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Abstract— Time-series modelling (TSM) is a critical task for
intelligent vehicles (IVs), covering areas like fault detection,
health monitoring, and inference of road user intentions. In this
study, we present a novel TSM approach for enhancing the ac-
curacy of multi-variate signal forecasting in intelligent vehicles.
Our method leverages advanced Transformer networks within
a relativistic generative adversarial network (RGAN) training
framework. The RGAN training framework efficiently improves
the accuracy of vehicle states forecasting for IV, demonstrating
effective learning of long-time dependencies for more accurate
predictions over extended sequences. Additionally, we introduce
a high-dimensional extension (HDE) built-in block for the time-
series Transformer to explore the impact of higher-dimensional
features on representing long-term sequences. The experimental
data is collected from a real-world electric vehicle testing
bed. We evaluate the proposed RGANFormer framework and
the HDE block on two popular time-series models, namely,
Autoformer and FiLM. The results demonstrate that the
RGANFormer, along with the built-in HDE block, significantly
enhances long-term sequential forecasting accuracy for both
multivariate and univariate tasks.

Index Terms— Time-series, generative adversarial network,
Transformer, multi-task learning

I. INTRODUCTION
A. Motivation

Time series modelling (TSM) finds extensive applications
in intelligent vehicles (IVs). For instance, TSM-based CAN
bus signal estimation plays a crucial role in vehicle fault
detection and tolerance [1], cyber-security [2], and energy
optimization [3]. Accurate forecasting of the vehicle states
can significantly mitigate risks from system faults, malfunc-
tions, and cyber-attacks. Traditional TSM methods for IVs
often rely on conventional signal processing and machine
learning techniques such as support vector machines [4],
random forests [5], and feedforward neural networks [6].
With the recent advancements in deep learning, including
recurrent neural networks [7], and Transformer networks [8],
[9], TSM has become increasingly powerful for sequence
modelling, recognition, and prediction.

Existing TSM approaches face intrinsic challenges and
limitations, with one of the most critical issues being long-
term dependence modelling and prediction. Very long se-
quences can lead to the well-known problems of gradient
vanishing or exploding, significantly affecting the learning
and inference of various machine learning models, including
vanilla recurrent neural networks [10]. Additionally, handling
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very long sequences introduces computational and memory
complexity concerns for TSM [9].

To address the challenges posed by long-term dependence
in time-series modeling, a GAN-based approach has been
proposed in this research. Previous studies have indicated
that GAN-based time-series prediction shows promise for
accurate sequence forecasting [11]. It has been observed
that the introduction of a discriminator in GAN highlights
the capture of long-term dependence, thereby improving
prediction performance at the sequence level [12]. However,
the adaptation of GANs for time-series signals remains an
open question, especially considering the distinct nature
of time-series data compared to images. This study aims
to provide a comprehensive analysis of GAN-based time
series modelling, focusing on the characteristics of the
generator, discriminator, model training, and performance.
Additionally, a High-Dimensional Extension (HDE) block
has been developed for Transformer-based models to enhance
prediction accuracy and address challenges related to long-
term dependencies.

B. Contribution

The contribution of this study can be summarized as
follows.

« A novel RGAN Transformer architecture was developed
and analyzed for accurate time-series forecasting on
IVs.

« We proposed high-dimension extension block that lever-
age the spatiotemporal attention learning blocks to fur-
ther enhance the prediction accuracy.

« We conducted extensive experiment on naturalistic data
and evaluate the HDE block based on different backbone
networks to show the efficiency of HD representation.

C. Paper Organization

This study is organized as follows. First, related works are
discussed in Section II. In Section III, the proposed RGAN-
TF model is introduced. In Section IV, model training and
testing platforms are described, and extensive experiment
results and comparison are proposed. Last, the paper is
concluded in Section V.

II. RELATED WORKS
A. Classical TSM

Conventional statistical models such as Auto Regressive
Integrated Moving Average (ARIMA), Nonlinear autoregres-
sive exogenous (NARX) model, and exponential smoothing
have shown significant efficiency in early TSM tasks, such as
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univariate sequence modelling [13]. However, these methods
have limitations in long-term sequence modelling, gener-
ation, and complex multi-variate signals, therefore, data-
driven machine learning models have become the mainstream
for TSM. Classical machine learning models rely on a
carefully designed feature extraction on the sequence data
before applying these models [14], however, such hand-
crafted feature extraction rely heavily on expert knowledge in
specific domains and do not help to improve the robustness
and generalization of the TSM task. The end-to-end deep
learning-based models, on the other hand, provides a strong
improvement to conventional models. WaveNet was one
branch for TSM with deep convolutional neural networks
[15]. The RNN and its improved version with long-short
term memory (LSTM) or gated recurrent unit (GRU) can
achieve a much significant improvement and generalize very
well in diverse applications such as classification, anomaly
detection, forecasting, and generation [7], [16]. In [17], a
probabilistic forecasting method that predicts future proba-
bility distribution was developed based on an autoregressive
recurrent neural network (DeepAR).

B. Transformer-based TSM

Even though RNN-based models have achieved significant
improvement for many TSM tasks, limitations in very long
and high-dimension sequence modelling still exist. Recently,
Transformer-based time-series models are showing the state-
of-the-art results in many complex tasks such as natural
language processing [18], image/video caption and alignment
[19], as well as time-series modelling and forecasting on
IVs [20]. It was shown that two major weaknesses (locality-
agnostics and memory bottleneck) existed in the vanilla
transformer architecture when modelling the time series [21].
Therefore, multiple efficient backbone Transformer-based
TSM networks were developed to overcome these draw-
backs. In [22], a Reformer network was developed to further
reduce the model complexity and training efficiency by in-
troducing the locality-sensitive hashing for nearest neighbors
and attention allocation in high-dimensional spaces. Based
on these successful architectures, recently more advanced
transformer-based models are developed. For instance, the
current Informer network adopts a ProbSparse self-attention
mechanism with self-attention distilling and generative de-
coder [9]. Autoformer, on the other hand, further improve the
long-term forecasting problem with a novel decomposition
architecture and Auto-Correlation mechanism [23]. Follow-
ing this, currently the Frequency improved Legendre Mem-
ory model (FiILM) [24] and the temporal variation modeling-
based TimesNet [25] are showing further superior and state-
of-the-art (SOTA) performance in fundamental TSM tasks.

C. GAN-based TSM

Since the publication of GAN in 2014 [26], GAN has
been widely applied for many computer vision tasks such
as image/video generation and reconstruction. The zero-sum
game between the generator and discriminator enables GAN
to learn the original data distribution but also enables it

to maintain the diverse generation results of the model.
Recently, GAN has been successfully adapted to the TSM
task and it was found that GAN contributes to stronger
long-term dependence modelling and the integration of the
discriminator provides high-level guidance to the model
training [27]. For example, once the GAN was published, a
recurrent conditional GAN model was developed to generate
near real sequence examples [28]. In [27], a Time-series
GAN model was proposed to strengthen the preservation
of temporal dynamics and temporal correlation in the new
sequence with the original sequence by combining an unsu-
pervised paradigm with the control afforded by supervised
learning. A learned embedding space, which encourages the
network to adhere to the training data is designed to jointly
optimize the supervised and adversarial objectives. GAN-
based TSM can be efficiently used for synthetic sequence
generation and data augmentation. An implicit adversarial
sequential data generation model was developed in [29].
The proposed COT-GAN model designed a Causal Optimal
Transport (COT)-based loss function, which combines the
classic optimal transport methods with an additional temporal
causality constraint.

Considering another application of TSM, GAN-based
time-series forecasting has slightly different and more com-
plex objectives than sequence generation. Specifically, time-
series forecasting requires the model to understand the tem-
poral dynamics for both historical data and future sequences
within a specific horizon. Besides, sequence forecasting can
be more complex and challenging than single-point predic-
tion due to the uncertain nature of time series. To reduce the
Transformer model complexity and improve the sequence
level prediction accuracy, an adversarial sparse transformer
network which adopts the Sparse Transformer to learn the
sparse attention map was proposed in [12].

II1. METHODOLOGY
A. Overall System Architecture

In this study, we introduce a novel RGAN-based Trans-
former framework designed for time-series sequence fore-
casting. The framework comprises two fundamental mod-
ules: the generator and the discriminator within the RGAN-
Former architecture. The discriminator, employing a standard
WaveNet, serves a dual purpose. First, it classifies between
the original and generated sequences. Second, it offers high-
level guidance to the generator, facilitating the learning of
the genuine data distribution from the original sequence.
The generator in the RGANFormer consists of four essential
components: encoder, decoder, high-dimensional sequence
attention, and masked reconstruction. The encoder and de-
coder adhere to the well-established Transformer-based ar-
chitecture such as Autoformer and FiLM, which are two
of the state-of-the-art (SOTA) backbones for TSM. Within
this framework, the sequence convolutional block attention
module (CBAM) [33] is integrated into the backbone model.
This inclusion aims to learn high-dimensional features and
representations from the encoder’s learned feature map,
extracting attentional representations crucial for supporting



predictions in the decoder. Additionally, we introduce an
input reconstruction model post-encoder to reinforce the
model’s comprehension of the input sequence. This unique
contribution module to TSM ensures that the model learns
to predict future sequences accurately based on a robust
understanding of the input distribution.

The overall structure of the RGANFormer framework
is visually represented in Fig. 1. Formally, we define our

observed variable sequence as X = {xi, -+ ,x, | x; € Rt}
and observed target sequence ¥ = {y, -,y |vi € R4}, and
the future target sequence as Yy = {¥i,, " " Vi, Vi € R4},

where both x; and y; can be either multivariate or univariate
sequences with k and d dimensions, #y € N is the historical
observation horizon for the input sequence and 4 € N is the
prediction horizon of the model. The overall target is to
learn a representation model f;, that make accurate sequence
prediction of Y7 = {§,,,,* , 3., } based on the training pair
X and Y following (1) below.

?I% 1045 = S (¥, X3 P) (1

where $p1,. € ?p,ro 1iosn 18 the p™ point-wise prediction
value at time step ¢+ 7T, f,, is the prediction model with
learnable parameters ®.

B. RGANFormer

The Relativistic GAN (RGAN) incorporates a "relativistic
discriminator” to assess the likelihood that a given set of real
data is more realistic than fake data [30]. In comparison to
its non-relativistic counterparts, RGAN exhibits significantly
enhanced stability, resulting in the generation of higher-
quality sample data. Time series data often exhibits complex
long-term and short-term temporal dependencies, with an
emphasis on learning trends, cyclic patterns, and seasonal
trends being crucial. Unlike standard GANs that evaluate
whether an input is real or fake, RGAN is posited to be
more suitable for Time Series Modeling (TSM) tasks. This
is attributed to the relativistic cost function, which proves
beneficial in reinforcing the modelling of long-term and
short-term temporal dependencies. Furthermore, we contend
that RGAN facilitates the emphasis on learning the data dis-
tribution for the generator, bringing it closer to the real data
distribution. These assertions find support in the evidence
presented in the comparative results in Section IV.

Specifically, we apply a relativistic average GAN (Ra-
GAN) model to enable the discriminator to estimate the
probability of the given real data is more realistic than
the fake data, on average. In RaGAN, we can define the
discriminator as D(x) = sigmoid(C(x)), where C(x) is the
non-transformed layer. Let The ®¢ and @ be the parame-
ters for the generator G and discriminator D. The function
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G(X14,Y1.1;0%) generate the prediction Yto 140, Which is
the input to discriminator D. Let D(Y,; 1.1 ; @) be the
output of the discriminator, @¢ and @ are the parameters
of generator and discriminator that to be learned, then the
overall RaGAN loss function can be formulated as the min-
max optimization problem argming maxp Lgacan (@€, 0P).
We follow the same definition for the relativistic loss for
RaGAN Lp_gaGan (0¢,0P) and L_gaGan as used in [30].

Lp_racan(0°,0°) = —Ey,__p[log(D(¥,))]

By, glog1 Dy

LGracan (®G,@D) =—-Ey@ {log ( }
—Ey,~p(log(1-D(Y,))]

where P is the distribution of real data, QQ is the distribution
of fake data. Y, is the real data, and Y is the fake data.

1) Generator: In this study, the generator is constructed
using the Autoformer and FiLM backbone networks. The
RaGAN generator loss is employed to facilitate the learning
of the target data distribution. However, recognizing that this
loss function alone may not efficiently address time-series
data due to potential large quantile errors in the sequence, we
complement it with the mean squared loss (MSE) function
MSE = %Zﬁv (vi —ﬁi)z. This addition of the mean squared
loss function aims to enhance the compensatory aspects of
the adversarial loss in capturing the intricacies of time-series
data.

2) Discrimimator: Time-series signals are often suscepti-
ble to real-world noise, leading to significant uncertainty and
accumulated errors. Additionally, time sequences exhibit di-
verse temporal dependencies and dynamics among features,
including seasonal and trend-cyclical components, as ex-
plored in previous studies [31]. In this research, our objective
is to leverage an adversarial training process, employing a
suitable discriminator to regulate the generator outputs. This
approach aims to enhance the precision of learning the data
distribution at the sequence level. Addressing the adversarial
training challenge between the generator and discriminator,
it is crucial not to implement an overly strong discrimi-
nator. An excessively strong discriminator may hinder the
efficient updating of the generator through the adversarial
training process with backpropagation. Hence, we opt for the
WaveNet model [15], which incorporates stacks of dilated
causal convolutional layers to enable a large receptive field.
This choice is made to strike a balance in the adversarial
training dynamics and foster effective updates within the
generator.

3) Multi-task Loss Function Wrapper: In this study,
we use the homoscedastic uncertainty-based approach [32]
to weigh multiple loss functions by considering the ho-
moscedastic uncertainty of each task. Specifically, following
the definition of the homoscedastic uncertainty weighted
loss, we applied a multi-task learning approach to form the
loss function L and Lp for the generator and discriminator
respectively.

3)

1 1
Lo =55L CA‘+7L —|—10 loiKex 4
< 20']2 G_cl 2(722 mse g0102 4)
1
Lp= 2632 Dyjs_real T o 2LDCls fake +10g 0304 5)

where the cross-entropy loss function is used to calculate
the typical classification loss for the real and generated
samples in the generator Lg oy and discriminator Lp, real
and Lp, fike parts, Ly is the point-wise MSE loss for
the generated samples, o; is the learnable parameter that
represents the homoscedastic uncertainty or the observation
noise.

C. High-dimensional Representation

Another motivation for this study is to analyze the impact
of a high-dimensional representation of the original sequence
data on the long-term prediction task. The hypothesis posits
that introducing a higher dimension into the original feature
map of the sequential signal and learning high-dimensional
attention may contribute to a better representation of long-
term dependencies, thereby benefiting sequential prediction.
Consequently, a sequential CBAM module is designed and
seamlessly integrated into the GAN framework. This module
is conceived to enhance the model’s ability to capture intri-
cate temporal dependencies for improved sequential predic-
tion outcomes.

Specifically, given the original sequential input batch X; €
Rlenxdim " \e yse a fully connected layer and a Transformer
encoder to learn a separate temporal representation and
increase the dimension of X;, such as Xi’ € Rlenx512

X! = Transformer_encl(FC(X;)) (6)

Next, we expand X/ to X/ € Rlenx512x1 354 yse an FC

layer to map X/ t0 X € RIWS12X64 then we switch
the dimensions of Xpgn to Xj,, € RO*/312 and use the
expanded dimension as the channel dimension for CBAM.

Xivion = Me (Xnign) @ Xpigh (7
Jatn = M; (Xkll/igh ) ®Xﬁ/igh (8)

where M,(-) is the channel attention module and M;(-) is
spatial attention module which can be represented as:

M. (Xi/zigh) =0 (MLP (AngOOI (X’;igh))) 9)
+0o (MLP (MaxPool (X,/”-gh)))
M (Xli/igh ) =

o (f3X3 ([Angool (Xfl/igh ) ; MaxPool (Xl:/igh )] )) o

where o denotes the sigmoid function, MLP denotes the
fully-connected layers, and f3*3 represents the convolution
operation with filter size of 3 x 3. Then, the attentional



representation fy, € R/e512 after CBAM and global av-
erage along the channel dimension are passed to another
Transformer encoder for feature representation.

(1)

Last, we sum the feature maps fene, foy;, from the backbone
encoder and the HDE blocks and fed into the decoder part
for final prediction.

frsm = Transformer_enc2 (fum)

D. Model Implementation Details

We utilized a naturalistic dataset collected from an electric
vehicle testing bed. This time-series driving dataset was
acquired on a chassis dynamometer featuring an electric
vehicle operating under typical driving cycles. To simulate
real-world urban driving scenarios, we adopted the standard
New European Drive Cycle (NEDC), combining the Eu-
ropean Union Urban Driving Cycle (ECE) and the Extra
Urban Driving Cycle (EUDC). The data from the CAN
bus, including vehicle speed, acceleration, braking cylinder
pressures from the four wheels, motor states (speed and
torque), and battery states (SOC, current, voltage), among
others, was collected at a sampling frequency of 100 Hz,
with around 120 minutes of driving data utilized. In total 14
signal channels are collected, including the vehicle speed,
acceleration, braking cylinder pressure, and battery states,
etc. A detailed description of the published data can be
found in [1]. The RGANFormer is trained with ADAM
[34] optimizer with an initial learning rate of 8e-5, fB; and
B> equals to 0.5 and 0.99. Batch size is set to 128. All
experiments are implemented in PyTorch and conducted on a
single NVIDIA A6000 48GB GPU. The maximum training
epoch is five due to the use of the large sequential dataset. We
use the initial setup for Autoformer and FiLM backbones,
including the fixed 96-input sequence length and 48-start
token length. The tested prediction horizons are 48, 96, 192,
and 336, respectively. For the HDE, each of the Transformer
blocks contains two Transformer encoder layers and each
layer has eight heads.

IV. EXPERIMENT RESULTS AND ANALYSIS

In this section, we assess the sequence forecasting per-
formance of the proposed method across two typical tasks:
multivariate and univariate forecasting, respectively. For the
multivariate scenario, the input and output can be represented
as X; € R%9%14 and y; € Rpred-tenx14 while for the univariate
case, we only use the cylinder pressure from the front
left wheel for evaluation, where the input and output can
be demonstrated as X; € R%*! and ¥; € Rpred-tenxl  Ag
discussed in Section III.D, there are four different prediction
lengths tested in this study. The typical mean square error
(MSE) and mean absolute error (MAE) are used as evaluation
metrics.

A. Multivariate Time-series Forecasting

We assessed the effectiveness of the RGAN framework
and the HDE block by evaluating eight different mod-
els/combinations. Specifically, RGAN_AF and RGAN_FM

indicate the integration of the Autoformer (AF) and FiLM
(FM) backbone into the RGAN framework. AF only and FM
only refer to using the original model and training process
as described in [23]and [24], respectively.

The performance of multivariate time series forecasting is
presented in Table I. In the upper section of Table I (with
Autoformer backbone), the RGANFormer+HDE combina-
tion achieved the lowest MSE in the four different prediction
cases. Specifically, the MSE for the 48 and 96 cases de-
creased by 37% and 13.4%, respectively, compared to the
original AF-only model. Regarding the MAE metric, the
RGANFormer+HDE model exhibited superior performance
with prediction lengths of 96 and 336, while slightly higher
than the RGAN-only model for the 48 and 192 cases. In
the lower part of the table (with FiILM backbone), the
RGANFormer+HDE also achieved the lowest MSE in all
four cases. However, the MAE values were higher than those
of the initial FILM model. The introduction of the RGAN
framework and HDE block shows a significant contribution
to the Autoformer model, however, the RGAN only model
with FILM network does not show contributions to the 192
and 336 cases.

Fig. 2 illustrates the MSE and MAE of RGAN-
Former+HDE for each signal channel from the EV dataset
with a 48-prediction horizon. Consistent trends are observed
for both the Autoformer and FiLM models. First, focusing
on the MSE, it is evident that the braking cylinder pressures
represent a significant source of substantial MSE for both the
Autoformer and FiLM models. And the battery states (charge
and voltage) present the second major source of difficulty in
achieving accurate predictions, underscoring the challenges
associated with these signals. Conversely, the vehicle states

TABLE I
MULTIVARIATE LONG-TERM FORECASTING RESULTS ON THE EV
DATASET WITH VARIOUS INPUT LENGTH AND PREDICTION HORIZON 438,
96, 192, 336. A LOWER MSE/MAE INDICATES BETTER PERFORMANCE.
THE UPPER PART IS DERIVED WITH AUTOFORMER NETWORK, AND THE
LOWER PART IS DERIVED WITH THE FILM NETWORK.

Models Metrics Prediction Length
48 96 192 336

RGAN_AF + HDE MSE 0.0947 | 0.1712 | 0.2575 | 0.3175
MAE 0.1138 | 0.1127 | 0.1868 | 0.1976
RGAN_AF MSE 0.1372 | 0.1890 | 0.2620 | 0.3245
MAE 0.1046 | 0.1299 | 0.1587 | 0.1859
AF + HDE MSE 0.1463 | 0.1983 | 0.2621 | 0.3240
MAE 0.1091 | 0.1283 | 0.1635 | 0.2046
AF only MSE 0.1519 | 0.1978 | 0.2627 | 0.3199
MAE 0.1136 | 0.1232 | 0.1624 | 0.2136
RGAN_FM + HDE MSE 0.0561 | 0.1199 | 0.1953 | 0.2605
MAE 0.0586 | 0.1023 | 0.1574 | 0.1956
RGAN_FM MSE 0.0572 | 0.1202 | 0.1969 | 0.2657
MAE 0.0524 | 0.1006 | 0.1587 | 0.1967
FM + HDE MSE 0.0576 | 0.0119 | 0.1966 | 0.2595
MAE 0.0510 | 0.0810 | 0.1191 | 0.1571
FM only MSE 0.0581 | 0.1206 | 0.1960 | 0.2621
MAE 0.0516 | 0.0815 | 0.1212 | 0.1591
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Fig. 2. Tllustration of MSE and MAE for multivariate signal forecasting
with Autoformer (Upper) and FILM (bottom) backbone. The signals come
from four main resources, namely, braking cylinder (orange), vehicle states
(purple), motor states (blue), and battery states (green). FL, FR, RL, RR
represent front-left, front-right, rear-left, and rear-right, respectively.

and motor states exhibit lower MSE, indicating a relatively
easier predictability for these signals. Second, in terms of
the MAE, the cylinder pressure and battery states continue
to be the two predominant sources contributing to substantial
prediction errors. Notably, the vehicle states demonstrate
observable and competitive MAE with the Autoformer back-
bone. In the FiLM case, the motor states become the second
significant source of elevated MAE. These consistent trends
across different signal channels underline the complexities
involved in accurately predicting certain signals, providing
valuable insights for future model improvements.

B. Univariate Time-series Forecasting

Univariate forecasting is assessed based on the sequential
data from the braking cylinder of the front left wheel. In
the upper part of Table 2, with the Autoformer backbone,
the RGANFormer+HDE achieved a significant decrease in
MSE in all four cases compared to the original AF-only
model. For the 48-prediction length, the RGANFormer+HDE
exhibited a 32.2% reduction in MSE and an 18.6% reduction
in MAE. The RGANFormer+HDE achieved a lower MAE
in the 48 and 336 cases. Compared to the original AF, the
introduction of the RGAN framework and HDE block also
showed improvement in the MSE case, indicating fewer large
outliers.

The bottom part of the table presents the results with
the FILM backbone. Although, as in the multivariate case,
the performance improvement is less pronounced compared
to the Autoformer case, and the MAEs are higher than
the original model, the MSEs show an overall reduction
in the four scenarios. Specifically, compared to the original
FiLM model, RGANFormer+HDE reduces the MSE by
8.7%, 12.3%, 10.9%, and 7.6% in the four different cases,
respectively.

Based on Tables 1 and 2, it can be concluded that:

e Universal Improvement in MSE with RGAN-
Former+HDE Models: The RGANFormer+HDE
models, whether using Autoformer or FILM backbone,
show a consistent and universal improvement in MSE

TABLE II
UNIVARIATE LONG-TERM FORECASTING RESULTS ON THE EV DATASET
WITH VARIOUS INPUT LENGTH AND PREDICTION HORIZON 48, 96, 192,
336. A LOWER MSE/MAE INDICATES BETTER PERFORMANCE. THE
UPPER PART IS DERIVED WITH AUTOFORMER NETWORK, AND THE
LOWER PART IS DERIVED WITH THE FILM NETWORK

Models Metrics Prediction Length
48 96 192 336

RGAN AF + HDE MSE 0.2695 | 0.4806 | 0.5609 | 0.7065
MAE 0.1626 | 0.2335 | 0.2995 | 0.2795
RGAN AF MSE 0.3995 | 0.4822 | 0.6200 | 0.7218
MAE 0.1882 | 0.2376 | 0.2769 | 0.2603
AF + HDE MSE 0.3915 | 0.5016 | 0.6260 | 0.7041
MAE 0.1678 | 0.2133 | 0.2654 | 0.3320
AF only MSE 0.3980 | 0.5051 | 0.6268 | 0.7230
MAE 0.1929 | 0.1903 | 0.2252 | 0.3002
RGAN_FM + HDE MSE 0.1405 | 0.2714 | 0.4112 | 0.5132
MAE 0.1017 | 0.1863 | 0.2505 | 0.3225
RGAN_FM MSE 0.1449 | 0.2844 | 0.4383 | 0.5286
MAE 0.1010 | 0.1883 | 0.2783 | 0.3119
FM + HDE MSE 0.1536 | 0.3078 | 0.4565 | 0.5523
MAE 0.0842 | 0.1318 | 0.1818 | 0.2174
FM only MSE 0.1539 | 0.3096 | 0.4617 | 0.5558
MAE 0.0815 | 0.1329 | 0.1788 | 0.2176

across different prediction lengths. This suggests that
the integration of RGANFormer+HDE models with
either Autoformer or FiLM backbone is effective in
enhancing performance.

« Limited Contribution to MAE Reduction: Though the
HDE block can slightly reduce the MAE, the integration
of RGAN and HDE does not lead to a significant reduc-
tion in MAE when compared to the original Autoformer
and FiLM models. This is especially notable in the case
of the FILM model. Therefore, there is a suggestion for
future work to conduct more channel-wise analysis and
explore additional backbone models to further evaluate
and improve MAE.

« Efficiency of RGAN and HDE Blocks for MSE Im-
provement: It is concluded that either the RGAN or
HDE block can be effectively utilized to enhance model
performance, specifically in terms of MSE. This ef-
ficiency holds true across different models and tasks,
indicating the robustness and versatility of the proposed
methods for various scenarios.

In summary, the study suggests the effectiveness of
RGANFormer+HDE models with Autoformer or FiLM back-
bone in improving MSE universally, while also highlighting
the need for further exploration and analysis, especially in
terms of MAE reduction and the potential use of more
backbone models for evaluation

V. CONCLUSION

In this study, we developed a RGAN-based adversarial
training framework for time-series signal forecasting in intel-
ligent vehicles. We believe that accurate predictions for key
vehicle states can enhance various onboard functions, such



as active safety, energy management, and cybersecurity. In-
troducing a new high-dimensional extension block for more
accurate temporal pattern representation, we combined the
RGAN and HDE block to demonstrate increased prediction
accuracy for both multivariate and univariate scenarios. Our
results show that both the proposed RGAN framework and
the HDE block are independent of specific models, and
we tested their efficiency with two different state-of-the-
art baselines (Autoformer and FiLM). The findings indicate
that the proposed method can adapt to different models and
contribute to more accurate long-term time-series forecast-
ing. Future work will focus on 1) developing more energy-
efficient independent blocks for time-series modelling, 2)
integrating explainable blocks for more complex signals, and
3) conducting system testing using more challenging real-
world scenarios.
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