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Abstract

Data-driven methods are expected to play an im-
portant role in future sixth-generation (6G) wire-
less systems, where network data can support per-
formance prediction, simulation, and network opti-
mization. However, collecting large and represen-
tative network-performance datasets can be diffi-
cult, which motivates the use of data augmentation.
This study evaluates how different tabular and time-
series augmentation techniques compare when ad-
dressing data scarcity in datasets relevant to future
6G systems. Two regression tasks are studied: a
tabular AMF performance task using XGBoost and
a time-series Python web-server performance task
using an LSTM. Four tabular augmentation meth-
ods are evaluated: Gaussian Noise, SMOGN, CT-
GAN, and TVAE. Four time-series augmentation
methods are evaluated: Jittering, Time Warping,
TS-Mixup, and Frequency-domain augmentation.
The methods are compared using downstream re-
gression performance, statistical realism metrics,
and diagnostic analysis of augmented data and test-
set residuals. The results show that augmentation
does not consistently improve regression perfor-
mance. In the tabular task, all augmentation meth-
ods reduced performance compared with the XG-
Boost baseline. In the time-series task, Frequency-
domain augmentation was the only method that im-
proved the LSTM baseline, substantially reducing
RMSE and MAE, although the final test-set R2

remained negative. The diagnostics suggest that
useful augmentation depends not only on preserv-
ing marginal distributions or value ranges, but also
on preserving task-relevant feature-target relation-
ships and temporal structure. Overall, the findings
show that augmentation effectiveness is method-
and data-type dependent, and that predictive perfor-
mance should be evaluated together with statistical
fidelity diagnostics.

1 Introduction
Reliable and low-latency communication for data-heavy ap-
plications is set to be enabled by the rapid evolution toward
sixth-generation (6G) wireless systems[1]. Future networks
are expected to support increasingly data-driven tasks such
as model training, simulation, and network optimization[2].
However, the effectiveness of these methods is constrained
strongly by the availability of representative data. In real life,
collecting large, diverse and high-quality 6G datasets, orig-
inating from end devices, network infrastructure, or experi-
mental testbeds is difficult since real network measurements
can be very expensive to obtain, limited in coverage, noisy
or imbalanced[3; 4; 5; 6]. This essentially becomes a bottle-
neck for downstream 6G applications, and thus calls for the
necessity of robust data enhancement techniques.

Recent research[7; 6] shows that data augmentation[8][9]
is gradually becoming one of the reliable approaches to ad-

dress the above mentioned issues It is the process of gener-
ating synthetic data from already existing samples and it has
been explored extensively by broader machine learning liter-
ature.

In tabular data, this can be done using simple perturba-
tion methods such as feature perturbation[8], oversampling
methods such as SMOGN[10], or the more recent deep gen-
erative models such as CTGAN[11] and VTAE[11]. In
time-series data, common approaches include methods that
add simple noise such as jittering[12], temporal alignment
modifying methods such as time warping[13; 9], sequence-
mixing methods such as MixUp[14; 15], or frequency rep-
resentation perturbing methods such as Frequency-Domain
augmentations[12; 16]. These methods can potentially im-
prove generalization by giving a model a wider range of train-
ing data. However, despite the availability of such a variety of
augmentation techniques, these methods have not been sys-
tematically compared on datasets relevant to future 6G sys-
tems.

This work addresses this gap by answering the follow-
ing main research question: How do different tabular and
time-series augmentation techniques compare when address-
ing data scarcity in datasets relevant to future 6G systems?
To answer this, two sub-questions are investigated:

• How does each augmentation technique affect down-
stream regression performance?

• How well do augmented datasets preserve statistical re-
alism with respect to the original training data?

To arrive at a solution, the main contribution is a systematic
experimental framework in which we compare four tabular
augmentation methods: feature perturbation, SOMGN, CT-
GAN and TVAE; and four time-series augmentation methods:
jittering, time warping, TS-MixUp and frequency-domain
augmentation. It is conducted in a controlled and repro-
ducible experimental environment.

2 Related Work
2.1 Data augmentation in the 6G context
Data augmentation has become an important technique for
improving ML performance when available data are limited,
imbalanced, or insufficiently representative. By generating
synthetic samples from existing data observations, augmen-
tation can increase diversity and improve model generaliza-
tion. In the context of future 6G systems, data augmenta-
tion is relevant because data-driven network management will
require large and diverse datasets, while collecting real net-
work measurements can be expensive and incomplete[3; 4;
5].

The need for augmentation is particularly important in
wireless and network-performance settings. Wireless data
can have complex structures, including temporal dependen-
cies, channel effects, user mobility, and heterogeneous net-
work conditions. Therefore, simply increasing the number of
samples is not enough. Augmented data should also preserve
the statistical and task-relevant structure of the original data.
If augmentation changes important relationships in the data,
it may reduce downstream model performance instead of im-
proving it[17; 16].



2.2 Related Work
Several recent studies have explored data augmentation in
wireless communication contexts.

Wen et al.[6] studied generative AI for data augmentation
in wireless networks and discussed the potential of generative
models for mitigating data scarcity across physical-, network-
, and application-layer wireless tasks. Their case study used
a diffusion-based approach to generate channel state infor-
mation for Wi-Fi gesture recognition and showed that aug-
mented CSI data can improve recognition performance. This
work demonstrates the potential of generative augmentation
in wireless systems, but it mainly focuses on generative meth-
ods and signal-like wireless data rather than comparing clas-
sical and generative methods on network-performance regres-
sion data.

Serbetci et al.[18] proposed wireless channel-aware aug-
mentation methods for deep-learning-based indoor localiza-
tion. Instead of applying generic transformations directly,
their work used wireless channel and system knowledge to
create augmentations that better match channel behavior.
Their results showed that domain-aware augmentation can re-
duce the burden of data collection and improve localization
accuracy. This highlights the importance of preserving do-
main structure when augmenting wireless data.

Patel et al.[19] investigated conditional GAN-based data
augmentation for automatic modulation classification. Their
work used CGAN-generated signal samples to improve
CNN-based modulation classification when labeled wireless
data are limited. This supports the idea that generative aug-
mentation can be useful in wireless learning tasks, but the
task is classification-based and signal-oriented rather than
regression-based network-performance prediction.

Gajjar et al.[7] proposed LLM-AUG, a framework that uses
large language models for wireless data augmentation in low-
shot RF learning tasks such as modulation and interference
classification. Their results show that augmentation can im-
prove performance under limited labeled data and distribu-
tion shift. However, the focus is again on classification and
RF signal representations, not tabular or time-series network-
performance regression.

The gap. Even though existing wireless augmentation
studies show how useful data augmentation can be in wire-
less communication settings, there has not been systematic
comparison that show how classical perturbation methods,
regression-oriented oversampling methods, deep tabular gen-
erative models, and time-series transformations compare un-
der the same controlled regression framework. This study
addresses that gap by systematically comparing four tabu-
lar augmentation methods and four time-series augmentation
methods on 5G/core-network and cloud-native performance
datasets used as experimentally available proxies for future
6G network-performance data. The methods are evaluated
using both downstream regression performance and statisti-
cal realism metrics.

3 Preliminaries
This section defines the experimental problem setting and in-
troduces the augmentation methods used in this study.

3.1 Problem setting
The experiment consists of two supervised regression set-
tings: one tabular and one time-series setting. In both cases,
the goal is to evaluate whether augmenting the training data
improves downstream prediction performance while preserv-
ing statistical realism.

For the tabular setting, each observation is represented as a
feature vector xi ∈ Rd with a continuous target yi ∈ R. The
training set is

Dtrain = {(xi, yi)}ni=1

A tabular augmentation method creates additional samples

D̃train = {(x̃j , ỹj)}mj=1

which are combined with the original training set. The
downstream model is trained on

Daug = Dtrain ∪ D̃train

For the time-series setting, each input sample is a sliding
window

D̃TS
train =

{
(X̃j , ỹj)

}m

j=1
, X̃j ∈ RT×d

where T is the window length and d is the number of fea-
tures. The target yi is the next-step latency value. A time-
series augmentation method transforms the training windows
into additional windows X̃i, while validation and test win-
dows remain unchanged. This ensures that performance is
measured only on real unseen data.

In this study, the tabular task predicts lat100 from resource
and workload features. The time-series task predicts next-
step lat100 from sliding windows of resource, workload, and
usage features.

3.2 Tabular Data Augmentation
Feature Perturbation (Gaussian Noise)
Gaussian Noise[8] is used as a simple feature-perturbation
baseline. For a feature vector xi, the augmented sample is
created as

x̃i = xi + ϵ,

where ϵj ∼ N (0, σ2s2j ), and sj is the standard deviation of
feature j in the training set. The target is kept unchanged:

ỹi = yi.

This method is implemented manually. It is simple, fast,
and easy to reproduce. It can simulate small measurement
fluctuations.

SMOGN
SMOGN[10] is a regression-oriented oversampling method
designed for imbalanced regression problems. It focuses on
rare or extreme target regions and generates additional sam-
ples using interpolation and Gaussian noise. A simplified in-
tuition is that a synthetic sample is generated between neigh-
boring observations:

x̃ = xi + λ(xj − xi),



where xj is a neighboring sample and λ ∈ [0, 1]. Gaussian
noise may then be added depending on the neighbourhood
structure. In this study, SMOGN is implemented using the
Python smogn package[20].

It targets underrepresented regions of the regression target,
which can be useful when rare high-latency cases are impor-
tant.

CTGAN
CTGAN[11] is a deep generative augmentation method de-
signed for tabular datasets containing mixed numerical and
categorical features. It uses a generator-discriminator frame-
work in which the generator learns to create synthetic tabu-
lar samples, whereas the discriminator will try to distinguish
synthetic samples from real data samples. In this study, CT-
GAN is implemented using SDV’s CTGANSynthesizer[21].
It can generate new combinations of feature and target values
rather than only perturbing existing rows, which can be useful
for complex tabular distributions.

VTAE
TVAE[11] is a tabular variational autoencoder. It is a prob-
abilistic and, similar to CTGAN, deep generative model for
synthetic tabular data generation. It first compresses input
data into a lower-dimensional latent representation, then re-
constructs synthetic samples from the learned latent space.
Unlike GAN-based (Generative Adversarial Network[22])
methods, it utilizes probabilistic latent-space sampling in-
stead of adversarial training, making model training more
stable. In this study, TVAE is implemented using SDV’s
TVAESynthesizer[21].

3.3 Time-Series Data Augmentation
Jittering
Jittering adds random Gaussian noise to each timestep of a
sequence:

X̃t, j = Xt, j + ϵt,j ,

where ϵt,j ∼ N (0, σ2). This method is implemented man-
ually based on standard definitions in time-series augmenta-
tion literature[9].

It is simple and can make a model more robust to small
measurement fluctuations.

Time Warping
Time Warping[9] changes the temporal alignment of a se-
quence by applying a smooth random time transformation.
Conceptually, a warped sequence can be written as

X̃t, j = Xτ(t), j,

where τ(t) is a smooth warped time index and inter-
polation is used when τ(t) is non-integer. It was imple-
mented as a generalized version of the time warp function
from the Uchida Lab time series augmentation repository[9].
It was adapted to handle multivariate windows with shape
(samples, timesteps, features).

It can simulate variation in the speed or alignment of tem-
poral patterns

TS-Mixup
TS-Mixup is a time-series adaptation of the Mixup[14; 15]
principle. Two training windows and their targets are linearly
combined:

X̃ = λXi + (1− λ)Xj ,

ỹ = λyi + (1− λ)yj ,

where λ ∼ Beta(α, α). This method is implemented man-
ually for windowed time-series regression.

It creates smooth intermediate samples and often keeps val-
ues within observed numerical ranges.

Frequency-Domain Augmentation
Frequency-domain augmentation[12; 16] modifies each fea-
ture sequence after transforming it into the frequency domain.
For a feature sequence X·,j , the method can be written as

X̃·,j = F−1(F(X·,j) + η),

where F is the real Fourier transform and η is small com-
plex Gaussian noise added to the Fourier coefficients. This
study implements a simplified FFT coefficient perturbation
baseline inspired by the general frequency-domain augmen-
tation principle described by Wen et al[16].

It perturbs the global spectral structure of the sequence
rather than adding independent pointwise noise.

4 Methodology
4.1 General Experimental Pipeline
The study consists of two experimental tracks: one for tabular
data and one for time-series data, both tracks follow the same
procedure.

First, preprocessing is applied to remove timestamp
columns from the inputs, convert memory-limits to numeri-
cal values, and remove latency percentile columns that would
leak information about the prediction target. The data are split
into training, validation where needed, and test sets.

Then, baseline regression models are trained on the
datasets without augmentation. These baseline models es-
tablish a reference level of predictive performance. The re-
gression model used for tabular and time-series augmenta-
tion are respectively XGBRegressor from XGBoost[23] and
LSTM from Tensorflow[24].

Each augmentation method will then be applied to train-
ing data to generate additional synthetic training samples and
obtain a new augmented dataset, the validation and test sets
remain unchanged.

Finally, after augmentation, the same downstream model is
trained using the augmented dataset.

4.2 Evaluation Metrics
Predictive performance is evaluated on the untouched test set
using RMSE, MAE, and test-set R2. RMSE and MAE are
the primary metrics because they directly measure prediction
error in the original latency unit. R2 is reported as an addi-
tional normalized measure of predictive performance.



Statistical fidelity is evaluated by comparing the aug-
mented training set with the original training set. In this study,
we check if the augmented training data preserve marginal
feature distributions, pairwise numerical relationships, and
observed value ranges.

The KS (Kolmogorov-Smirnov) statistic[25] is used to
compare marginal distributions. For a feature column, it is
defined as

D = sup
z

|Freal(z)− Faug(z)|,

where Freal and Faug are the empirical cumulative distri-
bution functions of the real and augmented data. Lower KS
values indicate more similar distributions.

Correlation Similarity[26] is used to compare pairwise
numerical relationships. For two columns A and B, SDMet-
rics computes a correlation coefficient for the real data and
for the augmented data, then converts the difference into a
similarity score. A score close to 1 means that the pairwise
correlation is similar in the real and augmented data.

Boundary Adherence[26] measures whether augmented
values remain within the minimum and maximum values ob-
served in the real training data. For a numerical feature (j),
this can be interpreted as the proportion of augmented values
satisfying

min(xreal
j ) ≤ x̃j ≤ max(xreal

j ).

Higher Boundary Adherence indicates stronger preserva-
tion of observed value ranges.

For the time-series experiment, realism metrics are com-
puted on a row-level representation derived from all timesteps
in the augmented training windows. This allows the same re-
alism metrics to be applied consistently to both tabular and
time-series augmented training data.

5 Experimental Setup
This section describes the datasets, preprocessing, software
environment, and model settings used in the experiments.

5.1 Software Environment
All experiments were implemented in Python 3.11.0 using
Jupyter Notebook. The main libraries used are the following:

• pandas and numpy for data processing

• scikit-learn for preprocessing and regression metrics

• xgboost.XGBRegressor (3.2.0) for tabular regression

• tensorflow.keras.layers.LSTM (2.17.0) for time-series
regression

• scipy for KS (ks 2samp) and interpolation (CubicSpline)

• matplotlib for plotting

• smogn for SMOGN

• sdv (1.36.2) for CTGAN and TVAE

• sdmetrics for Correlation Similarity and Boundary Ad-
herence

For reproducibility, the random seed was fixed to 42 using
NumPy, Python’s random module, TensorFlow/Keras, and
PyTorch where relevant. TensorFlow deterministic opera-
tions were enabled in the notebook.

5.2 Datasets
This research uses 5G/core-network and cloud-native perfor-
mance datasets as experimentally available proxies for future
6G network-performance data.

AMF Performance Dataset
The AMF Performance dataset[27] is publicly available
through Zenodo. The dataset contains performance measure-
ments collected from the Access and Mobility Management
Function, a core component of the 5G core network architec-
ture.

The dataset contains measurements describing both re-
source allocation and runtime behaviour, including CPU lim-
its, memory limits, CPU usage, memory usage, and the num-
ber of parallel registration requests. In addition, several la-
tency percentiles are provided.

Although originally a time-series dataset, it is used for
evaluating tabular data augmentation techniques because it
can be treated as containing independent observations rep-
resented by numerical feature vectors and continuous regres-
sion targets.

Python Web Server Performance Dataset
The Python Web Server Performance dataset originates from
the same benchmarking framework[27]. It contains measure-
ments collected from containerized Python web servers under
varying workloads and resource allocations. During testing,
ApacheBench was used to generate requests with different re-
quest counts and concurrency levels.

The dataset includes resource-allocation parameters, run-
time resource utilization metrics, workload characteristics,
and response-time measurements.

Although the dataset consists of timestamped observa-
tions, sliding-window segmentation is applied to construct
sequences of observations. This transforms the dataset into
a time-series prediction problem suitable for evaluating time-
series augmentation techniques.

5.3 Pre-processing
For the AMF dataset, 8000 rows were randomly sampled us-
ing random state. The selected input features were ram limit,
cpu limit, ram usage, cpu usage, and n, and the target vari-
able was lat100. The timestamp column, the mean column,
and all remaining latency percentile columns were removed
to avoid target leakage due to high correlation to the target.

For the Python web-server dataset, the first 13000 chrono-
logically ordered rows were used after sorting by times-
tamp. The selected input features were ram limit, cpu limit,
ram usage, cpu usage, n, and c, and the target variable was
again lat100. The remaining latency percentile columns were
again removed because they are highly correlated with the tar-
get feature and would therefore leak target information into
the model. The timestamp column was used only to preserve
chronological ordering and was not used as a model feature.



For the tabular dataset, a random 80/20 train/test split was
used. For the time-series dataset, the raw rows were split
chronologically before window creation. The final 20% of
rows were used as the test portion. From the remaining 80%,
15% was used as a real validation portion for LSTM early
stopping. Sliding windows of length 10 were then created
separately for the training, validation, and test portions. This
avoids overlap between train, validation, and test windows.

5.4 Hyperparameters
For the augmentation techniques, CTGAN and TVAE specif-
ically, the number of generated synthetic samples was set to
50% of the original training-set size. Both synthesizers train
on 500 epochs.

For the downstream regression model XGBRegressor, the
same model configuration was used for the baseline and all
tabular augmentation methods:

• n estimators = 200

• learning rate = 0.05

• max depth = 6

• subsample = 0.9

• colsample bytree = 0.9

• objective = ”reg:squarederror”

• n jobs = -1

For the downstream model LSTM, the same model config-
uration was used for the baseline and all time-series augmen-
tation methods:

• LSTM units = 32

• Dropout = 0.10

• Dense hidden layer = 16 units, ReLU activation

• Output layer = 1 unit

• Optimizer = Adam

• Learning rate = 0.001

• Loss = mse

• Epochs = 100

• Batch size = 64

• Early stopping patience = 5

• Validation split = fixed real validation set

The LSTM target values were scaled during training and
inverse-transformed before computing final regression met-
rics, so that RMSE and MAE were reported in the original
latency unit.

6 Results
In this section, we present the results of the data augmentation
experiments. We first compare the regression performance
and realism of the tabular augmentation methods along with
its baseline, then we do the same for the time-series augmen-
tation experiment.

Method RMSE MAE R2

Baseline 2.523619e+06 9.479656e+05 0.983792
GN 2.728919e+06 9.734254e+05 0.981048

SMOGN 2.866206e+06 1.072793e+06 0.979093
CTGAN 2.972432e+06 1.313823e+06 0.977514
TVAE 2.871573e+06 1.246597e+06 0.979014

Table 1: Benchmark results over the tabular augmentation tech-
niques, namely no augmentation (baseline), feature perturbation
with Gaussian noise (GN), SMOGN, CTGAN and TVAE. We re-
port the RMSE, MAE and R2 for their regression task.

6.1 Tabular Augmentation Evaluation
The effect of augmentations on the AMF performance dataset
are illustrated in Table 1. The baseline XGBoost model
achieved the best result, with RMSE 2.52×106, MAE 9.48×
105, and R2 = 0.9838. All tabular augmentation methods
reduced performance compared with the baseline. Gaussian
Noise was the least harmful method, increasing RMSE by
about 8.1% and reducing R2 to 0.9810. SMOGN increased
RMSE by about 13.6% and reduced R2 to 0.9791. CT-
GAN and TVAE caused larger performance drops (17.8% and
13.8% increase in RMSE), with CTGAN giving the weak-
est tabular result: RMSE 2.97 × 106, MAE 1.31 × 106, and
R2 = 0.9775.

Figure 1: Tabular realism comparison across the baseline and aug-
mentation methods. KS measures marginal distribution difference,
where lower is better. Correlation Similarity and Boundary Adher-
ence measure preservation of pairwise relationships and observed
value ranges, where higher is better.

Figure 1 indicates the recorded tabular realism metrics.
Gaussian Noise produced the most statistically similar aug-
mented training set, with the lowest KS value, 0.0173, and the
highest Correlation Similarity among the augmented meth-
ods, 0.9998. CTGAN and TVAE also had low KS val-
ues, 0.0281 and 0.0392 respectively, and both achieved per-
fect Boundary Adherence. However, their lower predic-
tive performance shows that staying within observed value
ranges does not necessarily preserve the feature-target rela-
tionship. SMOGN had the largest distributional shift, with



Method RMSE MAE R2

Baseline 6.310240e+07 3.453243e+07 −21.997886
Jittering 7.595157e+07 4.380219e+07 −32.317287

TW 7.335879e+07 4.495415e+07 −30.081398
TSMix 1.535801e+08 1.094081e+08 −135.227833
Freq-D 3.158871e+07 1.951103e+07 −4.763150

Table 2: Benchmark results over the time-series augmentation tech-
niques, namely no augmentation (baseline), Jittering, Time Warp-
ing (TW), TS-Mixup (TSMix) and Frequency-Domain augmenta-
tion (Freq-D). We report the RMSE, MAE and R2 for their regres-
sion task.

KS = 0.2447, and the lowest Correlation Similarity, 0.9505,
although it maintained high Boundary Adherence.

6.2 Times-series Augmentation Evaluation
The effect of augmentations on the Python web-server dataset
are illustrated in Table 2. The baseline LSTM performed
poorly on the chronological test set, with RMSE 6.31× 107,
MAE 3.45 × 107, and R2 = −22.00. Jittering and Time
Warping worsened the baseline, increasing RMSE by approx-
imately 20.4% and 16.3% respectively. TS-Mixup performed
worst, increasing RMSE to 1.54 × 108 and reducing R2 to
-135.23. Frequency-domain augmentation was the only time-
series method that improved performance, reducing RMSE
by about 49.9%, reducing MAE by about 43.5%, and improv-
ing R2 to -4.76.

Figure 2: Time-series realism comparison across the baseline and
augmentation methods. KS measures marginal distribution differ-
ence, where lower is better. Correlation Similarity and Boundary
Adherence measure preservation of pairwise relationships and ob-
served value ranges, where higher is better.

Figure 2 presents the recorded time-series realism metrics.
All time-series methods preserved pairwise correlations
very well, with Correlation Similarity values above 0.997.
Frequency-domain augmentation had the lowest KS value,
0.0553, and the highest Correlation Similarity, 0.99997, in-
dicating the strongest preservation of marginal distributions
and pairwise numerical relationships among the time-series
methods. Jittering produced similar KS and Correlation Sim-
ilarity values, but had lower Boundary Adherence, 0.9427.

Time Warping had KS = 0.0601, Correlation Similarity =
0.9973, and Boundary Adherence = 0.9604. TS-Mixup
achieved the highest Boundary Adherence, 0.9703, but also
had the highest KS value, 0.0719, and the weakest predictive
performance.

Overall, the results show that data augmentation did
not consistently improve regression performance. In fact,
for the tabular regression task, all augmentation methods
degraded performance compared with the original training
data. For the time-series regression task, only Frequency-
domain augmentation improved the LSTM performance and
R2 while preserving the statistical fidelity relatively well,
although the resulting R2 remained negative. The realism
metrics provide useful additional information, but they do
not perfectly predict downstream performance.

7 Discussion
This section provides a more detailed analysis of the collected
results and discusses the limitations within this experiment

7.1 Interpretation of the tabular results
The tabular task predicts lat100 from resource and workload-
related features. The baseline XGBoost model achieved the
best performance, suggesting that the original training data
already contained enough information for this prediction task.
This is supported by the diagnostics: the real training and test
sets were highly similar, with an average KS distance of only
0.0173. Therefore, augmentation had limited opportunity to
improve generalization.

Gaussian Noise was the least disruptive tabular method. It
had a low KS distance from the original training data and al-
most no feature-target correlation shift, with an average shift
of only 0.0002. This explains why it caused the smallest per-
formance drop. However, because the baseline was already
strong, the noisy copies did not add useful new information
and slightly reduced performance.

SMOGN changed the training distribution much more
strongly. Its average KS distance was 0.2447, and the mean
lat100 increased from approximately 1.17 × 107 to 2.90 ×
107. This confirms that SMOGN strongly emphasized high-
latency regions. Although this matches the purpose of regres-
sion oversampling, the residual diagnostics show that it in-
creased error in the broader high-latency region and increased
overall MAE. Therefore, the oversampled target distribution
did not align well enough with the test set.

CTGAN and TVAE generated values within the observed
training boundaries, but both reduced regression perfor-
mance. Their diagnostics show that the generated data pre-
served value ranges better than feature-target relationships.
CTGAN had a larger feature-target correlation shift than
TVAE, which is consistent with its larger performance degra-
dation. This suggests that the generated rows were numeri-
cally plausible but less useful for predicting lat100.

Overall, the tabular results show that preserving boundaries
or marginal distributions is not sufficient. For this task, aug-
mentation was only useful if it preserved the feature-target
relationship, and none of the tabular methods improved on
the already strong baseline.



7.2 Interpretation of the time-series results
The time-series task was more difficult because it predicts
next-step lat100 from chronological sliding windows. The
diagnostics show a much stronger train-test distribution shift
than in the tabular task: the average KS distance between real
training and real test data was 0.3787. This supports the poor
baseline LSTM performance and explains why the negative
R2 should be interpreted as poor generalization rather than a
calculation error.

The baseline LSTM strongly over-predicted on the test set,
with a mean residual of approximately −3.04 × 107, and it
over-predicted in about test set,73.7% of test cases. Its er-
ror also increased over time, with MAE rising from approx-
imately 1.54 × 107 in the first chronological test segment to
5.29 × 107 in the final segment. This indicates that chrono-
logical distribution shift was a major difficulty.

Jittering did not address this problem. Although it pre-
served feature-target correlations relatively well, it introduced
boundary violations, with an average violation rate of 5.7%.
It also increased errors in high-latency regions and later test
segments. This suggests that independent pointwise noise
did not create useful temporal variations for next-step latency
prediction.

Time Warping also reduced performance. It caused the
largest lag-1 autocorrelation shift among the time-series
methods, approximately 0.0489. Since the target depends on
the original chronological window, changing temporal align-
ment while keeping the same target likely weakened the rela-
tionship between input windows and next-step latency.

TS-Mixup performed worst. Although it often stayed
within observed value ranges, it had the highest time-series
KS shift and produced severe over-prediction, with a mean
residual of approximately −1.09 × 108. This indicates that
linearly mixing windows and targets created samples that
were numerically valid but not representative of realistic la-
tency behaviour.

Frequency-domain augmentation was the only method that
improved the LSTM baseline. It reduced MAE in all target
ranges and all chronological test segments. It also had the
smallest feature-target correlation shift and the smallest lag-1
autocorrelation shift, approximately 0.00015. This suggests
that it introduced useful variation while preserving temporal
structure better than Jittering, Time Warping, and TS-Mixup.

However, its R2 remained negative, so the result should be
interpreted as a relative improvement over a weak baseline
rather than a fully successful prediction model. The main
remaining challenge is the strong chronological distribution
shift between training and test data.

7.3 Limitations
This controlled experiment has several limitations. Firstly,
only one tabular dataset and one time-series dataset were
used. Both are network-performance datasets relevant to
future 6G network-management scenarios, but they are not
complete representations of all possible 6G data types.

Secondly, the results depend on the chosen downstream
models. Both chosen models in this experiment were known
to be good standards from literature. XGBoost performed

very strongly on the tabular task, leaving little room for aug-
mentation to improve performance. The LSTM, in contrast,
performed poorly on the chronological time-series test set.
Different model architectures and hyperparameters, could
lead to different conclusions.

Thirdly, the realism metrics measure statistical fidelity, not
complete physical validity. KS, Correlation Similarity, and
Boundary Adherence capture marginal distributions, pairwise
relationships, and observed value ranges, but they do not
guarantee that augmented samples obey all real network con-
straints or preserve long-range temporal dependencies.

Finally, the augmentation methods were implemented as
practical baseline variants with fixed parameters. More ex-
tensive hyperparameter tuning or more advanced domain-
specific augmentation methods may produce different results.

8 Conclusions and Future Work
This research explored how different tabular and time-series
augmentation techniques compare when addressing data
scarcity in datasets relevant to future 6G systems. Two exper-
imental tracks were evaluated: a tabular AMF performance
task using XGBoost and a time-series Python web-server per-
formance task using an LSTM. The study compared Gaussian
Noise, SMOGN, CTGAN, TVAE, Jittering, Time Warping,
TS-Mixup, and Frequency-domain augmentation.

The results show that augmentation did not consistently
improve regression performance. In the tabular experiment,
the baseline XGBoost model achieved the best predictive
performance, and all augmentation methods reduced perfor-
mance. Gaussian Noise caused the smallest degradation,
while CTGAN caused the largest degradation. The diagnostic
results suggest that this was because the tabular training and
test distributions were already highly similar, leaving limited
room for augmentation to improve generalization. SMOGN
shifted the target distribution strongly toward higher latency
values, while CTGAN and TVAE preserved observed value
ranges but changed feature-target relationships.

In the time-series experiment, the baseline LSTM gener-
alized poorly to the chronological test set, indicating that
the task was substantially more difficult than the tabular set-
ting. Jittering, Time Warping, and TS-Mixup further reduced
performance. Frequency-domain augmentation was the only
method that improved the LSTM baseline, reducing RMSE
and MAE substantially. Residual and temporal diagnostics
suggest that this method was more successful because it intro-
duced variation while preserving feature-target relationships
and temporal structure better than the other time-series meth-
ods. However, the final R2 remained negative, so the im-
provement should be interpreted as relative improvement over
a weak baseline rather than as a fully successful prediction
model.

These findings answer the research question by showing
that augmentation effectiveness depends on the data type,
downstream model, prediction task, and augmentation mech-
anism. The results also show that statistical realism metrics
are useful for interpreting augmented data, but they should be
considered together with predictive performance and resid-
ual diagnostics. Preserving marginal distributions or value



boundaries alone is not sufficient if the augmented data do
not preserve task-relevant feature-target or temporal relation-
ships.

The main contribution of this work is a controlled compar-
ison of practical augmentation methods for tabular and time-
series network-performance regression tasks relevant to the
6G context. The study provides evidence that augmentation
should not be applied automatically, but should instead be
evaluated using both downstream predictive utility and diag-
nostic measures of data realism.

Future work should evaluate additional datasets, includ-
ing real 6G testbed data when available. It should also test
different downstream models, such as tree-based models on
flattened time-series windows, temporal convolutional net-
works, or transformer-based time-series models. Further re-
search could include multiple random seeds, synthetic-only
realism analysis, feature-target fidelity metrics, and more
detailed temporal-dependency diagnostics. Finally, future
work should investigate domain-specific augmentation meth-
ods that explicitly preserve network constraints and temporal
relationships.

9 Responsible Research
9.1 Reproducibility
All experiments were implemented in Python using a Jupyter
Notebook. The preprocessing steps, augmentation methods,
model training procedures, evaluation metrics, and diagnostic
exports were kept in a single executable workflow to make the
experimental pipeline easier to inspect and rerun. The same
train-test split strategy, feature selection, target variable, and
downstream model configuration were used for the baseline
and augmentation methods within each experimental track.
The experiment can be found in our repository1.

To improve reproducibility, random seeds were fixed
where possible for NumPy, Python’s random module, Tensor-
Flow/Keras, and PyTorch. The main package versions were
also recorded.

9.2 Generative AI usage
Supportive AI tools were used to enhance the quality and ef-
ficiency of this work. They were used to:

• debug code

• assist with grammar, spelling and structural improve-
ment of this paper.

All experimental implementation, analysis of results and con-
clusion are the author’s own.
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