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Power measurements

Measurement and processing delays can misalign narrow beams before transmission, motivating
prediction from recent noisy power sweeps. We propose anchored beam-convolutional prediction
(ABCP), which combines a causal fitted present-power profile with a shallow convolutional correction
along the beam axis. Tests on disjoint simulated routes show that ABCP uses substantially fewer
learned parameters than the evaluated dense and recurrent baselines, while primary gain comparisons
remain inconclusive. Ablations support ordered history and local filtering relative to restricted con-
trols, and an equivalent NumPy implementation achieves lower processor latency than the measured
PyTorch multilayer perceptron. Additional route partitions and external-source spatial evaluations
characterize distribution sensitivity. The findings cover simulated full-sweep observations with noise
and implementation limitations.

Table 1

Related predictors use different observations and prediction
targets. The entries describe architectures without ranking
their performance, and 1 denotes an abstract-based summary.

1. Introduction

Mobility and channel variation can misalign narrow
beams during measurement and processing delays, while
sounding incurs additional overhead [1, 2]. For example, a
controller retaining eight full sweeps sampled every 10 ms
may need to select a beam for transmission 40 or 80 ms
ahead. Camera-based vehicular prediction uses additional
sensing [3], whereas we predict future power from noisy
sweeps without positioning, phase-coherent channels or on-
line clean labels.

Related work uses phase-less received signal strength
(RSS) for long short-term memory (LSTM) beam prediction
[4], while a convolutional neural network (CNN) infers beam
pairs from reference signal received power (RSRP) subsets
[5] (Table 1). The residual variant of CSI-PNet predicts
complex channel state information (CSI) using small con-
volutional kernels with circular padding and temporal input
channels [6]. Related approaches include R2-TBP, which
combines a convolutional residual LSTM (CRLSTM) with
attention to predict future RSRP [7], and mobility-aware
deep beam tracking [8]. Beyond beam prediction, MambaX
uses state predictive control for image super-resolution [9],
while Spectral GPT learns ordered spatial and spectral rep-
resentations [10]. Their image objectives differ from power-
sweep forecasting.

Method

Domae et al. [4] Phase-less RSS Future beams LSTM

Jalali et al. [5] RSRP subset  Beam pair CNN
CSI-PNet [6] Complex CSI  Future CSI Circular CNN
R2-TBP [7]" Beam history  Future RSRP CRLSTM

ABCP (ours)

Input Target Core model

Power sweeps  Future power Anchor + CNN

history, locality, anchoring and padding, alongside route par-
titions, external transfer and cost. Sections 2—4 describe the
model and experiments, followed by results and limitations.

2. Observation and decision model

Figure 1(a) illustrates delayed beam selection between
a base station (BS) and user equipment (UE). A half-
wavelength uniform linear array (ULA) uses N = B = 32
elements and discrete Fourier transform (DFT) beams [11]

(wy], = N~ exp(—jznu,),  u, =—1+2b/B, (1)

where n,b € {0,...,B — 1} index elements and beams.

We ask how a compact power-only predictor can pre-
serve ordered history and neighboring-beam structure from
full sweeps. ABCP combines a causal fitted present-power
anchor with a shallow shared beam-axis correction, using
established convolution, temporal channels, residual learn-
ing and circular padding. Controlled comparisons examine
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Let v, ; be the beamformed channel voltage scaled by the
square root of the transmit-to-noise power ratio at tone f.
Under additive Gaussian receiver noise [11], define clean
and measured powers as

F

81p = F! Z |Ur,b,f|2, 2)
=1
F

Vip = F! Z [0 f + et,b,f|2’ 3)
=1

with nominal noise €, » ~ CN(0, 1). During online infer-
ence, predictors observe only noisy sweeps y.,, while clean
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Figure 1: ABCP corrects a fitted present-power profile for delayed beam selection. Panel (a) selects for 1 + H from noisy powers
through t. Positions indicate motion rather than predictor inputs, and beam directions depict neither propagation paths nor
alignment guarantees. Panel (b) combines a CNN correction from eight normalized sweeps with a clipped, normalized anchor
fitted to four raw sweeps. The sum is clipped before beam selection.

powers g, serve as offline training targets and evaluation
ground truth.
Given the predicted profile, the system selects

bt+H|t =arg ml?x 8i+H|1,b> 4)

with ties resolved at the lowest index. With 10 ms sounding
intervals, horizons H € {4,8} give 40ms and 80ms
lookahead delays. We define normalized beam gain and use
the Gaussian-channel rate expression [11] for gross spectral
efficiency,

Gg= g,+H,g/ m[flx 8i+H b (%)

Ry =F' Y logy(1+ v, 15 1. (6)
S

Gain outage is defined as G, j; < 0.5, rate outage as R, j; <
1 bit/s/Hz, and hit rate denotes the empirical frequency of
selecting a strongest-power beam.

3. Anchored beam-convolutional prediction
(ABCP)

ABCP combines the anchor and learned correction
shown in Fig. 1(b).

3.1. Causal anchor and history
For nonnegative beam powers z € R2, define

Bz
max(17z,10-12)

N(z) = @)

With 1 denoting the all-ones vector, N rescales the beam
powers while preserving their ratios, and the denominator
floor prevents division by zero. The input X, € R¥*8 stacks
N(¥,_7), ..., N'(y,) chronologically to distinguish temporal
trends, repeating the earliest available sweep at startup.

For each beam, a least-squares line [12] fitted to the
four latest observations and evaluated at ¢ gives the clipped,
normalized anchor

a,=N ( [~0.2y,3 + 0.1y, + 04y, + O.7y,]+> . ®)

while earlier steps fit all available samples. The fixed weights
follow from equally spaced sampling, sum to one and recover
an affine history’s present endpoint before clipping. The
negative oldest weight distinguishes the fit from a moving
average, and zero CNN correction recovers the anchor.

3.2. Local learned correction
The correction uses standard CNN convolution [13] with
circular beam indexing,

P
[Cx(X)op = B, + Z Z KoisXiprsymoaB- (9

i s=—r

Two width-three, 16-channel layers with rectified linear unit
(ReLU) o [13] precede a width-one linear output, yielding

Z, = 0'(CKl X)), Z,= O'(CKZ(Zl)), (10)
d,py = Ck,(Zy), an
/gt+H|t =la,+d, gl (12)

Training at each horizon minimizes mean squared error
(MSE) against N'(g,, ;), without confidence gating, angular
decomposition or online adaptation. The width-three layers
cover 14242 = 5 normalized bins across eight sweeps with-
out recurrence, favoring local beam patterns while limiting
direct interactions despite normalization’s global coupling.
The width-one head supplies a signed residual correction
[14] for noisy fits or abrupt changes, while circular padding
connects endpoint beams.

Normalization, anchoring, shared convolutions and clip-
ping commute with circular beam-index shifts P, giving

Fy(Pyyo.) = PiFy(yo:,)- 13)
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Table 2
Simulation and training parameters.

Value

28 GHz / 100 MHz / 16

Setting

Carrier / bandwidth / tones
Route / sampling / speed 320 samples / 100 Hz / 3, 10 m/s
BS / UE height, elements 10 / 1.5 m, isotropic, 4/2
Transmit power / receiver noise 20 / —87 dBm

Noise density / noise figure —174 dBm/Hz / 7 dB

Train / validation / test 208 / 64 / 120 disjoint routes
Optimizer / loss / batch AdamW / MSE / 1024

Epoch cap / patience / decay 30 /6 /0

SI equivalents are 0.1 W for transmit power, 2.00 X 10712 W for receiver noise and
3.98 x 102! W/Hz for noise density, with noise values rounded.

Thus, in exact arithmetic a unique maximum shifts accord-
ingly without requiring isotropic propagation.

4. Experimental setup

QuaDRiGa 2.8.1 [15] in Octave 9.4.0 generates 3GPP
TR 38.901 urban-microcell line-of-sight (LOS) and non-
line-of-sight (NLOS) channels with spherical-wave drifting
(Table 2). Straight tracks retain native pathloss, shadowing
and cluster normalization, with equal tone powers and no
temporal interpolation. Predictors share observations and
targets across four propagation/speed strata, with trajectory
details in Supplementary Section S7. Test routes are bal-
anced across propagation/speed strata and disjoint from de-
velopment routes (Table 2), with model selection completed
before testing. Stress tests add 32 routes at 6 m/s and paired
observation variance scaling from 0'3 = 1 to 4 on the main
test channels.

Learned baselines share development data and five
seeds. The multilayer perceptron (MLP) and gated recur-
rent unit (GRU) use ABCP’s anchor and clipping, with
MSE fitting and checkpoint selection by validation gain.
Supplementary Sections S3 and S7 give architectures and
fitting protocols. Gain, gross spectral efficiency (SE) and
outages are averaged over routes, strata and five fits at
t = 40,...,319 — H. Primary 40 ms comparisons use
5000 paired bootstrap replicates that resample routes within
strata and the five fits, with Bonferroni adjustment for the
three primary comparisons [16]. Other comparisons use
individual 95% confidence intervals without adjustment
for multiple comparisons. These intervals reflect variation
across test routes and training runs for the fixed training and
validation split.

Five-fold cross-validation (CV) partitions 272 devel-
opment routes by physical route, stratified by propaga-
tion/speed, with checkpoint and learning-rate selection on
inner-validation routes. Original test and stress routes are
excluded, with partition and fitting details in Supplementary
Section S1. External transfer uses DeepMIMO static ray
tracing in Seoul, New York and Boston [17], with 30 routes
per city and all five unchanged QuaDRiGa fits. Horizons
four/eight count spatial samples, with no test-label fitting
(Supplementary Section S2).

5. Numerical results

5.1. Performance comparison

Table 3 reports performance at 40/80 ms, with bold val-
ues marking descriptive extrema and neural counts exclud-
ing the earlier gated predictor’s fitted decision tree. At 40 ms,
ABCP’s estimated gain difference from MLP is +0.252
percentage points (pp), with a Bonferroni-adjusted interval
from —1.379 to 1.632pp. Against GRU, the difference is
+0.394 pp, with limits —1.269 and 1.860 pp, and against no-
anchor it is +0.321 pp, with limits —0.195 and 1.389 pp.
Since all primary intervals include zero, neither superiority
nor equivalence is established. At 80 ms, secondary differ-
ences of +0.740 and +1.091 pp also have intervals spanning
Zero.

At 40 and 80 ms, secondary ABCP-minus-MLP gross-
SE differences are 0.00825 and 0.01537 bit/s/Hz. Because
gross SE excludes full-sweep sounding overhead, these dif-
ferences do not imply net throughput gains. Supplementary
Sections S4-S5 provide profiles, distributions, additional
intervals and rate-outage results.

5.2. Ablation analysis

Ablations remove the anchor, apply zero padding, use
a pointwise variant with width-one kernels and 433 param-
eters, repeat the latest sweep across learned channels in
the current-repeat variant, or use an anchored tiny MLP
with 256—4-32 units and 1188 parameters. Current-repeat
preserves anchor history, while pointwise filtering reduces
capacity. Current-repeat reduces gain by 4.972/5.708 pp at
40/80 ms, with both secondary intervals excluding zero, as
shown in Fig. 2(e,f). Pointwise losses of 0.764/1.170 pp have
positive intervals, but reduced capacity confounds the spatial
interpretation. The approximately parameter-matched tiny
MLP loses 3.354/4.330 pp. These results support useful
temporal and local structure relative to the tested controls.

The anchor’s primary 40 ms interval is inconclusive. Its
secondary 80 ms advantage is 1.938 pp ([0.558, 3.413]), with
no all-zero no-anchor forecasts to indicate clipping collapse.
Zero padding yields mean gain 0.8253/0.8215, with ABCP-
minus-zero-padding intervals containing zero at both hori-
zons. Thus, circular padding remains a pre-specified choice
without a demonstrated gain benefit.

For the exploratory delay sweep, the 20-100 ms sweep
in Fig. 2(a—d) reuses the 120 test routes and 40/80 ms check-
points, with additional fits at other delays. Simultaneous
gain intervals include zero at all nine delays, while gross-SE
bands favor ABCP over GRU throughout and over MLP at
40-100 ms (Supplementary Section S6).

5.3. Partition stability and spatial transfer

ABCP has higher pooled route-CV gain than MLP and
GRU, and Fig. 3(a,b) shows how gain varies across folds.
These results describe partition sensitivity of the developed
architecture and complement the original test intervals (Sup-
plementary Section S1).

Across the external tests in Fig. 3(c—f), descriptive gains
over the stronger anchor/persistence control are generally
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Table 3
Prediction performance at 40/80 ms.

Normalized gain

Gross SE (bit/s/Hz)  Gain outage (%)

Method Neural params  40ms 80 ms 40 ms 80 ms 40 ms 80 ms
ABCP 1201 0.8215 0.8192 4.2387 4.2346 16.67 16.87
MLP 51424 0.8190 0.8118 4.2304 42192  16.69 17.46
GRU 51072 0.8176 0.8083 4.2284 42097 16.72 17.84
Physics residual 51489 0.8209 0.8136 4.2326 42163 16.55 17.35
Small MLP 11328 0.8145 0.8065 4.2273 42146 17.28 18.21
Anchor only 0 0.7701 0.7599 4.2039 41805 22.87 23.98
Persistence 0 0.7562 0.7463 4.1921 4.1702  24.69 25.78
Adaptive three 0 0.7628 0.7532 4.2013 4.1903 24.05 25.21
Earlier gated predictor 0 0.7678 0.7611 4.2037 41939 23.47 24.28
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Figure 2: Delay sensitivity (a—d), ablation effects (e,f) and processor latency (g,h), with approximate joint 95% bands in (c,d)
and pointwise 95% intervals in (e,f) except the adjusted 40 ms no-anchor comparison.

Table 4
Model complexity and processor latency at 40/80 ms.
Median p95
Model Params MACs (ms) (ms)
ABCP (T) 1201 37376 0.1565/0.1564 0.2373/0.2570
ABCP (N) 1201 37376 0.0705/0.0709 0.1019/0.1057
MLP (T) 51424 51200 0.0943/0.0954 0.1474/0.1735
GRU (T) 51072 378400 0.2702/0.2720 0.4254/0.4126

small. At four samples, Boston persistence scores 0.8335
versus ABCP’s 0.8325 (Supplementary Table S2). These
tests combine source, band, bandwidth, spacing and noise
changes without isolating geographic effects or validating
temporal performance.

5.4. Complexity and robustness
Shared filters allow ABCP to process more beams with-
out increasing its learned parameter count.

For B beams, history length L, hidden-channel width C
and kernel width k, the two hidden convolutions and width-
one output require B(k LC + kC? + C) multiply-accumulate
(MAC) operations per prediction. History normalization
adds O(L B) work, while four-sweep anchoring, clipping and
beam selection each require O(B), giving

Tagcp = O(B(KLC + kC? + C + L)) . (14)

ABCP has kLC + kC? + 3C + 1 learned parameters
including biases, and O(B(L+C)) logical storage for history
and activations. At fixed L, C, k, all three networks have
O(B) inference work and working storage, while ABCP’s
learned-weight storage is O(1) in B, compared with O(B)
for MLP and GRU. Supplementary Section S3 gives detailed
baseline formulas, memory counts and measurement condi-
tions.

ABCP uses over 97% fewer parameters than MLP and
GRU, but the timings in Table 4 and Fig. 2(g,h) vary with
implementation. PyTorch ABCP is slower than PyTorch
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Figure 3: Route cross-validation (a,b), spatial transfer at four/eight samples (c—f) and a fixed-rule QuaDRiGa example at 80 ms
(g.h), with external whiskers spanning fit ranges rather than confidence intervals.

MLP, whereas equivalent NumPy inference is approximately
25% faster than the measured PyTorch MLP. Parameter
count therefore does not determine execution cost, and an
equally optimized MLP was not evaluated. T/N denotes
PyTorch/NumPy, and MAC counts exclude preprocessing,
bias additions and nonlinearities. Central processing unit
(CPU) latency includes feature construction, prediction and
argmax but excludes radio acquisition and communication.

Under higher noise, ABCP’s mean gain is below MLP
by 0.736/0.254 pp, with both intervals spanning zero. On
separate 6 m/s routes, secondary advantages of 2.908 pp
([1.385,4.649]) and 3.676 pp ([2.299, 5.200]) support speed
interpolation. Main-test means are below MLP at 3m/s
NLOS and higher at 10 m/s NLOS.

6. Limitations and future work

ABCEP requires full sweeps and delayed beam decisions
from finite history without recurrence. System-level as-
sessment must therefore include sounding, communication
and scheduling costs. Circular padding assumes endpoint
adjacency without guaranteeing generalization, and resid-
ual learning guarantees neither easier optimization nor
smaller errors. Straight tracks omit turns, cluster transi-
tions and within-sweep motion. Route CV conditions on
the developed architecture, and the delay sweep reuses
the original test routes. Static ray tracing evaluates com-
bined source/protocol transfer, including Seoul’s different
frequency, without measured temporal validation or broad
geographic coverage.

Future work should first evaluate ABCP on measured
temporal channels with repeated trajectories, turns and
blockage events. Such data would allow prediction errors to
be related to observed changes in beam power over the actual

decision delay. Training and evaluation should separate
physical routes and acquisition sessions, while additional
environments and antenna configurations would test whether
the same architecture remains useful beyond the present
simulations. Comparing a fixed model with one retrained on
limited target data would also help distinguish direct transfer
from the benefit of local adaptation.

Partial-sweep operation is a second direction, since the
current input assumes every beam is sounded at each ob-
servation. A predictor could combine the available powers
with an observation mask and timestamps, with evaluation
accounting for information loss as sounding is reduced.
On-device measurements should then include acquisition,
feature construction, inference and beam-switching delays
under the same resource budget for all methods. Testing opti-
mized ABCP, MLP and GRU implementations on a common
platform would clarify whether the smaller parameter count
translates into lower decision latency or energy consump-
tion. Conditioning predictions on the expected transmission
time could support several delay horizons within one model,
with tests assessing sensitivity to errors in processing and
scheduling estimates.

Predictive network control [18], reconfigurable trans-
mission [19], drone mobility [20] and satellite coordination
[21] require separate observation and timing assessments
before establishing net rate or energy benefits. A further step
is to couple the forecasts to a decision rule that accounts for
uncertainty and the cost of additional sounding, then assess
useful data rate over complete communication cycles. Eval-
uation of this decision rule should track additional sounding
requests, outage frequency and useful data rate under a fixed
sounding budget, so that reliability is assessed together with
communication cost.
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7. Conclusion

ABCP combines a fitted present-power anchor with a
shallow beam-axis correction. Its 1201 parameters are over
97% fewer than the evaluated dense and recurrent base-
lines, while primary gain comparisons remain inconclu-
sive. Ablations support ordered history and local filtering,
although the pointwise control reduces capacity. NumPy
ABCP achieves lower measured latency than PyTorch MLP
in these simulated full-sweep tests, subject to noise, padding
and implementation limitations.
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