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Abstract

Sixth-generation (6G) networks collect position-
ing data that must be transformed into a suitable
representation before machine-learning models can
use it effectively. The choice of this encoding
is rarely treated as an experimental variable, yet
it strongly shapes what information reaches the
downstream model. This paper evaluates how tabu-
lar and time-series encoding techniques affect beam
prediction performance and feature representation
quality in nine scenarios from the DeepSense 6G
dataset. Beam-prediction performance is measured
using two downstream classifiers in a fixed multi-
seed evaluation pipeline, while representation qual-
ity is assessed through invariance under positional
noise. Encodings that represent the user equip-
ment relative to the base station and include tem-
poral context achieve the best performance. How-
ever, the representation analysis reveals that these
geometry-aware encodings are less stable under po-
sitional noise. The findings suggest that, when
position estimates are accurate, position and tra-
jectory data should be encoded using base-station-
relative distance, bearing and recent geometric
change, whereas noisier settings may require addi-
tional preprocessing to preserve robustness.

1 Introduction

Sixth-generation (6G) networks are expected to rely increas-
ingly on data-driven methods for communication tasks such
as beam prediction [1; 2]. These tasks can be addressed us-
ing machine-learning models trained on measurements col-
lected in experimental 6G scenarios. DeepSense 6G provides
such data across diverse real-world settings, including posi-
tioning information and communication measurements used
for beam prediction [3]. Before positioning data can sup-
port beam prediction, it must be encoded into model inputs.
The same GPS measurements can make different information
available depending on their representation, yet this step is of-
ten treated as fixed preprocessing rather than an experimental
choice.

This work examines how different representations expose
spatial and temporal context that may be useful for beam pre-
diction. Figure 1 illustrates the distinction between the tabu-
lar and time-series settings considered in this study.

A similar distinction appears in the AI/ML beam manage-
ment taxonomy considered in 3GPP TR 38.843 [4; 5], where
beam-prediction settings also differ in whether they rely on
current information or historical context. This paper applies
this distinction to position-based beam prediction, linking the
3GPP standardisation context to the encoding choices evalu-
ated in this work.

Prior work shows that position and trajectory information
can support beam prediction, especially when it captures the
relation between the user equipment (UE) and the base station
(BS) [6; 7; 8]. However, it remains unclear how different
current-position and history-aware encodings compare when
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Figure 1: Comparison of tabular and time-series encoders in the
Vehicle-to-Infrastructure (V2I) beam-prediction task. The tabular
encoder uses only the current observation and excludes temporal in-
formation. The time-series encoder preserves the chronological or-
der and may include the timestamp, with some configurations also
incorporating previous observations to capture temporal context.

the dataset, task, split and downstream models are fixed. This
motivates the main research question:

How do tabular and time-series position encod-
ing techniques affect beam-prediction performance
and feature representation quality in 6G network
data?

We investigate this question by comparing both encod-
ing strategies for beam prediction using the DeepSense 6G
dataset [3]. The evaluated configurations range from mini-
mally processed position features to encodings that explicitly
represent the geometry of the UE relative to the BS and en-
codings that additionally incorporate temporal context. We
hold splits, models and seeds fixed so that observed outcome
differences primarily reflect the encoding effect.

Across the evaluated encodings, the strongest beam-
prediction results are obtained when the representation ex-
plicitly describes the geometry between the UE and the BS,
especially when this geometry is combined with temporal
context. However, these high-performing encodings are also
less invariant to positional noise, revealing a trade-off be-
tween predictive usefulness and robustness.

This work makes three contributions. First, we provide a
reproducible evaluation pipeline for position encodings. Sec-
ond, we present a controlled comparison of tabular and time-
series encodings across DeepSense 6G Scenarios 1-9 over
multiple seeds. Third, we show that the choice of encoding
affects both beam-prediction performance and the stability of
the representation under positional noise.

The remainder of this paper is organised as follows. Sec-
tion 2 reviews related work. Section 3 introduces the problem
setting and encoding techniques. Section 4 describes the ex-
perimental pipeline. Section 5 details the experimental con-
figuration. Section 6 reports the results. Section 7 interprets
the findings and discusses threats to validity. Section 8 re-
flects on responsible research and Section 9 concludes and
outlines future work.



2 Related Work
2.1 Encodings in 6G Data Context

Position information provides a low-overhead representation
for beam prediction, and prior work differs mainly in how
explicitly position is represented.

One approach is to use raw GPS coordinates directly,
which has been shown to support beam prediction on real-
world measurements [6]. However, this does not show
whether raw coordinates are the most effective representa-
tion, because the model must still infer the UE-to-BS relation
from latitude and longitude. Other approaches expose more
geometric information per sample, for example by adding de-
vice orientation to the location [7] or by representing the UE
position through its direction relative to the BS [8]. These
works indicate that physical geometry is useful, but they do
not isolate the encoding choice itself. This motivates the tab-
ular encodings evaluated here, which range from raw position
coordinates to BS-relative geometric features under the same
experimental protocol.

Temporal context is commonly introduced by encoding a
fixed window of recent observations. This has been studied
with GPS data [8], LIDAR measurements [9] and camera or
radar frames [10]. These studies show that recent observa-
tions can support beam prediction, but they do not determine
whether the benefit comes from temporal access itself or other
factors in the experimental setup. For this reason, the time-
series encodings in this study use timestamp information, re-
cent observations and rolling movement statistics to capture
short-term positional context.

AI/ML-assisted beam management has been studied in
3GPP Release 18 as a way to reduce beam-measurement
overhead. Spatial-domain beam prediction, or BM-Casel,
predicts the best downlink beam or beam pair for the cur-
rent spatial setting, while time-domain beam prediction, or
BM-Case2, predicts the best beam for future time instances
from historical measurements [11]. Although these cases use
beam-measurement inputs rather than GPS-derived position
features, the BM-Casel/BM-Case?2 distinction motivates our
comparison between current-position encodings and history-
aware position encodings.

A separate line of work learns representations instead of
designing them manually. Generalisable beam prediction
combines position-derived features with beam-domain mea-
surements to improve robustness across urban scenarios [12],
while other approaches encode position and beam informa-
tion as tokenised sequences for large language models [13].
These methods are useful for maximising predictive perfor-
mance, but learned or fused representations make it harder to
attribute performance differences to a specific encoding deci-
sion. In contrast, this work keeps the encodings explicit and
deterministic, so that the different effects can be compared
directly.

2.2 Gap in Current Work

Existing research shows that position, geometry and tempo-
ral context can support beam prediction, but it does not iso-
late the effect of the position encoding itself. Prior beam-
prediction studies usually evaluate complete systems, so

changes in representation are often mixed with changes in
modality, architecture, task or experimental setting [6; 7; 8;
9; 10; 12; 13]. As a result, their reported gains cannot be
attributed solely to the encoding choice.

This leaves a gap at the intersection of 6G data, tabular en-
coding and time-series encoding. Existing studies do not sys-
tematically compare how these encoding choices affect beam-
prediction performance and representation quality under the
same experimental conditions. We address this gap with a
shared experimental protocol across all encodings.

3 Preliminaries

3.1 Problem Setting and Notation

The downstream task is beam-index prediction based on po-
sition [6]. Each observation contains position-related mea-
surements from the UE, a timestamp and the received power
of the available communication beams. The beam with the
highest measured power is used as the prediction target.

For scenario s, observation ¢ is represented as

(<.52.47).
(s)

contains the raw position-related features, ;" is

where x!*)
the timestamp and ygs) € {1,...,K} is the optimal beam
index among K candidate beams. An encoder transforms the

available input into a feature vector
zgs) €RY,
where d is the number of encoded features.

In the time-series setting, the timestamp and sample order
are preserved. For a context window of length w, an encoder
may use the current observation and up to w— 1 preceding ob-
servations, provided that all observations belong to the same
sequence. At the beginning of a sequence, where fewer than

w — 1 preceding observations exist, the unavailable context
positions are left empty.

3.2 Relative to Base Station Geometry

BS Bearing, BS Geometry and BS Rolling describe the UE’s
position as seen from the BS. We first project the geographic
coordinates onto a metric plane using the Universal Trans-
verse Mercator (UTM) projection [14]. The UE’s offsets from
the fixed BS at time ¢ are

ey = Fy — Eps, ny = Ny — Ngs, (D

with (Et, Ny) = (¢, ) and (Eps, Nps) = H(¢ps, As)s
where ¢ and A denote latitude and longitude, respectively.
The corresponding distance and compass bearing are

dy =1/ e? +n2,

Here atan2 denotes the two-argument arctangent. The argu-
ment order follows the compass convention, where §; = 0
points north and positive angles increase clockwise.

0, = atan2(eg, ny). 2)

3.3 Tabular Encodings

Raw Sample Encoding. Raw Sample represents each ob-
servation using the original position measurements provided
by the dataset.



Latitude-Longitude Encoding (Lat/Lon). Lat/Lon repre-
sents the UE’s current latitude and longitude, (¢, A;) [6]

Base Station Bearing Encoding (BS Bearing). BS Bear-
ing represents the current UE position using the distance and
bearing defined in Equation 2:

dt, sin Ht, COS Ht, Ot.

The sine and cosine terms provide a continuous representa-
tion of bearing across the boundary between —7 and 7, while
the raw angle is retained because beam directions are related
to the direction of the UE around the BS.

Piecewise-Linear Encoding (PLE). PLE maps each con-
tinuous feature into quantile-based bins while preserving the
relative magnitude and position of values within the feature’s
numerical range [15]. For bin edges by < by < -+ < bp
fitted on the training data, a value z is encoded as

. (T —bi—
ef(x) = Chp (a 07 1) )
by — be—1
Bins below x receive 1, the bin containing x receives a value

in (0, 1) and bins above x receive 0. The function clip(a, 0, 1)
truncates « to the interval [0, 1].

(=1,....,B. 3

Periodic Fourier-Feature Encoding. Periodic encoding
expands each continuous feature into sinusoidal components
at multiple frequencies [15; 16]. Each feature value x is min-
max scaled to [0, 1] using parameters fitted on the training
data and encoded as

[sin(27 f;x), cos(2m fizx)], i=1,...,n, @
where each f; is sampled once from N(0, 0%) using a fixed
seed. The Fourier components make high-frequency variation

in continuous inputs easier for the neural network to represent
[16].

3.4 Time-Series Encodings

Timestamp Encoding. Timestamp Encoding extends Raw
Sample with elapsed time, time since the preceding obser-
vation and a cyclical representation of time of day. Elapsed
time is measured from the beginning of each sequence, for
sequence c in scenario s, this is defined as

T,i(s,c) _ 7_i(s,c) _ 7_1(5,0)7 (5)
0 1 =1
AT—(S,C) _ ) ) 6
i {Ti(s,c) l(elc)’ P> 1, ©)
(s)

(s) _ 274;
N = . 7
“i T 86400 ™

The resulting features are Ti(s’c), ATi(S’C), sinwgs)

cos w( s) , where q( *) is the time of day in seconds. The sine

and cosine terms keep times around midnight close in the rep-
resentation.

and

Lag Window Encoding. Lag Window Encoding augments
Timestamp Encoding with feature values from preceding ob-
servations in the same sequence. For the m-th feature and a
lag of k observations, the lagged value is defined as

L™ = o ik, )
missing, ¢ < k.

where z{*"™ denotes the value of feature m at observation
i — k in scenario s. The value is missing when ¢ < k because
the required preceding observation does not exist.

Rolling Statistics Encoding (Rolling). Rolling Statistics
Encoding extends Timestamp Encoding with metric position,
movement and short-term summary features. It first adds the
current-sample features

G/ES)7 bl('S); TES),

AV

s U,

Aa(-s),

sin hl(-s), cos hgs),

where a!* and b\*) denote the UE’s metric offsets from the
mean training-set position, computed after projecting latitude
and longitude to UTM coordinates [14], 7

from the reference point, Aal(s) and Abgs) are the changes in

position since the preceding observation, set to zero when no
(s) :

is its distance

preceding observation exists, m, ~ is the movement distance,

v§ *) is the estimated speed and sin hﬁs) and cos hl(fS) represent

the movement heading cyclically. The encoding additionally
computes rolling means and standard deviations over a win-
dow w for

aES)7 bgs), mgs), vl(s).
For a feature u, the rolling statistics are

25 () — 1
E; 9)

w—1
() (y = | L () _ s )’
o, (u) = py—] Z (ui_J 1 (u)) . (10)
7=0
At the beginning of a sequence, rolling statistics are com-
puted over the available observations only.

Base Station Geometry Encoding (BS Geometry). BS
Geometry extends BS Bearing with the east and north offsets
from Equation 1 and with the change in selected geometric
quantities from the preceding observation:

Apt = pt — pr—1, pt € {di,sinf;,cos0;}. (1)
For the first observation in each sequence, the change features
are set to zero because no preceding observation is available.
The resulting features describe both the current UE-to-BS ge-
ometry and its most recent change. BS Geometry is treated

as a time-series encoding because it depends on the ordering
of observations.

Base Station Rolling Encoding (BS Rolling). BS Rolling
extends BS Bearing with rolling statistics that summarise the
recent UE-to-BS geometry. For each window width w, it adds

w0y, o), o (sing),

o (sing), " (cosh), ol
For a geometric feature u, the rolling mean and standard de-
viation are defined as in Equations 9 and 10, respectively.
The rolling means describe the recent distance and direc-
tion of the UE relative to the BS, while the rolling standard
deviations describe how much this geometry varies over the
window.

cosf).



4 Experimental Design

The study compares encoding configurations under a shared
protocol: scenario, task, split, model, hyperparameters, seed
and metrics are fixed, making encoding the primary experi-
mental variable.

The study is organised into two tracks. Each track is com-
pared against its own baseline encoding, so that performance
differences reflect the effect of the encoding rather than the
effect of access to additional input information.

These tracks adapt the current-context versus history-
aware distinction from 3GPP beam prediction to position-
derived side information [4]. Unlike strict BM-Casel and
BM-Case2, this study does not use beam-measurement in-
puts. Instead, the tabular track evaluates how to encode the
current UE position, while the time-series track evaluates
whether recent position history and geometric change provide
additional predictive information.

In the tabular track, each observation is treated indepen-
dently. The model receives only the per-sample position fea-
tures. The timestamp and the chronological order of the sam-
ples are not provided. The baseline for this track is Raw Sam-
ple, which applies only the numeric conversion required for
the model to process the original features.

In the time-series track, the model is also given access to
the time column and the order of the samples. This allows en-
coders to derive features from timestamps and from preced-
ing observations. The baseline for this track is Timestamp,
the simplest encoding that uses the time column. This makes
it possible to isolate the effect of movement features from the
effect of time access alone.

4.1 Experiment Pipeline

Each experimental run is defined by a configuration file that
specifies the dataset, encoder, downstream model and output
location. The same runner then executes every configuration
in the comparison.

1. The dataset is loaded, cleaned and validated.

2. The dataset is partitioned into training, validation and
test sets using a customisable split ratio.

3. The encoder is fitted on the training rows and then ap-
plied to all rows.

4. The model is trained on the encoded training set.
5. The model is evaluated on the validation and test sets.

Predictive metrics, representation statistics and the full con-
figuration are stored for every run, so that any result can
be traced to the exact settings that produced it. This
configuration-driven design makes each run traceable and re-
producible.

4.2 Downstream Model

Every encoding is evaluated using two fixed downstream
models: a neural network and an XGBoost classifier [17].
The models are used as evaluation instruments, not as con-
tributions. Their configurations are unchanged across encod-
ings.

A neural network is included because it was previously de-
veloped and evaluated for the same task considered in this

study, position-based beam prediction from a real-world 6G
dataset [6].

XGBoost is included as a complementary tree-based
model. Competitive performance has been reported for
XGBoost in beam-selection tasks, including improvements
over Support Vector Machines (SVM), K-Nearest Neigh-
bours (KNN) and neural-network baselines under the eval-
uated experimental setting [18].

Using both models reduces the risk that an encoding ap-
pears effective only because it matches one learning algo-
rithm. The exact model configurations and training param-
eters are reported in Section 5.4.

4.3 Evaluation Metrics

Each encoding is assessed along two dimensions: predictive
performance and representation quality.

Predictive performance is measured using top-3 accuracy
and power loss. Top-3 accuracy is the proportion of sam-
ples for which the optimal beam is included among the
model’s 3 highest-scored predictions. Power loss measures
the received-power gap between the beam selected by the
model and the optimal beam [6]. A lower power loss indicates
better communication performance, with zero corresponding
to no loss relative to the optimal beam. Power loss comple-
ments top-3 accuracy because an incorrectly classified beam
may still retain received power close to that of the optimal
beam.

Representation quality is evaluated through invariance, fol-
lowing Plachouras et al. [19]. Invariance measures how sta-
ble an encoding remains under controlled input perturbations.
Here, Gaussian noise is added to the UE coordinates, the en-
coded feature vector is recomputed and the clean and per-
turbed representations are compared using cosine similarity.
Higher similarity indicates greater invariance to positional
noise.

4.4 Multi-Seed Protocol

Each experiment is evaluated using Monte Carlo cross-
validation over eleven random seeds [20]. Each seed fixes the
random split and state of the downstream model, so that one
seed defines one fully reproducible run. Results are reported
as the mean and standard deviation across the eleven seeds,
reducing the influence of any favourable or unfavourable
split. For a given scenario and seed, the same partition is used
for every encoding. The exact seeds used for the experiments
can be found in Section 5.3.

4.5 Statistical Significance

To test whether the observed performance differences are
consistent across scenarios, each encoding is compared with
the baseline encoding of its own track using a two-sided
Wilcoxon signed-rank test [21; 22]. Each paired observation
is the per-scenario difference in mean top-3 accuracy between
an encoding and its track baseline. This tests whether the me-
dian scenario-level difference differs from zero without as-
suming normally distributed differences.

Since four encodings are compared with the baseline in
each track, Holm-Bonferroni correction is applied separately



for each downstream model [23]. Differences with corrected
p < 0.05 are treated as statistically significant.

5 Experimental Configuration

5.1 Dataset and Evaluation Setup

The experiment uses Scenarios 1-9 of the DeepSense 6G
dataset [3]. These scenarios represent real-world Vehicle-to-
Infrastructure (V2I) communication illustrated in Figure 1,
in which a moving vehicle-mounted UE communicates with
a fixed BS. These scenarios contain timestamped GPS mea-
surements collected from a moving UE, together with wire-
less measurements indicating the received power of the avail-
able beams. This work uses the position-related measure-
ments as model inputs and the corresponding optimal beam
index as the prediction target. The optimal beam is the beam
with the highest measured received power for that observa-
tion. Scenario details are summarised in Appendix Table 3.

Each sample represents the UE at one timestamp. Sam-
ples remain ordered within their original sequence so that
time-series encodings can use preceding observations without
crossing sequence boundaries. For encodings that describe
the UE relative to the BS, the BS coordinates associated with
the corresponding scenario are used to derive distance, bear-
ing and geometric change features.

The invariance analysis uses noise levels o € {1,2,5,10}
metres. These values define a controlled sensitivity range
from small coordinate perturbations to stronger localisation
errors. The goal is not to model one specific GPS error dis-
tribution, but to compare how different encoders respond to
the same positional perturbation. For each noise level, results
are averaged over three independent noise realisations using
seeds 0, 1 and 2.

5.2 Encoding Configuration

The encoding choices are intended to test distinct representa-
tion assumptions rather than to perform an exhaustive feature-
engineering search.

In DeepSense 6G, the available position-related fields for
the UE are latitude, longitude, Position Dilution of Precision
(PDOP), Horizontal Dilution of Precision (HDOP), direction
and number of satellites [3], although each encoder may re-
tain only a subset of these fields or replace them with derived
features.

PLE uses B = 10. This provides a moderate discretisa-
tion of each continuous feature, adding non-linearity with-
out making the representation unnecessarily sparse. Periodic
encoding uses n = 6 and o = 2.0 to provide a compact
multi-scale representation. Lag Window uses a window size
of w = 3, while Rolling and BS Rolling use a window size of
w € {3,5}. These short windows capture immediate move-
ment while limiting feature growth and avoiding longer his-
tories that may be less reliable when local beam conditions
change.

5.3 Data Splitting and Random Seeds

The dataset is split at sequence level, so all observations
from the same DeepSense sequence remain in a single par-
tition. This prevents temporally adjacent observations from

appearing in both training and evaluation, reducing the risk
that the model is tested on samples that are almost identi-
cal to those seen during training. An approximate 70/15/15
train-validation-test split is applied at the sequence level, with
small deviations in observation counts because sequences dif-
fer in length. Similar split ratios were also considered but did
not meaningfully change the results. Each configuration is
evaluated using seeds {1,2,3,4,5,6,7,8,9,10,42}.

5.4 Model Configuration

The neural network follows Morais et al. [6], but adapts the
input layer to encoder-dependent feature vectors of 2-35 fea-
tures and replaces the original preprocessing with median im-
putation and standardisation. XGBoost uses 300 estimators
and class-balanced sample weights, with all remaining hyper-
parameters kept at their library defaults. For both classifiers,
the random seed is set to the experiment seed. The complete
architecture and training configurations are reported in Ap-
pendix Table 2.

5.5 Hardware and Software Environment

All experiments were run on Windows 10 using an Intel Core
17-1165G7 CPU and 12 GB RAM. The software environment
used Python 3.11.9, XGBoost 3.2.0, scikit-learn 1.7.2, pandas
2.3.3, NumPy 2.3.5, torch 2.12.0 and utm 0.8.1.

6 Results

6.1 Predictive Performance

Table 1 reports the test performance of all encodings aver-
aged across the nine DeepSense 6G scenarios and eleven ran-
dom seeds. The strongest results are obtained by encodings
that describe the UE relative to the BS. In the tabular track,
BS Bearing is the best encoding for both downstream mod-
els. Relative to Raw Sample, it increases top-3 accuracy from
62.6 + 2.6% to 67.5 + 2.2% and reduces power loss from
3.12 £ 0.28 dB to 2.78 £ 0.31 dB for the neural network.
For XGBoost, it increases top-3 accuracy from 57.6 + 2.2%
to 61.1 + 1.9% and reduces power loss from 3.32 + 0.41 dB
to 2.93 + 0.82 d B. The remaining tabular encodings also im-
prove over Raw Sample in average top-3 accuracy for both
downstream models. For power loss, however, the improve-
ment is less consistent, as PLE and Periodic increase it when
XGBoost is used.

This pattern is more pronounced in the time-series track.
BS Geometry reaches the best overall performance, with
70.7 £ 2.5% top-3 accuracy and 2.47 & 0.37 d B power loss
for the neural network, and 63.8 &+ 2.0% top-3 accuracy and
2.74 £ 0.51 dB power loss for XGBoost. Compared with
Timestamp, this corresponds to a top-3 improvement of 8.5
percentage points for the neural network and 4.5 percentage
points for XGBoost. BS Rolling is the second-best time-
series encoding, while BS Geometry achieves the highest
aggregate performance across both downstream models and
both predictive metrics.

Figure 2 shows that these aggregate gains are not uniform
across scenarios. The clearest case is Scenario 6, where
BS Geometry increases neural-network top-3 accuracy from



Table 1: Predictive performance per encoding on the test split. Values are mean =+ standard deviation over eleven seeds after averaging across
the nine scenarios. Encodings are grouped by track and compared against the baseline of their own track.

Neural network

XGBoost

Track Encoding Top-3 (%) Power Loss (dB)  Top-3 (%) Power Loss (dB)

Tabular Raw Sample (baseline) 62.6 + 2.6 3.12+0.28 57.6 +2.2 3.32+0.41
Lat/Lon 66.5 + 2.4 2.85 +0.33 59.5 + 2.2 3.05 +0.34
PLE 64.6 +2.4 2.80 +0.34 59.9 + 2.2 3.38 +0.23
Periodic 64.3+ 1.6 3.00+0.31 57.9+ 1.7 3.51 +0.26
BS Bearing 67.5 1+ 2.2 2.78 £0.31 61.1+1.9 2.93 +£0.82

Time-series Timestamp (baseline) 62.2 £+ 2.1 3.08 £ 0.46 59.3 £ 2.7 3.41 £0.31
Lag Window 60.8 = 1.7 3.07 +0.59 60.8 + 2.2 3.01 +0.46
Rolling 63.6 + 2.1 3.09 +0.40 60.3+2.4 3.24 + 0.26
BS Geometry 70.7 £ 25 2.47+£0.37 63.8+2.0 2.74+£0.51
BS Rolling 68.7 + 2.7 2.72 +0.49 63.3+1.9 2.92 +0.34

38.02% with Timestamp to 79.57%, a gain of 41.55 percent-
age points. For XGBoost, the same comparison increases top-
3 accuracy from 55.73% to 64.30%, a gain of 8.57 percentage
points. Other scenarios show smaller or less consistent gains,
especially for encodings that rely on recent temporal context.

PLE and Periodic add feature transformations, but remain
below BS Bearing in top-3 accuracy. Averaged over the two
downstream models, PLE is 2.1 percentage points lower than
BS Bearing, while Periodic is 3.2 percentage points lower.
Similarly, Lag Window and Rolling add temporal informa-
tion, but remain below BS Geometry by 6.5 and 5.3 per-
centage points on average, respectively. Across both mod-
els, the BS-relative encodings achieve the highest top-3 accu-
racy within their respective tracks. Possible reasons for the
scenario-level variation are discussed in Section 7.

The complete statistical comparisons for test top-3 ac-
curacy are reported in Appendix Table 4. After Holm-
Bonferroni correction within each track, BS Bearing im-
proves significantly over Raw Sample for both downstream
models, and BS Geometry and BS Rolling improve signif-
icantly over Timestamp for both models. Lat/Lon improves
significantly for the neural network but not for XGBoost, con-
sistent with the smaller tabular gains observed for the tree
model. By contrast, Lag Window and Rolling do not differ
significantly from Timestamp for either model, and the nu-
merical embeddings yield at most a small significant gain,
limited to PLE on XGBoost.

6.2 Representation Quality

Predictive performance shows how well each encoding sup-
ports the downstream beam-prediction task, but it does not
indicate how sensitive the encoding is to perturbations. To
analyse this, representation quality is evaluated through in-
variance, which refers to the stability of an encoded feature
vector when controlled positional noise is added to the UE
coordinates.

Figure 3 reports the cosine similarity between each clean
representation and the representation recomputed after the
same controlled Gaussian perturbations. The most stable
encodings are the simpler current-sample representations.
Timestamp, Raw Sample and Lag Window remain relatively

stable as the noise level increases, with mean cosine similar-
ities of 0.659, 0.585 and 0.584 at 0 = 10 m. Among the
geometry-aware encodings, BS Bearing degrades the least
under small perturbations, retaining a cosine similarity of
0.966 at o0 = 1 m, but it falls to 0.378 at o = 10 m.

The lowest cosine similarities occur for encodings that de-
rive movement or rolling geometric statistics from the coor-
dinates. At 0 = 10 m, Rolling, BS Geometry and BS Rolling
reach mean cosine similarities of 0.050, 0.094 and 0.164, re-
spectively. At this noise level, the encodings with the highest
predictive performance are also among those with the lowest
cosine similarity. The exact values are reported in Appendix
Table 5.

7 Discussion

The results indicate that encoding affects beam prediction be-
cause it determines which physical structure is made explicit
to the downstream model. The strongest encodings are not
simply larger versions of the raw input, they expose the UE-
to-BS relation on which beam selection depends.

BS-relative geometry improves performance because it re-
moves a geometric inference step from the model. Raw lat-
itude and longitude locate the UE, but do not explicitly de-
scribe its relation to the BS. BS Bearing provides this relation
directly through distance and bearing, which explains why it
is the strongest tabular encoding for both downstream models.
This is consistent with prior work showing that GPS position
supports beam prediction, but refines that result by showing
that position is more useful when represented relative to the
BS [6]. Location- and orientation-aided beam-selection work
supports the same interpretation, since these methods also ex-
pose physical information that constrains the beam direction
(7; 81.

Temporal context helps only when it describes relevant
movement. Timestamp and Lag Window add time-related or
historical information, but they do not significantly improve
over the Timestamp reference. In contrast, BS Geometry and
BS Rolling combine sequence order with BS-relative posi-
tion and give the strongest time-series results. This suggests
that the useful part of temporal context is not the presence of
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Figure 2: Per-scenario top-3 accuracy mean for every encoding over eleven seeds.
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Figure 3: Encoding invariance to synthetic GPS noise, measured by
mean cosine similarity across Scenarios 1-9.

previous rows by itself, but the change in the UE-to-BS rela-
tion. This is consistent with sequence-based beam-prediction
and beam-tracking studies, where recent observations help
because they describe user movement or future beam evolu-
tion [8; 9; 101.

The scenario-level results suggest that this temporal bene-
fit depends on the physical setting. The largest gain appears
in Scenario 6, while Scenarios 3, 4 and 7 show weaker or
less consistent gains from temporal encodings. One plausi-
ble explanation is the road speed limit in the measurement
area: Scenarios 1, 2, 5, 6, 8 and 9 were measured on roads

with a maximum speed limit of 25 miles per hour, whereas
Scenarios 3 and 4 were measured on roads with a 45 miles
per hour limit and Scenario 7 on roads with a 55 miles per
hour limit. At higher permitted speeds, a short history win-
dow may describe a less stable local context for the current
beam decision [24].

Scenario 6 also has the largest distance between the vehicle
trajectory and the BS, which may make explicit BS-relative
geometry especially valuable. However, Scenarios 6 and 7
also contain fewer samples than the other scenarios, so part
of the observed variation may reflect higher estimation uncer-
tainty rather than only physical differences. These scenario-
level observations therefore indicate possible explanations for
the results, but they do not isolate a single cause.

The comparison also separates expressiveness from useful-
ness. PLE and Periodic increase feature dimensionality, and
Lag Window and Rolling add temporal information, but none
of them outperforms the BS-relative encodings. Numerical
embeddings can make continuous features easier for a model
to use [15; 16], but they do not add the missing physical re-
lation required by the task. In this experiment, a smaller en-
coding that exposes the relevant communication geometry is
more effective than a larger encoding that mainly increases
representation dimensionality.

This distinction matters for AI/ML-assisted beam manage-
ment. 3GPP studies distinguish between current-context and
history-aware prediction settings [4; 5], but the present results
show that the representation of side information also matters.
Treating position as raw coordinates, BS-relative geometry
or recent geometric change leads to different downstream be-
haviour, even when the dataset, split, model and seeds are
fixed. Future benchmarks should therefore specify not only



which side information is available, such as position or tra-
jectory, but also how that information is represented before it
is used.

The invariance results show the main cost of making ge-
ometry explicit. BS Geometry and BS Rolling improve pre-
diction, but they are less stable under positional noise than
simpler encodings. This is expected because bearing, move-
ment differences and rolling statistics can amplify coordi-
nate perturbations. A small change in latitude and longitude
can become a larger change after computing angular features,
consecutive differences or statistics over a short window. In
deployment, geometry-aware encodings should therefore be
paired with positioning-quality checks, smoothing or noise-
aware training. When position estimates are noisy, a simpler
but more stable encoding may be preferable to the encoding
that performs best under clean GPS conditions.

7.1 Threats to Validity

Several factors limit the scope of these findings.

The study uses a single dataset, DeepSense 6G. Although
it spans nine real-world scenarios of differing difficulty, other
6G datasets may exhibit different geometry and noise charac-
teristics.

Only a selected set of encodings is evaluated. Other rep-
resentations, such as learned embeddings or convolutional
transforms, may behave differently and are left to future
work.

Because models and hyperparameters are fixed, the com-
parison measures performance under a shared protocol rather
than each encoding’s individually tuned optimum.

The temporal conclusions depend on the chosen time-
series design. Lag Window, Rolling and BS Rolling use a
short fixed history window. Longer windows or different
sampling rates may change the usefulness of temporal con-
text.

The significance tests reduce the risk of over-interpreting
aggregate differences, but they are based on at most nine
paired scenarios and therefore have limited statistical power.
Non-significant results should therefore be interpreted as in-
sufficient evidence of a consistent scenario-level effect, not as
evidence that no effect exists.

The invariance comparison is also affected by differences
in feature composition. Some encodings contain several fea-
tures that are independent of latitude and longitude, while
others consist almost entirely of GPS-derived features. Con-
sequently, the cosine similarity considered in this study may
favour representations containing more unchanged features.

Finally, the invariance analysis uses synthetic Gaussian
noise on UE coordinates. Real positioning errors may be
environment-dependent and biased.

8 Responsible Research

8.1 Reproducibility

Reproducibility is supported by configuration files, stored run
outputs, fixed seeds, a public dataset and released source
code. For each run, the pipeline stores the predictive metrics,
representation statistics and runtime measurements, allowing
any reported number to be traced to the settings that produced

it. Randomness is controlled by a user-selected seed, which
determines the split, classifier state and stochastic encoder
components, so that a run can be repeated exactly. At the
time of publication, the dataset was publicly available, with
no stated expiry date [3]. The experiment source code, in-
structions for reproducing the runs and dashboard for visual-
ising the results are available in the GitHub repository [25].

8.2 Transparency and Honest Reporting

All results are reported regardless of outcome. Negative and
inconclusive findings are kept rather than removed. The en-
coding and preprocessing choices are stated explicitly so that
the comparison can be judged on its design.

8.3 Ethical Considerations

This research presents limited ethical risks, but two are worth
addressing.

First, the dataset contains positional measurements, which
can be sensitive even when released for research. The data
are used only to train and evaluate classifiers, with no attempt
to identify individuals or to reconstruct the movement of any
person.

Second, generative Al tools, including ChatGPT, were
used as assistive tools during the writing and development
process. Their use was limited to improving wording, struc-
ture and clarity, as well as providing implementation-level
feedback such as debugging suggestions and code readability
improvements. These tools were not used to define the re-
search question, choose the experimental design, implement
the core contribution, generate results, select reported out-
comes, alter numerical values, or replace the author’s inter-
pretation. Any Al-generated suggestion was reviewed, veri-
fied against the source code, dataset documentation, cited lit-
erature and stored experimental outputs, and revised before
inclusion. No sensitive, confidential or proprietary data were
entered into generative Al tools. The author retains full re-
sponsibility for the final text, code, analysis, interpretation
and academic integrity of the work.

9 Conclusion and Future Work

This paper investigated how different encoding techniques af-
fect beam-prediction performance and the quality of feature
representations derived from 6G network data. A controlled
experiment on nine DeepSense 6G scenarios isolates how en-
coding affects performance.

The results show that encoding choices affect beam-
prediction performance. BS Bearing achieves the strongest
tabular performance, while BS Geometry achieves the
strongest time-series and overall performance. These find-
ings indicate that BS-relative distance, bearing and recent ge-
ometric change provide useful information for beam selec-
tion, whereas PLE and Periodic, which mainly expand the
inputs, provide less consistent improvements.

The representation analysis identifies a trade-off between
predictive performance and sensitivity to positional perturba-
tions. BS Geometry and BS Rolling achieve strong predic-
tive performance but relatively low cosine similarity under in-
creasing positional noise. Simpler encodings, including Raw



Sample and Timestamp, remain more invariant. This suggests
that predictive performance under clean conditions and rep-
resentation invariance capture distinct properties and should
be considered separately when selecting an encoding.

Future work could test whether the same pattern holds be-
yond the current setting. This includes evaluating additional
real-world 6G datasets and simulated ray-tracing scenarios,
for example using tools such as DeepMIMO [26] and Sionna
[27], as well as testing other beam-prediction tasks or model
families. Future work could also investigate representations
based on additional sensing modalities, including LiDAR,
camera and radar data, both individually and in combination
with position information. Another direction is to incorporate
robustness to GPS noise into encoding design and evaluate its
effect on downstream predictive performance. Such exten-
sions would test the generalisability of the findings across a
wider range of BS layouts, user trajectories and propagation
environments.
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A Additional Tables

Table 2: Architecture and training configuration of the downstream models.

Neural Network (Morais Adaptation)

Setting Value

Input Encoding-dependent (2-35 features)
Preprocessing Median imputation and standardisation
Hidden layers 3

Units per hidden layer 256

Activation ReLU

Output size Training-observed classes (57-62)
Loss Cross-entropy

Optimizer Adam

Initial learning rate 0.01

Learning-rate decay Epochs 20 and 40

Reduction factor 0.2

Batch size 32

Training epochs 60

Adam S, B2 0.9, 0.999 (default)

Adam € 108 (default)

Weight decay 0 (default)

Weight initialisation Kaiming-uniform (default)

Random state Experiment seed

XGBoost
Setting Value
Number of estimators 300
Tree method hist

Class balancing
Missing-value handling
Booster

Objective

Learning rate (1)

Max tree depth

Min child weight

Min split loss ()
Subsample

Column subsample (per tree)
L2 regularisation (\)
L1 regularisation (&)
Max bins

Random state

Balanced sample weights
Median imputation
gbtree (default)
multi:softprob (default)
0.3 (default)

6 (default)

1 (default)

0 (default)

1.0 (default)

1.0 (default)

1 (default)

0 (default)

256 (default)

Experiment seed

Table 3: DeepSense 6G scenarios used in the experiments. “GNSS quality” indicates whether satellite-count, PDOP, HDOP, fix-type or DGPS
measurements are available. Scenario 4 does not provide unitl_beam_index, the target is derived as the argmax of the unit1_pwr_60ghz

array.

Scenario Samples Sequences UE GPS used GNSS quality Beam target

2,411
2,974
1,487
1,867
2,300

915

854
4,043
5,964

O 01NN KW=

29
34
52
72
29
12
63
83
136

Raw Yes
Raw Yes
Raw Yes
Raw Yes
Raw Yes
Raw Yes
Raw Yes
Calibrated No
Calibrated Yes

Provided
Provided
Provided
Derived
Provided
Provided
Provided
Provided
Provided




Table 4: Per-track statistical significance for test top-3 accuracy. Each encoding is compared with its track baseline. A is the median per-
scenario difference in percentage points. Bold indicates corrected p < 0.05.

Neural network XGBoost
Track Encoding A Paw PHom A Paw  PHolm
Tabular Lat/Lon +3.64 0.016 0.047 +2.00 0.055 0.109
PLE +1.87 0.039 0.078 +1.62 0.008 0.031
Periodic +1.43 0.109 0.109 +0.09 0.844 0.844

BS Bearing  +4.23 0.008 0.031 +3.26 0.008 0.031

Time-series Lag Window —0.85 0.129 0.258 4-0.80 0.098 0.195
Rolling +1.07 0.129 0.258 +1.53 0.359 0.359
BS Geometry +3.23 0.004 0.016 +3.10 0.004 0.016
BS Rolling +4.34 0.004 0.016 -+2.30 0.008 0.023

Table 5: Encoding invariance under positional noise. Values are mean cosine similarities between clean and perturbed test representations,
averaged over three noise realisations within each scenario and then equally across the nine scenarios.

Track Encoding c=1m oc=2m o=5m oc=10m

Tabular Raw Sample 0.921 0.864 0.739 0.585
Lat/Lon 0.894 0.809 0.582 0.375
PLE 0.737 0.608 0.389 0.216
Periodic 0.813 0.628 0.331 0.151
BS Bearing 0.966 0.899 0.677 0.378

Time-series Timestamp 0.950 0.902 0.795 0.659
Lag Window 0.927 0.867 0.742 0.584
Rolling 0.166 0.109 0.067 0.050
BS Geometry  0.572 0.389 0.195 0.094

BS Rolling 0.597 0.423 0.253 0.164
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