, € R?, we predict the
next value § = Z4yp+1 € R, minimizing the discrepancy with the true value y = x4, p,41.
Training is single-pass, updating the model with each incoming sample, matching the
streaming and resource-constrained nature of edge deployment.

HDC encoding. Each window is mapped to a hypervector S = ¢(z) € R? by a random-
projection nonlinear encoder. Associating a fixed random vector h; € R” and bias b; €
R? with each input position 4, the window is encoded as

p

o(z) = Z cos(z; h; +b;) @ sin(z; h;) , (1)

i=1
where © is the element-wise product. The encoder is nonlinear in x, a property that is

central to our method.

Kalman gain in HDC (KalmanHD). HDC forecasting predicts through the dot prod-
uct § = ¢(z) - a between the encoded window and a weight hypervector a € RP.
KalmanHD [Moreno et al. 2024] treats « as the hidden state of a Kalman Filter with co-

variance P € RP*P and updates them per sample as
M =Po(x)’ G- M a+—a+nly—9G, P«P-GM', (2
7 ¢(x) M + 0_27 Y Y

where 7 is a learning rate and o2 is a moving-average estimate of the data variance, 02 <
v 0%+ (1—7~) Var(x). Because 4 is linear in a, this filter never models the nonlinear map
¢, and P scales as O(D?), which is costly at high dimensionality.

UKF-HD: unscented gain through the encoder. Since the measurement is linear in «,
applying the unscented transform in the weight space would collapse to the linear Kalman
gain; the nonlinearity worth capturing lies in the encoder ¢, which acts on the small input
window. We therefore place the uncertainty on the input, modeling it as P, = oI, and
draw 2p + 1 sigma-points,

X0 — 4 X@:xi( @+Maﬂq,i:L”wp 3)

where e; is the i-th canonical vector, A the unscented scaling parameter, [, the identity

matrix, and wf??, w((;i) the mean and covariance weights. Propagating each sigma-point

through the encoder and the model, & = ¢(X@) and Y = & . o, we recover the
unscented predictive mean, the innovation covariance, and a denoised encoding,

g=> wdvYO P, =3 wl(Y®- g)2 +o'D, b= wiol, @
from which the unscented gain and weight update follow:

o
G=—, a+—a+ny—17)G. 5)
Pyy
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UKF-HD replaces the linear gain with one aware of how input uncertainty propagates
through the nonlinear encoder, and it eliminates the D X D covariance: the uncertainty is
a diagonal p X p matrix in the small input space (p ~ 20), with per-sample cost dominated
by the 2p + 1 encoder evaluations, which are cheap and trivially parallel. This makes
UKF-HD both more robust and lighter than the covariance-based KF.

GradHD and its unscented fusion. As a complementary direction, we also propose
GradHD, which optimizes the forecaster directly by gradient descent rather than by hand-
crafted rules. We reformulate the HDC regressor as a fully differentiable graph: K cluster
hypervectors {c} partition the input space and K regression hypervectors { M} } encode
the output, all as learnable parameters. The prediction is a collaborative accumulation
over clusters weighted by softmax-normalized similarities,

K .
. exp(sim(S, ¢x))
Y ;wk(s) (Mk’ S), wk(S) Zj exp(sim(S, Cj))’ (6)
with sim(-, -) the cosine similarity. Parameters are trained end-to-end by Adam mini-
mizing the mean squared error, and after each step the clusters are renormalized outside
the graph (¢ < cx/||ck||2) to preserve the high-dimensional geometry. Unlike RegHD’s
winner-take-all delta rule, all clusters contribute to both prediction and gradient in pro-
portion to their confidence. Finally, GradHD + UKF fuses the two paradigms by feeding
the denoised unscented encoding S = & into the head of Eq. (6) and training with a
heteroscedastic objective that down-weights uncertain samples,

~ 2

1 o (fn — Yn)
L=n2 "p @

o yy,n

so the gradient learns the parameters while P, modulates each sample’s influence by its
estimated reliability.

4. Experiments and Results

Experimental setup We evaluate on five multi-sensor IoT datasets representing typi-
cal edge forecasting workloads in traffic and energy monitoring [Moreno et al. 2024]:
San Francisco Traffic (SFT), Metro Interstate Traffic Volume (MITV), Guangzhou Traf-
fic (GT), Energy Consumption Fraunhofer (ECF) and Electricity Load Diagrams (ELD).
Each series is min—max normalized to [0, 1]; inputs are formed with a sliding window
of length p = 20 and a step of 1, and we predict the next value (single-step). For
each series, samples are split linearly into 70% training, 20% testing and 10% cross-
validation. Following the noise model of prior edge-forecasting work, we inject three
types of sensor noise into the input stream: additive Gaussian noise with standard de-
viation in {0.1,0.2,0.5,1.0}, missing values (segments set to zero) with probability in
{0.1,0.2,0.5}, and Poisson noise with A € {0.1,0.2,0.4,0.5}; targets are always eval-
uated against the clean signal. Accuracy is reported as Mean Absolute Error (MAE),
averaged over the test set and over repeated runs (mean=£std). All methods are imple-
mented in Python on top of TorchHD [Heddes et al. 2022] with D = 1000 dimensions,
and the complete source code is publicly available for reproducibility.
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Forecasting accuracy We compare RegHD [Hernandez-Cano et al. 2021] (delta-rule,
online) and GradHD (gradient-based, Adam) with K € {1,4,8,16} clusters (Table 1
shows representative counts); KalmanHD-KF [Moreno et al. 2024], the linear Kalman
gain of KalmanHD; our proposed UKF-HD; and GradHD+UKEF. All methods share the
same encoder, and the learning rate is selected on the cross-validation split. Table 1
reports the MAE on the clean signal.

Table 1. Forecasting MAE on the clean signal (| better).

Method MITV SFT ECF GT ELD
RegHD-1 0.141 0.13 0.11 0.10 0.12
RegHD-16 0.241 0.19 0.16 0.15 0.18
GradHD-1 0.076  0.090 0.070 0.060 0.080
GradHD-8 0.052 0.068 0.054 0.047 0.061
KalmanHD-KF 0.449 021 0.18 0.16 0.20
UKF-HD 0263 0.16 0.13 0.11 0.14

Robustness to sensor noise. Table 2 reports MAE under growing sensor noise on MITV
for two pairs of methods: the single-pass estimators (KalmanHD-KF and UKF-HD) and
the offline gradient models (GradHD and GradHD+UKF). The single-pass comparison
is the central question of this work; within each pair, the unscented variant is the more
robust one.

Table 2. Robustness on MITV: MAE under sensor noise (/| better). Top: single-
pass estimators; bottom: offline gradient models. Bold marks the better
method within each pair.

Method clean Gauss 0.5 Gauss 1.0 Miss 0.2 Pois 0.2
KalmanHD-KF 0.449 0.450 0.450 0.449 0.449
UKF-HD 0.263 0.435 0.447 0.320 0.400
GradHD-1 0.076 0.184 0.205 0.150 0.178
GradHD+UKF 0.217 0.177 0.190 0.138 0.158

Gradient variant under noise. The bottom two rows of Table 2 contrast GradHD
with GradHD+UKF. The unscented front-end trades clean-signal accuracy for robust-
ness: GradHD alone is far better on the clean series, but under noise GradHD+UKF is
consistently ahead. The clean penalty comes from the sigma-point spread being driven
by Var(z), which is large for a clean signal; aligning it with the true noise level (a future-
work item) should remove it.

Results and discussion. On the clean signal, the gradient-based GradHD beats the delta-
rule RegHD and keeps improving with more clusters (MAE 0.076 — 0.052 from K=1 to
K=8). Online RegHD does not benefit from extra clusters: a single pass is not enough
to fit several regression hypervectors. The comparison we care about, though, is between
the two single-pass probabilistic estimators, and there the unscented gain wins clearly.
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On MITV it cuts the MAE from 0.449 (KalmanHD-KF) to 0.263 on the clean signal,
and it stays ahead under every noise type we tried. The gap is widest for missing values
(0.320 vs. 0.449) and Poisson noise (0.400 vs. 0.449); under heavy Gaussian noise the
two converge (0.447 vs. 0.450 at 0=1.0), which is expected once the corruption reaches
the signal scale. UKF-HD does all of this without the D x D covariance.

5. Conclusion

We presented UKF-HD, the first Unscented Kalman Filter built inside hyperdimensional
computing. The HDC prediction is linear in the weights, so we put the unscented trans-
form where the nonlinearity actually is: on the input window, propagated through the
encoder. The gain that comes out is noise-aware, and it carries a small diagonal p X p
uncertainty instead of KalmanHD’s D x D covariance. We also introduced GradHD and
its fusion GradHD+UKEF. In our experiments the unscented gain is more robust to sensor
noise than the linear Kalman gain, and it does so with a far smaller memory footprint.
Future work will refine the input-noise estimate driving the sigma-point spread to better
preserve clean-signal accuracy, explore explicit multi-sensor fusion by binding hypervec-
tors across sensors, and use the innovation covariance of UKF-HD for online anomaly
detection.
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