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Abstract
Modeling metal forming processes, and specifically ring rolling as considered in this research, is crucial for process design 
and the development of new product variants. Although finite element simulations and analytical modeling are common 
practices to perform process predictions, they can still present limitations such as high computational time, adherence to 
reality, and modeling accuracy. Trying to address all the above, this research proposes a novel generative machine learning 
solution for the creation of accurate and physics-compliant synthetic data for the ring rolling process, enabling almost real 
time and accurate process modeling within latent space. The proposed data generation method is based on multivariate 
generative adversarial network (GAN) combined with a physics-guided neural network (PGNN) to incorporate constraints 
relevant to the ring rolling process and integrate them into an auxiliary loss granting physical consistency. The proposed 
GAN architecture is then annotated as a physics-guided auxiliary GAN (PG-A-GAN). The physical constraints introduced are 
relevant to an analytical slip-line model for the force, a surrogate model for the torque, volume consistency, and an analytical 
model for the time–diameter relationship. Considering the duality of the physical modeling approach for the force and torque, 
where data-driven machine learning is stirred by analytical models, the proposed approach is defined as analytical transfer 
learning. Findings reveal that employing PGNNs in the GANs learning process improves physical loss in data generation, 
combined with a slight increase in data distribution similarity with respect to experimental instances. To enable modeling 
of specific and customized rolling instances, a condition based on the final sought ring geometry was introduced, within an 
auxiliary classifier generative adversarial network (ACGAN) framework. The proposed architecture allows the generation 
of multivariate, physically constrained, rolling time series and highlights the feasibility of such a modeling approach within 
the latent space and might be extended to other manufacturing processes by adapting modeling and retraining the proposed 
architecture.

Keywords  Generative adversarial networks (GANs) · Physics-informed neural networks (PINNs) · Transfer learning · 
Process modeling

Introduction

Ring rolling is a wide-spread manufacturing technology 
utilized to produce seamless rings employed in various key 
industrial sections, among them aerospace, heavy machinery, 
and energy (Allwood et al., 2005; Berti et al., 2015). Con-
sidering the complex interaction between the tools and the 
ring, and the incremental nature of the process itself, the last 
50 years have seen a world-wide effort to shed light on these 
complex relationships by developing a large variety of mod-
els belonging to different categories (Allwood et al., 2005).

Up to the early 1990s, most of the work on the ring roll-
ing process saw the predominance of analytical modeling, 
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coupled with experimental characterizations for validation 
purposes, for the prediction of the diameter expansion (Hua 
& Zhao, 1997), radial force and torque (Hawkyard et al., 
1973), and pressure distribution (Mamalis et al., 1976). 
Afterwards, the rise of finite element analysis (FEA) as 
the investigation tool of choice allowed for the develop-
ment of process simulations for the ring rolling process 
(Kim et al., 1990), followed by a full array of research on 
various aspects, including geometrical expansion, pressure 
distribution, and torque (Yea et al., 2003). It is worth not-
ing that analytical, or empirical, models have often been 
used in conjunction with FEA analysis either for validation 
purposes, (Berti et al., 2015; Quagliato et al., 2018), for vir-
tual modeling considering the influence of various process 
parameters on process outcomes (Wang et al., 2010), and for 
formability estimation (Kil et al., 2015). On top of that, it 
ought to be pointed out that most of the recent work on ring 
rolling focusses mostly on profiled rings (Mirandola et al., 
2022), with a clear focus on the deformation behavior (Ge 
et al., 2025), process control (Lafarge et al., 2021), and force 
and torque prediction by machine learning (Raftar & Parvizi, 
2018). Though scholars shifted their focus from flat to pro-
filed ring rolling, most of the industrial compartment, and 
the relevant R&D departments, are still employing, research-
ing, and improving the flat ring rolling process (Arthington 
et al., 2020; Hua et al., 2017). This fact highlights the need 
for this research and provides a background for the applica-
tion scenarios envisioned for the developed model, presented 
further on.

As summarized so far, throughout the last five decades, 
scholars focused on the ring rolling process by employ-
ing analytical, empirical, FEA, and more recently machine 
learning modeling approaches with various aims, among 
which process analysis, force and torque prediction, and 
process control. In this regard, the introduction of machine 
learning led to huge progress in the field of manufacturing 
engineering (Quagliato et al., 2025) and especially metal 
forming (Cao et al., 2024). Accordingly, it is perhaps not 
surprising that some of this effort was oriented towards 
machine learning applications for the ring rolling process.

From a general perspective, machine learning (ML) has 
been employed in manufacturing engineering for more than 
a decade, though the last 5 years saw an exponential growth 
in research and publications. In this regard, the common 
approach involves the data collection, or ad-hoc database 
generation, for the training of the relevant models (Miran-
dola et al., 2021). Recent examples involve blank optimiza-
tion design for the cross-rolling process based on the Artifi-
cial Neural Network (ANN) (Deng & Mao, 2015), process 
parameters optimization for the radial–axial ring rolling 
(RARR) process (Lee et al., 2023), and Differential Evolu-
tion (DE)-optimized ANN model for the prediction of force 
and torque in the RARR process (Parvizi & Raftar, 2019). 

Other interesting machine learning applications, relevant to 
the ring rolling process, see the utilization of a Radial Basis 
Function Neural Network (RBFNN), optimized through 
a Genetic Algorithm (GA), for the prediction of the ring 
throughout the process by analyzing the position of the tools 
(Wang et al., 2017). Besides that, combinations of different 
machine learning models in an architectural manner also 
showed to be beneficial on the training performance and 
shown recently for the fatigue life estimation of the mandrel 
of ring rolling mills (Moser et al., 2025).

Although the contributions summarized in the last para-
graph provide powerful methodologies for process control 
and optimization, they also require the establishment of a 
dataset on which to be trained and are also susceptible to 
difference in the features distributions when predicting either 
within or outside of the latent space. Modified versions of 
Physics-Informed Neural Networks (PINNs), defined as 
Expert-Informed Neural Networks (EINNs), can also be 
employed for an effective modeling also outside of the 
latent space, but require a time-consuming equation discov-
ery phase, which might be impractical for some industrial 
applications (Modanloo et al., 2025).

To address these potential limitations, Transfer Learning 
(TL) approaches are being currently used in various manu-
facturing modeling applications (Li & Zheng, 2020), and 
the ring rolling process is no exception. In this regard, TL 
has been used in the ring rolling process to investigate ring 
roundness by classification tasks employing experimental 
and synthetic data (Seitz et al., 2023) generated by Genera-
tive Adversary Neural Networks (GANs). TL also showed 
to be highly beneficial in scenarios where full retraining 
is not possible or would lead to poor performance due to 
the lack of sufficient data in the target domain (Fernandez 
et al., 2025) and to overcome limitations in data sharing 
among different institutions (Guo et al., 2024). Indeed, TL 
can reduce the computational effort and time required for an 
efficient deployment of effective machine learning solutions 
with minimum retraining, but a crucial aspect is represented 
by the dataset employed for the initial training or for the sub-
sequent domain adaptation by TL. In this regard, the com-
bined application of synthetic data generation for the initial 
pre-training and TL for the fine tuning was recently demon-
strated for the case of part classification in manufacturing 
engineering (Ruediger-Flore et al., 2023). In this sense, high 
quality synthetic data are the most viable option to reduce 
the data generation, and post-processing, but require careful 
design to avoid introducing bias in the dataset, subsequently 
reflected in the training process.

One of the most employed approaches for synthetic data 
generation is based on the auxiliary classifier generative 
adversarial network (ACGAN), an improved version of 
GANs where both generator and discriminator are trained 
to predict the correctness likelihood as well as a target 
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variable class. The latter characteristic influences the gen-
erator in creating more meaningful samples and sharpens 
the discriminator in its evaluation of the correctness of the 
generated sample (Petrik et al., 2023). ACGAN modelling 
has been already employed in different industrial applica-
tions, such as additive manufacturing for the generation of 
reliable melt pool images in laser power bead fusion additive 
manufacturing (Petrik et al., 2023), working patterns gen-
eration in metal-melting induction furnaces and continuous 
casting machines (Bazarbaev et al., 2022), and ring qual-
ity prediction in the RARR process (Fahle et al., 2022). It 
is worth pointing out that other than ACGANs also other 
methodologies have been employed for synthetic data gen-
eration, such as variational autoencoder (VAE), (Ferré et al., 
2025), and conditional variational autoencoder (CVAE), 
(Liu et al., 2024). However, VAE is a purely probabilistic 
auto-encoding model without adversarial loss or label condi-
tioning whereas CVAE maximizes a variational lower bound 
on the data likelihood, yielding blurrier outputs but provid-
ing a solid probabilistic encoder–decoder model. On top of 
that, also copulas (Restrepo et al., 2023) and diffusion-based 
models (Yi et al., 2024) have been proposed in the recent 
literature as alternatives to generate synthetic data, but the 
structure of the conditional part of the framework can make 
the integration of customizable constraints based on user 
knowledge or physical laws non-trivial, as intended in this 
research.

As summarized so far, ring rolling is a key manufacturing 
process and has been investigated by various employing ana-
lytical modeling, FEA, and, more recently, machine learning 
approaches. As concerns the data-driven machine learning 
methodologies, although they demonstrated high predic-
tion accuracy, they are still limited by the need for database 
generation and pre-processing. To alleviate this burden, 
synthetic data generation approaches have been proposed in 
the literature, but their data-driven architecture makes them 
prone to lose focus on the overall governing behavior of the 
system, ruled by physics-bounded rules.

To this end, recent reviews highlight physics-informed 
machine learning (PIML) as a rapidly expanding direc-
tion across manufacturing, emphasizing its role in improv-
ing generalization and reliability when data are limited or 
operating conditions shift (Ra et al., 2026). In the struc-
ture–property context of the additive-manufacturing process, 
Faegh et al. (2025) synthesize how embedding mechanis-
tic knowledge into learning pipelines helps connect sparse 
experiments with high-dimensional process signatures in a 
physically meaningful way. Focusing specifically on metal 
additive manufacturing, Farrag et al. (2025) discussed how 
physics constraints can reduce the dependence on exhaus-
tive datasets and enable more trustworthy prediction and 
control under varying process regimes. Beyond reviews, the 
differentiable PIML formulation proposed by Oddiraju et al. 

(2025) and (Modanloo et al., 2025) exemplifies how hybrid 
physics–ML models can be structured to support fast, opti-
mization-ready surrogates for well-established yet complex 
manufacturing processes. However, most PIML efforts in 
manufacturing focus on prediction and control, whereas the 
complementary problem of generating physics-consistent 
synthetic datasets, particularly to support data augmentation 
and transfer learning across domains has received far less 
attention despite growing interest in generative backbones 
such as diffusion and transformer-based sequence models 
(Ogoke et al., 2024; Sikder et al., 2025).

Building on the needs summarized in the previous para-
graphs, this work introduces a novel Generative Adversarial 
Neural Network (GAN) enhanced with a physics-guided 
auxiliary loss, enriching the adversarial learning framework 
with the principles of Physics-Informed Neural Networks 
(PINNs). By embedding key process constraints directly into 
the discriminator, the model generates synthetic ring rolling 
data that is not only statistically realistic but also physically 
consistent. The approach delivers sub-millisecond runtimes, 
orders of magnitude faster than finite element simulations, 
making it possible to produce vast, high-fidelity datasets for 
transfer learning, process modeling, and data augmentation. 
Moreover, both unconditioned and conditioned synthetic 
data generation were implemented, showing the reliability 
and effectiveness of the proposed solution in both scenarios. 
Beyond its immediate application to ring rolling, the pro-
posed framework establishes a generalizable pathway for 
integrating physics into generative models for manufactur-
ing science both in unconditioned and conditioned GAN 
applications.

In this research, the training dataset, composed of 129 tan-
gential cold ring rolling (TCRR) experiments, is presented 
in Sect. “Tangential cold ring rolling experiments” and rep-
resents the dataset employed at different stages throughout 
this research. Additional information relevant to the material 
characterization, Sect. “Material characterization”, and the 
TCRR FEA model employed for analytical transfer learning 
and surrogate model tuning, are reported in Sect. “Finite 
element model implementation”. In this research, the term 
analytical transfer learning (ATL) is used operationally to 
describe the adaptation of pre-defined analytical equations 
for the ring rolling process by learning data-driven correc-
tion factors for their coefficients. This adaptation is achieved 
by using machine input and ring geometry to tune trainable 
parameters that reduce the mismatch between the analyti-
cal formulation and the target experimental domain. In this 
sense, ATL is related to the general idea of transfer learning 
(Pan & Yang, 2010), in that a pre-existing model structure 
is adapted to a specific target setting. However, ATL is not 
introduced here as a new general transfer-learning theory, 
rather as a task-specific hybrid modeling concept for the 
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present work, combining analytical process knowledge with 
data-driven surrogate correction.

Due to the variety of approaches and modelling techniques 
employed in this research, a summary of the content organi-
zation of chapter 3 is provided in the following paragraphs. 
First, after a summary of the works related to this research, 
presented in Sect. “Fundamentals of GAN modeling by deep 
convolutional neural network (DCNN)”, the theoretical back-
ground and the implementation for the baseline DCGAN, for 
unconditioned modeling, and ACGAN, when a condition 
on the synthetic data generation is imposed, are presented 
in Sect. “Deep convolutional GAN (DCGAN) model imple-
mentation”. The custom-made observer module enabling for 
the selection of the optimal generator model for the DCGAN 
benchmark model, based on the properties of the gener-
ated data distribution, is reported in Sect. “Observer for the 
DCGAN model”. Coming now to the proposed methodol-
ogy, the physical modelling methodology for rolling force and 
torque, volume consistency and the time-diameter relationship 
is presented in Sect. “Physics-informed and analytical transfer 
learning loss modeling” to establish the prerequisites for phys-
ics integration in the data generation process through physics-
guided auxiliary GAN (PG-A-GAN) and includes also the 
analytical transfer learning modeling. The aim of Sect. “Phys-
ics-informed and analytical transfer learning loss modeling”, 
core of the proposed approach, is twofold. On the one hand, it 
presents the implementation of the analytical models for ring 
outer diameter prediction and volume consistency throughout 
the process time. On the other hand, it also focusses on the 
surrogate models for the rolling force and torque, built to cor-
rect the analytical predictions to have a higher adherence to 
the real (experimental) data distribution, and based on both 
experimental and finite element results. The last section of 
chapter 3, namely Sect. “Benchmark, physics-guided, and 
conditional implementations”, summarizes the key results of 
the analytical transfer learning process, in terms of setting and 
tuning of the force and torque surrogate models, the analysis 
steps between the benchmark DCGAN and the proposed PG-
A-GAN, and lastly the conditional synthetic data generation. 
It ought to be pointed out that the conditional synthetic data 
generation is applied only by employing the proposed PG-A-
GAN, resulting in the definition of an auxiliary conditioned 
PG-A-GAN, or AC-PG-A-GAN.

The results chapter 4 is subdivided into three sections, each 
one relevant to one of the key modeling aspects introduced in 
chapter 3. First, Sect. “DCGAN with custom-observer syn-
thetic data generation (benchmark model)” presents the results 
of the baseline and unconditioned DCGAN and is intended 
to provide a state-of-the-art (SOTA) benchmark for the pro-
posed modeling approach. This is followed by the presenta-
tion of the results for the unconditioned PG-A-GAN, together 
with the comparison with the performance of the benchmark 
DCGAN, supplemented by the custom-made observer module 

of Sect. “Observer for the DCGAN model”, as summarized in 
Sect. “PG-A-GAN: synthetic data generation”. The last sec-
tion of chapter 4 is represented by the application of the AC-
PG-A-GAN for the real-time generation of rolling time series 
for differing ring dimension conditions within latent space. 
The methodology and structure of the paper are presented in 
Fig. 1. The proposed integration of physics-guided constraints 
into DCGANs, together with the custom observer for model 
selection and the conditional synthetic data generation via the 
AC-PG-A-GAN, represents a step forward in process mod-
eling and synthetic data generation for tangential cold ring 
rolling. As a remark it ought to be pointed out that, beyond 
this specific case, the PG-A-GAN framework proposed in 
this research offers a transferable methodology that can be 
extended to other manufacturing processes.

Experimental and finite element analyses

The aim of this first section is to provide the details rel-
evant to the experiments and finite element simulations 
employed at different stages in this research. To this end, a 
summary of the ring rolling experiments is summarized in 
Sect. “Tangential cold ring rolling experiments” and is fol-
lowed by the properties’ characterization for the ring mate-
rial, Sect. “Material characterization”, employed in the defi-
nition of the finite element model, detailed in Sect. “Finite 
element model implementation”.

Tangential cold ring rolling experiments

Tangential cold ring rolling (TCRR) experiments were 
carried out on a retrofitted UPWS 31,5.2 from Profiroll 

Fig. 1   Schematic diagram of this research. The DCGAN (Deep Con-
volutional Generative Adversarial Network) represents the benchmark 
for the proposed physics-guided auxiliary GAN (PG-A-GAN) and 
includes physics-informed loss, analytical transfer learning loss, and 
observer loss. Note, that (1) represents the initialization of the genera-
tor while (2) the condition which can be applied for the generation of 
specific synthetic data (e.g. a condition on the final geometry)



Journal of Intelligent Manufacturing	

Technologies GmbH, as shown in Fig. 2a. A simplified 
schematic of the process and the active tools is presented 
in Fig. 2b. During the forming operation, the main roll 
advances toward the mandrel at a defined feed rate while 
rotating at a specified speed resulting in a reduction of the 
ring thickness while the inner and outer diameters expand. 
In the employed TCRR process, the mandrel is free to rotate 
with the ring along its axis while the guide rolls are used to 
stabilize the ring throughout the process. The forming pro-
cess terminates when the main roll gets in contact with the 
mandrel. The rolling machine employed in the experiments 
is equipped with different sensors to record the process 
parameters, id est the main roll displacement, ring growth, 
rolling force and rolling torque.

The displacement of the main roll is recorded with a 
linear displacement transducer, the ring growth is meas-
ured using two metering rolls and a potentiometer, while 
both rolling force and torque are measured using strain 
gauges. All measurement signals are acquired via a data 
acquisition device (HBM QuantumX). An example of the 
above-mentioned experimental outputs for a ring with an 
initial outer diameter of 63 mm, 6.5 mm thickness, and 
19 mm height, and processed with a mandrel feed rate 
of 0.2 mm/s, a main roll rotational speed of 100  rpm, 
and 15 bar of pressure for the guide rolls are reported in 
Fig. 2c.

As summarized at the end of the previous chapter, and 
depicted in Fig. 1, the discriminator verifies to adherence to 
reality of the synthetic data provided by the generator based 

on a user-defined dataset. In this research, this dataset has 
been defined considering a total of 129 instances extracted 
from the experimental results carried out employing the set-
up described in Fig. 2a.

Each instance is composed of six features, namely time 
[s], outer diameter [mm], ring thickness [mm], rolling force 
[kN], rolling moment [Nm], and centering force [bar]. The 
summary of the experimental levels employed for the gen-
eration of the dataset is provided in Table 1 while the final 
geometry is controlled by the roll gap.

Material characterization

In this investigation, all the rings were manufactured by 
employing the 100Cr6 steel (1.3505, AISI 52100), a mate-
rial commonly used in the bearing industry due to its high 
hardness and wear resistance, and the ring preforms were 
cut from a seamless, soft annealed steel tube. The 100Cr6 
steel mechanical properties were determined by performing 
compression tests on cylindrical samples at room tempera-
ture, Fig. 3a.

The compression tests were conducted on cylindri-
cal specimens (Ø5.8 mm × 6.3 mm) following the guide-
lines of DIN 50106. The plates of the testing machine 
were precision turned and polished to achieve a parallel-
ism of 0.005 mm. To minimize frictional effects between 
the specimen and platens, a thin PTFE film was placed on 
the platens. The specimens were positioned centrally on 
the lower platen, and the upper platen was equipped with 

Fig. 2   a Tangential cold ring rolling (TCRR) at the TU Dresden and b corresponding schematic illustration. c Example of experimental outputs 
for a ring with an initial outer diameter of 63 mm
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a spherical seat to ensure automatic alignment, so that the 
loading axis coincides with the specimen axis. Two different 
strain rates were applied: 0.00025 s−1 for determining the 
Young’s modulus, and 0.0067 s−1 for capturing the plastic 
behavior. The tests were carried out on a 250 kN universal 
testing machine from Hegewald & Peschke. Deformation 
of the compression samples was recorded using an ARA-
MIS 4 M system for digital image correlation. Various flow 
stress models were employed for fitting the experimental 
true stress–strain curves, as shown in Fig. 3, and for each 
method the R2 value was calculated to assess the fitting 
performance. Among them, the Voce and Swift models 
exhibited the highest correlation, and, for this reason, the 
Voce model was considered and calibrated to the following 
constants: �p = 518.64 + 337.78 ∙ (1 − e−20.27⋅�p ) . As a final 
remark, since the temperature during cold TRR does not 
exceed 100 °C, thermal effects were neglected.

Finite element model implementation

In this research, 3D finite element (FE) simulations were 
implemented for the calibration of the friction coefficient 
during the TCRR process, to be subsequently employed for 
the empirical torque model considered in the definition of 
the analytical transfer learning scheme, as shown in Fig. 1. 
To this end, the commercial software LS-DYNA version 
14.0.0 was employed considering a standard explicit algo-
rithm solution and by modeling only half of the ring to mini-
mize the computational time. In the FE simulations, the ring 
is discretized into approximately 13 k solid elements using 

brick solid element with 8 nodes and one integration point, 
ELFORM 1 in LS-DYNA, while a mass time scaling factor 
of 2 was applied to further reduce computational effort. The 
contact conditions between the ring and the tools were mod-
eled using the Coulomb model with a friction factor of 0.15, 
calibrated to match the experimental results. The simulation 
was implemented for an average of approximately 330 core 
hours, utilizing 32 cores on an Intel® Xeon® Platinum 8470 
processor within the high-performance computing system of 
the Technical University Dresden.

Each FE simulation was optimized to minimize the dif-
ferences between experimental and numerical results for the 
outer diameter expansion, rolling force, and rolling torque by 
adapting the friction coefficient. In other words, starting with 
the above-mentioned value of 0.15, the friction conditions 
allowing for the best representation of the 3 selected target 
outputs, and for each simulation, were inversely calibrated 
by FE analyses employed the model presented in this sec-
tion. An example of the FE results, superimposed on the 
relevant experimental results, for a 63 mm outer diameter, 
6.5 mm thickness, and 19 mm height ring is shown in Fig. 4 
in terms of outer diameter, rolling force and rolling torque 
over the process time.

The reason for implemented FE simulations for the TCRR 
process is twofold. On the one hand, FE results offer a pre-
cious insight into the contact conditions among mandrel, 
main roll, and the ring, crucial for the definition of a reliable 
contact length to be employed in the force estimation model, 
as defined in subsequent Sect. “Physics-informed and ana-
lytical transfer learning loss modeling”. On the other hand, 

Table 1   Factors and levels 
employed in the TCRR 
experiments for the definition of 
the experimental dataset

Factor Levels Mean SD

Initial ring outer diameter (mm) 60, 60.75, 61, 61.5, 62.25, 63 61.417 1.08
Initial ring thickness (mm) 5, 5.375, 5.5, 5.75, 6.125, 6.5 5.708 0.54
Ring height (mm) 19 19 -
Roll gap (mm) 4.2, 4.4 4.3 0.141
Mandrel feeding speed (mm/s) 0.05, 0.1, 0.15, 0.2, 0.25, 0.3 0.175 0.094
Main roll rotational speed (rpm) 50, 63, 80, 100, 125 83.6 29.788
Guide roll pressure (bar) 7, 10, 15 10.667 4.041

Fig. 3   Fitting of the 100Cr6 
steel true plastic strain by 
various flow stress models with 
relevant R2 correlation
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the calibration of the friction coefficient, as described in the 
previous paragraph, is also essential for the estimation of 
the rolling torque from the rolling force, also summarized 
in Sects. “Physics-informed and analytical transfer learn-
ing loss modeling” and “Benchmark, physics-guided, and 
conditional implementations”.

Process modeling and synthetic data 
generation

This chapter presents first a summary of the work relevant to 
this research in terms of GANs including both deep convo-
lutions (DCGANs) and ACGANs. It ought to be remarked 
that DCGANs are employed for unconditioned synthetic 
data generation while ACGANs include one or more class 
labels to steer data generation towards user-selected con-
ditions. In other words, for the case of the TCRR process 
and the research hereby considered, applying an ACGAN 
instead of a DCGAN implies considering a condition, for 
instance on the final geometry of the ring, when generating 
synthetic data.

The introduction to GANs architecture presented in 
Sect.  “Fundamentals of GAN modeling by deep con-
volutional neural network (DCNN)” is required for the 
understanding of how the DCGANs model, presented in 
Sect. “Deep convolutional GAN (DCGAN) model imple-
mentation”, was coupled with a custom-developed observer 
unit, as shown in Fig. 1 and explained in Sect. “Observer 
for the DCGAN model”, and employed as the benchmark 
algorithm in this research. This is followed by the introduc-
tion to the concept of physics-guided GANs, its implementa-
tion in this research, and afterwards by the presentation of 
the details on both physics-guided and analytical transfer 
learning models employed as auxiliary losses for the defini-
tion of the proposed physics-guided auxiliary GAN (PG-
A-GAN), as per Sect. “Physics-informed and analytical 
transfer learning loss modeling”. Finally, Sect. “Benchmark, 

physics-guided, and conditional implementations” is devoted 
to a summary of the key modeling approaches employed in 
this research to provide a pathway guiding the understanding 
and interpretation of the results chapter 4. In summary, this 
chapter presents the fundamentals associated with GANs, 
the current state of the art, and introduces the proposed 
extension through physics-guided auxiliary loss and the nec-
essary results to implement the unconditioned PG-A-GAN 
and the condition label-driven AC-PG-A-GAN.

Fundamentals of GAN modeling by deep 
convolutional neural network (DCNN)

The modeling approach employed in this research is a gen-
erative adversarial neural network (GAN) (Goodfellow et al., 
2014) with a deep convolutional network (DC) (Krizhevsky 
et  al., 2017) architecture within the GAN. In a second 
step, a condition for ring geometries is implemented using 
ACGANs (Odena et al., 2017). A GAN is a framework for 
data generation that combines two models in an adversarial 
process. The generator (G) predicts samples ( ̂x ) reflecting 
the data distribution from a noise vector (latent space vector) 
pz(z) and the discriminator (D) estimates the probability of 
the data's origin. During adversarial training, the discrimina-
tor hyperparameters are optimized to maximize the correct 
assigning of the labels or, in other words, whether the data 
being tested is real or synthetically generated. In this regard, 
the probability that the sample x is from the dataset and not 
from the generator distribution pg , is described by D(x).

In the adversarial training, the generator’s objective is to 
fool the discriminator by making D(G(x)) as close as pos-
sible to 1 so that the discriminator minimizes 1 − D(G(z)) . 
In the ideal case, represented by the GAN equilibrium, the 
discriminator loss is equal to 0.5, which happens if the gen-
erator’s output distribution exactly matches the real data 
distribution. The adversarial game can be summarized by 
the value function V, (Goodfellow et al., 2014), that takes 
logarithmic loss functions into account and is defined to:

Fig. 4   Examples of experimental and FE results for a selected instance
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For modeling the generator and discriminator, architec-
tures capable of time series inputs are required. For this rea-
son, in this research, the deep convolutional neural networks 
(DCNNs) (Krizhevsky et al., 2017) have been employed, 
not least due to their proven efficiency in dealing with time 
series inputs for GAN training in radial-axial ring rolling 
(Fahle et  al., 2022). The employed DCNN architecture 
(Lecun et al., 2015) is characterized by a stack of convolu-
tional, pooling and fully connected layers. The convolutional 
layers apply trainable kernels via discrete convolutions to 
extract local patterns into a feature map, while pooling layers 
downsample the data dimensionality with the aim of retain-
ing all necessary information. Following the convolutional 
layers, fully connected layers can be attached as well and 
represent the output of the model, thus its final predictions. 
Utilizing the DCNN for univariate time series predictions 
(single feature as input) means that each convolutional 
kernel slides only along the time axis (Ismail Fawaz et al., 
2019). For a univariate time series X, the convolution output 
at time t, denoted as Ct , can be expressed as (Ismail Fawaz 
et al., 2019):

where � is the convolutional kernel (filter) of corresponding 
length l , b is the bias term, f  is the non-linear activation 
function, and Xt−

l

2
∶t+

l

2

 denotes the window of l consecutive 
times steps centered in t. Applying n multiple kernels, or 
filters, results in n separate feature maps, that are further 
processed in the DCNN.

To extend from univariate to multivariate time series (i.e., 
multiple features per time step), each filter acquires an addi-
tional dimension equal to the number of input channels. In 
other words, in case of dealing with m-features, each kernel 
will have a ( l,m ) shape, so that each step convolves across 
all m-features simultaneously.

After each convolution, a pooling operation (either 
average or max pooling) is typically applied to reduce the 
temporal dimension of each feature map, preserving only 
the most crucial information while also reducing dimen-
sionality by downsampling. In this regard, techniques such 
as batch-normalization for each channel can be applied 
for quick convergence during the training process (Ismail 
Fawaz et al., 2019).

(1)

minmaxV(D,G) = �x∼pdata(x)

[
log (D(x))

]
⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟
Discriminator

+ �z∼pz(z)

[
log (1 − D(G(z)))

]
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

Generator

(2)Ct = f
(
� ∗ Xt−

l

2
∶t+

l

2

+ b
)

Deep convolutional GAN (DCGAN) model 
implementation

The implementation of the GAN framework with the 
DCNN modeling presented in the previous section is 
obtained using the deep learning library TensorFlow with 
its graph execution (Abadi et al., 2015). The TCRR time 
series described in Sect.  “Tangential cold ring rolling 
experiments” are pre-processed by applying Min–Max 
normalization and scaling them to 100 timesteps, to 
ensure constant input shapes. As previously mentioned, 
the dimension of the multivariate data is equal to six and 
inherits the following features: time [s], rolling force 
[kN], rolling moment [Nm], centering force [bar], outer 
diameter [mm], and the ring thickness [mm] for a total of 
129 instances, split into training (70%), validation (15%), 
and test data (15%). The outer diameter is captured as the 
metering roll displacement, having a fixed minimal value 
of 63 mm to maintain comparability between geometries. 
A conversion remains possible using the thickness and 
the fixed height of the ring. In the DCGAN architecture, 
Fig. 5a, the number of hidden blocks in the discrimina-
tor was designed to progressively capture local patterns, 
whereas the generator employs a decreasing number of 
hidden blocks to produce six time series as output. Each 
block consists of two 1D convolutional layers, LeakyReLU 
as the non-linear activation function, batch normalization 
(generator), and dropout (discriminator) while backpropa-
gation is performed using the Adaptive Moment Estima-
tion (Adam) optimizer (Kingma & Ba, 2015). The opti-
mization of both generator and discriminator was initially 
carried out manually by adjusting the depth of both blocks 
to allow for stable training. In this regard, maintaining a 
balanced adversarial game is crucial, as an overly domi-
nant discriminator can hinder the generator's learning pro-
cess, leading to mode collapse or trivial outputs, whereas a 
weak discriminator fails to provide meaningful gradients, 
preventing the generator from improving (Arjovsky & Bot-
tou, 2017). The target is to identify the correct balance 
between both blocks, as schematized in Fig. 5b, which 
represents the region where to select the stable model for 
further optimization.

Following an initial manual tuning, hyperparameters 
were further optimized via Bayesian optimization using 
the Optuna framework (Akiba et al., 2019). The score 
function for the optimization is designed by comparing 
data distributions of the generated data ( pg ) and the ori-
gin dataset ( D(x) ), to rely not only on the generator and 
discriminator losses, as schematized in Fig. 5c.

In the DCGAN, temporal dependencies are captured 
by generating the complete trajectory in a single forward 
pass rather than predicting it step-by-step. Specifically, the 
generator maps a latent vector to a full-length multivariate 



Journal of Intelligent Manufacturing	

time series of 100 time steps. The temporal structure is 
learned through the stacked 1D convolutional layers, 
Fig. 5b, whose increasing receptive field enables the net-
work to represent both local dynamics and longer-range 
evolution within the rolling sequence. As the convolutional 
filters operate across all feature channels, the model can 
also learn coupled temporal relationships between multiple 
process variables and target quantities.

Observer for the DCGAN model

To improve the selection process for the DCGAN best 
benchmark model, an additional module was designed in 
this research to evaluate the synthetic instances constructed 
by the generator in the optimal region where the x̂ ∈ D(x) . 
This module, subsequently annotated as the observer, is 
based on three elements: the mean curves, the correlations, 
and dynamic time warping (DTW), here after described in 
detail. To compare the quality of the generated time series 
(instances) with respect to the original dataset (TCRR exper-
iments), a mean curve is calculated for each one of the six 
features and represents the relevant feature trend, as shown 
in Eq. (3), where n is the number of generated instances and 
f (t) is a generated synthetic instance.

The output dimension of Eq. (3) is a [1, 6] matrix, mean-
ing one row with the mean magnitudes across all predicted 
instances for 100 timesteps and, as previously mentioned, 
the number of time steps in each series is set to 100 to uni-
form the input/output shape. An example of the mean curve 
within the overall generated instances is shown in Fig. 6a for 
the case of the normalized radial force.

After the estimation of the mean curves for both genera-
tor and discriminator distributions for all six features, the 
similarity score between the experimental dataset ( D(x) ) and 
generator distribution ( pg ) is calculated as the mean squared 
error (MSE) between these two domains during the training 
process and is defined as MCscore as in Eq. (4). It ought to 
be remembered that (4) is the average score across all six 
features.

The second term in the observer score is represented by 
the features correlation (Pearson, ri,j), which ensures that 
the data interdependencies are well reflected in the synthetic 

(3)Mean_curve =

∑n

0
f (t)

n

(4)MCscore =
‖‖‖�(�) − ��

‖‖‖
2

2

Fig. 5   a Implemented DCGAN model framework of the implementa-
tion in Python using the library TensorFlow (Abadi et al., 2015) and 
the class tensorflow.keras.layers. b Exemplification of the adversary 
game between generator and discriminator for the identification of the 

stable training region and c resulting variation of the generator fea-
tures distribution with progressive matching of that of the discrimina-
tor
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data as they are in the raw data. For this comparison, the 
MSE of the dataset correlations and the generator corre-
lations are calculated employing the open-source library 
NumPy (Harris et al., 2020). An example of the features 
correlation is depicted in Fig. 6b while the relevant score, 
Feat-Corrscore, is estimated as in Eq. (5).

The last contribution in the observer score is based on 
the dynamic time warping (DTW) distance, a method for 
identifying and evaluating patterns within two mutually dis-
torted time series. In this regard, mutually distorted time 
series refers to the comparison between true and generated 
data, carried out by nonlinearly stretching or compress-
ing segments so that corresponding features are optimally 
matched. The lower the required adjustments the better the 
DTW score. From a practical standpoint, the first step is 
represented by the calculation of the smallest Euclidean dis-
tance d  between two generic points i and j belonging to two 
distinct time series, A and B , in Eq. (6) (Keogh & Pazzani, 
2000), as shown in Fig. 7.

This is followed by the establishment of the warping path 
describing the optimal alignment of the individual time 
points of the time series, with consideration for the follow-
ing constraints (Keogh & Pazzani, 2000):

(5)Feat − CorrScore =

∑n

n=0

∑
i,j(r

D(x)

ij
− r

pg

ij
)2

n

(6)DTWscore = min

⎧
⎪⎨⎪⎩

�∑K

k=1
d
�
ik, jk

�

K

⎫⎪⎬⎪⎭

1.	 Boundary conditions: The distances d0(0,0) and dk(m, n) 
describe the start and end point of the path. The variable 
k describes the number of distances determined on the 
path. The variables m and n describe the last time point 
of the time series A and B respectively.

2.	 Monotonicity condition: ik−1 ≤ ik und jk−1 ≤ jk ensures, 
that the time points within the path are in the correct 
chronological order.

3.	 Step size condition: (ik − ik−1, jk − jk−1 ∈ {(1,1), (1,0), (0,1)} 
prevents individual temporal steps from being skipped.

In this research, the implementation of the DTW is 
achieved with the library DTAIDistance (Meert et al., 2020) 
and is partly based for the visualization on (Stent, 2024). An 
example of the application of the DTW is shown in Fig. 7a, 
where two time series, namely A and B, are shifted of an 
offset of 0.2 from one another, resulting in the shortest path 
calculation and point to point comparison shown in Fig. 7b 
and c, respectively. The combination of the three scores 
presented so far, and relevant to the three elements in the 
observer module, are summed together, as in Eq. (7), and 
employed for the identification of the best DCGAN model. 
In this regard, it ought to be remembered that the stability 
of the GAN is evaluated based on the discriminator loss, 
as shown in Fig. 5b and described in Sect. “Deep convolu-
tional GAN (DCGAN) model implementation”, while the 
best model is selected based on the score of Eq. (7).

As a final remark, in the DCGAN setting, the observer 
module remains unconditioned, is detached from the train-
ing loop, and serves solely as an external evaluator, guiding 

(7)scoreobserver = MCscore + Feat − Corrscore + DTWscore
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Fig. 6   a Mean curves for the rolling force and b Pearson correlation matrix, both training data
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the model selection by quantifying the alignment between 
generated and real data distributions without contributing 
to gradient updates.

Physics‑informed and analytical transfer learning 
loss modeling

To improve the physical adherence of the data generated, 
an extension of the GAN framework is introduced in this 
research, as here after described. First, the improvement of 
the GAN architecture aims at including physical knowledge 
relevant to the ring rolling process and metal forming in 
general in the data generation pipeline and it is based on the 
well-known concept of physics-informed neural networks 
(PINNs).

PINNs, developed by Raissi et al. in (2019), incorporate 
physical loss derived by partial differential equations (PDE) 
to either provide a data-driven solution for the PDE at hand, 
or to discover unknown parameters in the PDE. This setup 
has been applied to continuous and discrete time models, 
for instance for the Navier–Stokes and Schrodinger equa-
tion (Raissi et al., 2019). In this regard, and returning to 

the motivation of the presented study, providing a physical 
adhered model for TCRR, by integrating a PINN-Scheme 
in the GAN-framework, is one of the key novelty aspects of 
this research, especially when considering the nature of the 
process involved.

Related work on physics‑guided GAN modeling

Physics‐Informed GANs (PI‐GANs) have recently been pro-
posed (Yang et al., 2020) to incorporate known physical laws 
directly into the adversarial framework. In a PI‐GAN, the 
generator not only seeks to produce realistic data but also 
outputs quantities that must satisfy a given set of partial dif-
ferential equations (PDEs). To enforce these constraints, the 
outputs of the generator are passed through a differentiable 
neural network, such as the one of the PINNs architecture, 
and the relevant residuals are added as an additional term in 
the loss. Therefore, during the training, the discriminator is 
presented with two sets of data. The former being based on 
real data and aimed at mimicking their behavior, the latter 
is composed of physically bounded rules, defined by the 
constraints included in the PINN architecture. Hence, the 

(b)(a)

(c)

[-
]

[-]

Fig. 7   DTW comparison of an instance of the outer diameter to a second instance with an offset of 0.2. Visualization framework adjusted from 
(Stent, 2024)
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discriminator checks the synthetically generated data for 
their similarity in features distribution, like in a standard 
GAN, but also for their consistency with respect to the phys-
ical constraints defined for the process at hand.

In this regard, a recent study by Yonekura (2024) showed 
the possibility for integrating knowledge without the need 
for including gradients defined as physics-guided GAN, or 
PG-GAN. This approach enables the integration of any kind 
of user-defined evaluation, even through black box or surro-
gate models that do not necessarily need to be differentiable 
and can be represented by commercial simulation software 
tools. In this case, the compliance factor is calculated out-
side of the training processes for the binary labeling of the 
generated data to train the discriminator and therefore sub-
sequently to the physics- or rule-guided optimization of the 
generator. As hypothesized in Yonekura (2024), since the 
quality of the synthetically generated data is based solely on 
the user constraints, no dataset for training is needed, since 
the discriminator is represented through the relevant model. 
Consequently, a datapoint x̂ from the generator distribution 
pg is evaluated by any chosen physical model and classified 
as real or fake depending on a threshold error � . Therefore, 
the classification in Real (R) and False (F) is defined as in 
Eq. (8). It should be noted that since R� for early epochs is 
equal to zero, pre-training based on a conventional GAN 
scheme is required.

In addition to the PG-GAN, Yonekura (2024) also sug-
gested the possibility of combining the PG-GAN and the 
PI-GAN to a PG-PI-GAN with an additional loss for the 
generator as in (9), defined in terms of the constant � and 
the residual r.

The fully PINN-driven networks, as suggested in (Yang 
et al., 2020), though advantageous from the data gathering 
standpoint, shift the focus towards analytical-like models 
that already showed several limitations in metal forming sce-
narios when compared to either finite element or machine 
learning solutions (Cao et al., 2024). To this end, the fol-
lowing sub-section addresses this gap by detailing the PG-
A-GAN model, adapted from Yonekura (2024), proposed 
in this research.

Physics‑guided auxiliary GAN (PG‑A‑GAN)

Considering the background summarized so far, the meth-
odology proposed in this research incorporates, besides 
conventional generator loss, a second regularizing loss 
term defined as an auxiliary physical loss. Accordingly, the 

(8)R𝜀 = {x̂|P(x̂|𝜃) ≤ 𝜀},F𝜀 = {x̂|P(x̂|𝜃) > 𝜀}.

(9)Min
G

EG(z)∈F�

[
log(1 − D(G(z)))

]
+ �r,

proposed model is defined as physics-guided auxiliary GAN 
(PG-A-GAN). The analytical loss is included in the conven-
tional generator loss, previously shown in Eq. (1), as a sum-
mation term multiplied by the factor � , as shown in Eq. (10).

In comparison to Yonekura (2024), the discriminator of 
the proposed PG-A-GAN remains data-driven and is opti-
mized by the dataset pdata(x) , as in Eq. (1) while the physi-
cal models are accounted for at residual and loss levels and 
thus must be differentiable. Since the physical models are 
only evaluating the generated data samples x̂ , the models 
do not necessarily have to be a partial differential equation 
of x , but can be also represented by analytical equations or 
machine learning surrogate models, as also considered in 
this research.

In this regard, and as known from a prior study on PINNs 
modeling in GANs, such as Yonekura (2024), early epochs 
show high volatility of the loss due to the high residuals 
associated with the physical constraints. To overcome this 
challenge, the annealing factor � was added and optimized 
during training, enabling a smoother transition from early 
epochs to a more stable convergency of the GAN model. 
The overall implementation of the PG-A-GAN is depicted 
in Fig. 8, the different components of the auxiliary loss 
are summarized in Table 2 while Appendix A details the 
pseudo-code to illustrate the relationships among the com-
ponents of the PG-A-GAN.

To enforce physical consistency throughout the gener-
ated trajectories, the physics-based constraints are evaluated 
directly on the generated sequence at each normalized time 
index t. Operatively, this means that, for every generated 
sample, the corresponding residuals are computed along 
the full length of the normalized time and then aggregated 
across time, and the considered batch, using a MSE formula-
tion. This per-timestep evaluation ensures that the generator 
is penalized for local violations occurring at any point in the 
rolling trajectory, rather than only matching global trends, 
thereby promoting temporally consistent and physically 
plausible sequences.

The physical auxiliary loss combines a physics-informed 
component based on established analytical relationships and 
an analytical transfer learning (ATL) component derived 
from surrogate modelling. The main difference between 
these terms lies in their physical representation. While 
the physics-informed loss enforces relationships that can 
be expressed directly in analytical form, ATL introduces 
learned adjustments modeled by surrogate models to reduce 
systematic mismatch with the target domain. The individ-
ual constraint terms are detailed in Sect. “Physics-informed 
modeling” (physics-informed) and “Analytical transfer 
learning” (ATL).

(10)LGen = �z∼pz(z)

[
log (1 − D(G(z)))

]
+ �pr
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Physics‑informed modeling

As introduced in the previous sub-section, the synthetic data 
generation in the proposed PG-A-GAN is controlled by both 
physics-informed and analytical transfer learning concepts. 
In this sense, the physics-informed part utilizes established 
ring rolling equations but does not implement them as dif-
ferential equations as is done in conventional PINNs (Raissi 
et al., 2019). The PI-part in this work uses the following 
equations (Eqs. 11–15) to directly calculate the physical 
generator loss (Eq. 10).

The volume conservation principle is employed as it is 
regarded as a basic, yet informative metric for evaluating 
the quality of predictions in several metal forming processes. 
In this regard, the volume conservation takes into account 
the geometrical expansion of the ring calculating for each 

step its volume V  based on the rectangular ring cross section 
with its width w:

to address the volume conservation:

Since small deviations of Eq. (12) do exist in the experi-
mental dataset, in terms of magnitude of a few mm3, the loss 
backpropagated for the volume conservation is the averaged 
MSE of the subtraction of the average volume of the dataset 
to the averaged generators instances.

To model the ring expansion over time, the ring diame-
ter can be calculated incrementally based on the number of 
revolutions (Berti et al., 2015). For the TCRR, the width is a 

(11)V =
(
� ⋅ R2 − � ⋅ r2

)
⋅ w

(12)ΔV = 0.
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Fig. 8   Modification of a GAN formation by addition of physics-informed and analytical transfer learning based auxiliary loss, with relevant 
interaction in the backpropagation through annealing function

Table 2   Definition of the 
physical modeling and its 
controlled parameters

Modeling Model type Parameters controlled

Volume conservation Analytical Diameter, thickness
Ring expansion over time Semi-analytical Time
Slip-line model Analytical + machine learning [MLP] Rolling force
Surrogate Machine learning [MLP] Rolling torque
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fixed parameter with minor deviations in the 1% magnitude, 
thus it can be considered as a constant. Moreover, considering 
that the starting geometry of the ring represented by its initial 
thickness, outer radius, and inner radius s0,R0, r0 , is known 
a-priori, the time required for the next ring revolution is com-
puted using Eq. (13), where i denotes the i-th rotation of the 
process and Ri and ri represent the outer and inner radii of the 
ring at this stage, respectively. Accordingly, the corresponding 
thickness in next ring rotation can be estimated from Eq. (14), 
allowing to update the ring geometry together with Eq. (15).

Equations (13)–(15) are used to calculate the time required 
to reach the final diameter. In other words, the summation of 
Eq. (13) is performed by incrementally solving the linear equa-
tion system of Eqs. (14) and (15) to calculate the required pro-
cess time for forging the ring analytically. Implementing this 
analytical scheme and comparing the results with the specific 
dataset ( pdata ) yields an RMSE of 0.83 s for this analytical 
modelling approach. This 0.83 s error in the analytical descrip-
tion will be used in Chapter 4 to penalize deviations greater 
than the model accuracy.

Analytical transfer learning

As concerns the latter set of models for the auxiliary loss in the 
PG-A-GAN, the implementation of analytical transfer learn-
ing for rolling force and torque modeling is first presented in 
Fig. 9.

Regarding the rolling force, its estimation is based on a 
fully analytical model, based on the slip line field developing 
between the mandrel and the main roll, as proposed by (Qua-
gliato et al., 2018). However, considering that this slip line 
model was developed for hot radial-axial ring rolling (RARR), 
where the change of both flow stress and contact arc can be 
regarded as negligible throughout the process, surrogate mod-
eling based on the FE and experimental results was employed. 
First, the baseline rolling force slip line model (Quagliato 
et al., 2018), based on the original solution by Hawkyard et al. 
(1973), requires, as inputs, the ring wall thickness change Δs , 
ring height h , contact length LC , shear stress k , and pressure 
factor � , as per Eq. (16), where LC and � are calculated as in 
(17)–(18).

(13)Δti
=

60 ⋅ Ri

2 ⋅ � ⋅ nR ⋅ R1

(14)si+1 = si − v ⋅ Δti = Ri+1 − ri+1

(15)
(
� ⋅ R2

i+1
− � ⋅ r2

i+1

)
⋅ w = V

(16)F = 2k ⋅ � ⋅ h ⋅ LC

Considering Eq. (16) withing the frame of the PG-A-
GAN modeling for the rolling force, h is a constant for the 
TCRR process, whileΔs , needed for both LC and � , can be 
derived from the generated instances. However, the RARR 
assumptions forLC,� , and k are not valid a-priori for the 
TCRR and, for this reason, the analytical framework of 
(16)–(18) cannot be applied directly in its current state. To 
this end, considering the different nature of the plastic flow 
between hot RARR and the cold forging of TCRR, the con-
tact arc and the shear stress were adapted from the analytical 
solutions by employing the results of a single FE simulation, 
as shown in Fig. 10, as well as the experimental instances 
summarized in Sect. “Material characterization”.

The adaptation from the analytical frame of (16)–(18) 
is carried out by training a multi-layer perceptron (MLP) 
surrogate model that scales Eq. (16) to match the experi-
mental instances for the rolling force, as shown in Eq. (19). 
The MLP surrogate model training and relation with the 
analytical slip line force model is schematized in Fig. 9. In 
this regard, the MLP surrogate model for the rolling force is 
trained to predict the best scaling factors �, �, � , � based on 
the initial and final geometries of the considered ring, the 
process time ( t ), the mandrel feed speed, and centering rolls 
pressure. The � factor scales the slip line model (Eq. 16), 
while the � and � factors account for linear and quadratic 
temporal relationships, respectively. The � factor reflects a 
scalar offset.

Therefore, due to the data-based adaptation of an exist-
ing analytical model to the real-world dataset, the rolling 
force surrogate modeling is defined as analytical transfer 
learning (ATL). Since the MLP surrogate model strategy 
is the same for both rolling force and torque, the relevant 
details are provided in Sect. “DCGAN (SOTA) vs PG-A-
GAN benchmark analysis”.

Once the rolling force is corrected through ATL, as pre-
sented in the previous paragraphs, the rolling torque can 
be described by the relationship between the force and the 
moment, depending on a time dependent friction coefficient 
�(t) as in Eq. (20), where R is the outer radius of the main 
roll.
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√√√√ 2 ⋅ Δs
1
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(18)� = −0.0098 ⋅

(
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+ 0.2999 ⋅
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)
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(19)FATL = �
(
2k ⋅ � ⋅ h ⋅ LC

)
+ �t2 + �t + �

(20)T(t) = F(t) ⋅ �(t) ∗ R
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The dependency between the Min–Max normalized 
rolling force and rolling torque, based on the experimen-
tal instances of Sect. “Tangential cold ring rolling experi-
ments”, is presented in Fig. 11a, and is fitted with a 3rd order 
polynomial function, resulting in the time-dependent friction 
coefficient presented in Fig. 11b. Similarly to what was car-
ried out for the rolling force surrogate model, the analytical 
transfer learning model for the rolling torque, in depend-
ency of the rolling force, is defined as in Eq. (21), based on 
four trainable parameters ( �, �,�,� ) defining a 3rd order 
polynomial function. These four coefficients are optimized 
during the MLP surrogate model training to minimize the 
deviations with respect to the experimental instances sum-
marized in Sect. “Material characterization”.

(21)TATL = �F3
ATL

+ �F2
ATL

+ �t + �.

Benchmark, physics‑guided, and conditional 
implementations

The aim of this last section before the results chapter is 
trifold. First, in Sect. “Analytical transfer learning models 
training and performance”, the two modeling techniques pre-
sented in Sects. “Deep convolutional GAN (DCGAN) model 
implementation” and “Physics-informed and analytical 
transfer learning loss modeling” are summarized to provide 
a clear background for the understanding of the results of the 
benchmark analysis. Second, the training and performance 
of the two ATL models, as presented in Sect. “Analytical 
transfer learning”, is summarized in Sect. “DCGAN (SOTA) 
vs PG-A-GAN benchmark analysis”. Third, insights into the 
conditions applied to the PG-A-GAN for the generation of 
synthetic data, and the relevant modeling implications, are 

Fig. 9   Implementation of the analytical transfer learning for the correction of the analytical estimation of the rolling force by slip line model and 
for the time dependent friction correlation for the rolling torque modeling

Fig. 10   FE-based shear stress 
and contact length curves used 
as a starting point for the adap-
tation of the slip line rolling 
force model during the analyti-
cal transfer learning scheme
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detailed in Sect. “Conditional synthetic data generation: the 
AC-PG-A-GAN approach“.

Analytical transfer learning models training 
and performance

As mentioned in Sect. “Analytical transfer learning”, to cor-
rect the analytical estimation of the rolling force and define 
the time-dependent friction coefficient relationship between 
the rolling force and torque, two machine learning surrogate 
models were introduced. The surrogate models, one for each 
of the two tasks above, is based on a multi-layer perceptron 
(MLP) network and are trained to learn, and correct, the 
offset between the analytical predictions and the experimen-
tal ground truths, based on the process parameters and ring 
geometry. The structure of the two surrogate models is pre-
sented in Fig. 12a, for the rolling force model, and Fig. 12b, 
for the rolling torque model, respectively. As a reminder, 
the machine input shown as the starting block for both MLP 
networks is a six components vector containing process time 
[s], outer diameter (start and end) [mm], ring thickness (start 
and end) [mm], and the feed speed [mm/s].

During the training of the MLP surrogate models for roll-
ing force and torque, it was observed that limited generaliza-
tion was the main bottleneck when using shallow network 
architectures. To address the generalization, a manual hyper-
parameter grid search was performed, focusing on combi-
nations of dropout rates and L2-regularization strengths, 
alongside variations in the number of hidden layers and units 
per layer. The search space and tested parameter ranges are 
summarized in Fig. 12c while the best-performing configu-
ration is shown in Fig. 12d. This optimal setup consisted of 
four hidden layers with progressively decreasing units per 
layer [32, 16, 8, 3], small dropout rates of [0.01, 0.01, 0.01], 
and L2-regularization strengths of 0.1 for the force model 
and 0.01 for the torque model, respectively. As shown in 
Fig. 12a-b, the shear stress and contact length trends esti-
mated by FE simulations for the force model, and friction 

coefficient for the torque model are fed into the analytical 
equations during training, enabling backpropagation of 
the residual error between the corrected analytical predic-
tion and the experimental ground-truth data. This coupling 
ensures that the MLP correction factors, ( �, �, � , � ) for the 
rolling force model and ( �, �,�,� ) for the rolling torque 
model, are optimized to bridge the gap between the ana-
lytical model and experimental or FE-derived observations. 
The ATL models achieved root mean square errors (RMSE) 
of 4.825 kN for the force model and 10.144 Nm for the 
torque model, evaluated on the test set comprising 15% of 
the total dataset. These results demonstrate the capability 
of the model to capture the overall evolution of force and 
torque over time, despite the complexity introduced by mul-
tiple parameters and strong time dependence. In this regard, 
Fig. 13 shows the performance of two test cases with differ-
ent magnitudes and process durations.

In both cases, the ATL models closely follow the aver-
age trend of the experimental measurements, successfully 
reproducing the general course of the signals. However, 
short-term fluctuations and high-frequency noise present in 
the sensor data are only partially captured, indicating that 
the models prioritize robust trend prediction over replicating 
instantaneous volatility.

DCGAN (SOTA) vs PG‑A‑GAN benchmark analysis

The first analysis presented in the results section 
(Sect. “Results on SOTA and physics-guided GANs”) is rel-
evant to the comparison between the conventional DCGAN 
with the custom-made observer, as detailed in Sects. “Deep 
convolutional GAN (DCGAN) model implementation” and 
“Observer for the DCGAN model”, and the PG-A-GAN, 
with the physics-guided auxiliary loss defined on physics-
informed and analytical transfer learning terms, as per Sects. 
“Physics-informed modeling” and “Analytical transfer learn-
ing”. The results include first the model structure optimi-
zation, hyperparameters optimization, and performance 

Fig. 11   Rolling torque over 
the rolling force for one ring 
rolling instance. The torque 
in dependency of the force for 
this example rolling instance is 
defined to T = 5.2633x3 +  − 3.86
57x2 + 1.1655x + 0.0017

(a) (b)
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in generating synthetic instances without any conditions 
applied.

Conditional synthetic data generation: the AC‑PG‑A‑GAN 
approach

An extension of the classic GAN is the ACGAN (Odena 
et al., 2017), which introduces one or more class condi-
tions to guide the generation of specific outputs. This is 
achieved by adding an auxiliary decoder network to the 
discriminator, enabling it to distinguish real from gener-
ated data while also to predict the corresponding class 
label. For instance, the TCRR process considered in this 
study, such conditions can be represented by the final ring 
geometries to be generated. In the ACGAN framework, 
the generator receives two inputs: the class label and the 
noise vector. The discriminator, equipped with the auxil-
iary decoder, outputs both the probability of data authen-
ticity and a prediction of the class label. Consequently, the 
objective function of Eq. (1) is extended by an additional 
auxiliary term, namely the logarithmic class label loss.

In terms of the model proposed in this research, the 
PG-A-GAN is extended by introducing the condition of 

a desired final ring geometry, leading to the definition of 
the AC-PG-A-GAN, where AC stands for the auxiliary 
condition. This allows the generation of specific rolling 
instances aligned with target geometries. The conditioning 
follows the backpropagation principle of ACGAN (Odena 
et al., 2017), but within the physics-guided framework of 
the PG-A-GAN, thereby embedding physical constraints 
while generating condition-specific outcomes. The effec-
tiveness of the proposed AC-PG-A-GAN is evaluated with 
respect to three main aspects:

1)	 Variance retention: Does the model preserve stochas-
ticity, id est, does the same condition input yield dif-
ferent outputs, thereby reflecting machine-induced vari-
ance?

2)	 Conditional sensitivity: Does the model respond appro-
priately to different target ring geometries across all gen-
erated parameters?

3)	 Deviation from reference data: How great is the devia-
tion of the average curves for different conditions of the 
AC-PG-A-GAN in comparison to the TCRR-dataset?

Output:
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Fig. 12   Model structures for analytical transfer learning (ATL) based on MLPs for a rolling force and b rolling torque. c Ranges considered dur-
ing the grid search analysis and (d) best hyperparameters for the MLP surrogate models
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In summary, the AC-PG-A-GAN leverages a physics-
driven modeling strategy that not only respects physical 
boundary conditions but also enables the controlled genera-
tion of rolling outcomes defined by target ring geometries 
or, in principle, other user-defined class labels.

Results on SOTA and physics‑guided GANs

This chapter is organized into three sections. The first 
presents the performance of the state-of-the-art (SOTA) 
DCGAN, integrated with the custom-developed observer, 
as described in Sects. “Deep convolutional GAN (DCGAN) 
model implementation” and “Observer for the DCGAN 
model”. The second section reports the results of the pro-
posed PG-A-GAN, introduced in Sect. “Physics-informed 
and analytical transfer learning loss modeling”, which is 
further extended under specific conditions to form the AC-
PG-A-GAN, as addressed in Sect. “Conditional synthetic 
data generation: the AC-PG-A-GAN approach”. The results 
are presented independently, while their interpretation and 
comparative discussion are deferred to the next chapter.

DCGAN with custom‑observer synthetic data 
generation (benchmark model)

The depth of the generator and discriminator in the DCGAN 
must be designed correctly to enable stable training. There-
fore, at first, a manual hyperparameter tuning was conducted 
to derive stable configurations, followed by a fine-tuning 
of the hyperparameters using Bayesian optimization. In 

this regard, stable training is characterized by the genera-
tor and discriminator converging to a similar value for the 
logarithmic loss of Eq. (1), as shown in Fig. 5b where both 
modules converge to a value of 0.693, proving the success 
of the adversarial game. During the initial manual hyper-
parameter tuning, it was found that the generator required 
greater depth, id est more blocks; see Fig. 5, to ensure stable 
training. The additional convolutional blocks increased the 
representational capacity of the generator, enabling it to pro-
gressively refine the synthetic signals and better approximate 
the underlying data distribution. Additional configurations 
with more blocks were also tested but yielded no further 
improvements to the training process.

Based on these initial tuning results, Bayesian optimiza-
tion through the Optuna framework (Akiba et al., 2019) 
was applied by employing the search space reported in 
Table 3, where also the identified best combination of 
hyperparameters is reported. In this regard, a total of 100 
runs were carried out and the observer score of Eq. (7) 
was employed as the evaluation criteria to identify the best 
combination. To ensure comparability, this configuration 

(a) Force model (b) Torque model

Fig. 13   Prediction instances for the force modeling (a) and the torque modeling (b). The ground truth (True) is plotted with a dotted line, whilst 
the predictions by the analytical transfer learned model (Predicted) have a solid line

Table 3   Search space for hyperparameter tuning and the best configu-
ration. * Applies to all layers

Parameter Search space Best configuration

Latent dimension [8, 16, 32] 16
Batch size [8, 16, 32] 32
Kernels generator* (2, 11) [8, 11, 11, 5]
Kernels discriminator* (2,11) [8, 2, 8]
Filters generator* (0, 512) [128, 67, 45, 33]
Filters discriminator* (8, 256) [16, 75, 95]
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has been applied to all modelling approaches (DCGAN, 
PG-A-GAN and AC-PG-A-GAN) throughout this research. 
In this regard, an example of the evolution of the scaled 
observer scores for the totality of 20,000 epochs of the 
training, and for all the three components of the observer 
score of Eq. (7), is reported in Fig. 14.

Referring to Fig. 14, the overall trend in the three scores 
is similar, with convergence occurring at similar epochs. 
However, a more detailed perspective reveals differences 
in the scores’ evolutions throughout the epochs, thus 
the best model should be chosen based on the combined 
score, rather than weighting the three components sepa-
rately. Considering the best configuration for the DCGAN, 
selected according to the observer score and reported in 
Table 3, an example of 10 synthetic instances generated 
with the optimized model is reported in Fig. 15 alongside 

the average curves for both the real and synthetic data are 
presented.

As presented in this section, the DCGAN offers a valu-
able and reliable framework for the generation of synthetic 
data samples. Moreover, the addition of the developed 
observer unit, through its evaluation score, allowed for 
the identification of a robust model, matching well with 
the experimental instances, as shown in Fig. 15, where 
the average curves for synthetic and real (experimental) 
data are well aligned for all six features. However, though 
effective, the SOTA DCGAN configuration does not allow 
for the monitoring of the physical adherence of the gen-
erated instances to the real dataset, nor does it allow to 
account for this variation during the generation process. 
To address this limitation, the proposed PG-A-GAN model 
was defined, as presented in Sect. “Physics-informed and 
analytical transfer learning loss modeling”, and aimed 

Fig. 14   Scaled observer score 
curves with respect to the mean 
curves over the training epochs. 
The curves are smoothed with 
a moving average filter with a 
window size of 20

Fig. 15   Ten instance time series 
for all features of the baseline 
DCGAN with respect to the 
experimental average curve
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to be employed for the generation of synthetic instances 
under the same conditions, to be subsequently bench-
marked against the DCGAN model, to prove its superior-
ity. The results of this comparison analysis are reported 
in the following section and commented upon in detail.

PG‑A‑GAN: synthetic data generation

The physical equations derived from the PG-A-GAN scheme 
are implemented based on their level of accuracy. This 
involves the subtracting of the predicted value of the physi-
cal equation from the overall model accuracy (RMSE) and 
backpropagating the square of this difference. Backpropaga-
tion is designed with annealing so that maximum amplifica-
tion is reached after 5000 epochs. In other words, up to 5000 
epochs, higher priority is given to the standard generator-
discriminator adversarial game while after that the priority 
shits towards the generation of physics-compliant instances.

To examine the effect of backpropagation, the losses 
for four different model training are analyzed. The losses 
cover the three observer scores discussed earlier, as well 
as alignment with the four introduced physical models. 
To exclude outliers, only the 75th percentile was consid-
ered, and the curves are smoothed with a moving average 
filter with a window size of 10. Based on these curves, the 
average for each loss is calculated to compare the base-
line DCGAN approach with the PG-A-GAN approach. 
To enable a direct comparison, the relative percentage 
improvement or worsening is calculated and presented 
in Fig. 16. The relative comparison reveals an improve-
ment in all observed scores, except for the torque, which 
worsened by 3%. In particular, the rolling force and vol-
ume conservation show significant improvement of over 
100%. As an additional metric of comparison, Fig. 17a 
shows the propagation of the loss for the observer scores, 
Sect. “Observer for the DCGAN model”, while Fig. 17b 

the physical losses, as presented in Sects. “Physics-
informed modeling” and “Analytical transfer learning”, for 
a selected instance where both DCGAN and PG-A-GAN 
were setup and employed under the same synthetic data 
generation conditions.

Considering the results relevant to the observer scores, 
Fig. 17a, the baseline DCGAN seems to show a general-
ized better convergence for higher number of epochs, 
though this cannot be generalized for all scores. In addition 
to that, considering that this convergence of the observer 
loss arises after the generator and discriminator losses have 
already converged, as per Fig. 5b, it can be concluded that 
the observer loss is diagnostic, not prescriptive. Since the 
observer is not backpropagated in the baseline DCGAN 
model, its delayed convergence does not influence the 
adversarial training dynamics but rather provides an exter-
nal indication that higher-level temporal features become 
stable only after the adversarial game has already reached 
equilibrium. Accordingly, to fairly assess the differences 
in observer scores and physics-compliance between the 

Fig. 16   Comparison of the relative percentage improvement of the 
PG-A-GAN to the DCGAN for 20,000 epochs

Fig. 17   a Loss curves of the observer scores, which reflect the dis-
tribution properties. b Loss curves of physics-guided alignment. All 
curves are smoothed with a moving average filter with a window size 
of 10
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baseline DCGAN and PG-A-GAN approaches, Fig.  18 
shows the same results of previous Fig. 16 but relevant only 
to the last 5,000 epochs of the training process, thus the last 
25% of the whole training loop.

Even when considering only the last 25% of the train-
ing epochs, the improvement introduced by the PG-A-GAN 
persists and is amplified for some scores, such as the volume 
and mean curves, while the torque worsens by 29%, and 
the time improvement decreases from 22 to 5%. It should 
be noted that, since the torque model examines the torque 
of the generated data relative to the generated force, only a 
relative examination is possible. In other words, the model 
checks the generated torque in relation to the force gener-
ated by the dependency of the temporal friction coefficient, 
as previously shown in Fig. 11a. Therefore, potential errors 
in the force (i.e. not perfectly predicted force samples) can 
influence the evaluation of the torque surrogate model. This 
will be further elaborated in the discussion. Summarizing, 
when employing the PG-A-GAN with its physics-guided 
backpropagation, an improvement was observed for six out 
of the seven tracked scores, showing the superiority of the 
proposed approach. Besides that, further insights into the 
rationale behind the strong improvements provided by the 
proposed PG-A-GAN, such as the one shown for the vol-
ume consistency and rolling force, as well as the limita-
tion showed for the rolling torque modeling, as reported in 
Fig. 18, will be provided in the discussion chapter.

AC‑PG‑A‑GAN: conditional synthetic data 
generation

Considering the improvements provided by the proposed 
PG-A-GAN architecture, granted by the inclusion of phys-
ics-guided rules as an auxiliary loss, the aim of this section 
is to provide insights into the performance of this model 

when a condition is added for the generation of synthetic 
data. Therefore, the results presented in this section are rel-
evant to the Auxiliary Classifier Physics-Guided Auxiliary 
GAN, subsequently referred to as AC-PG-A-GAN, as previ-
ously introduced in Sect. “Conditional synthetic data genera-
tion: the AC-PG-A-GAN approach”.

Accordingly, to generate specific rolling instances, the 
final ring geometry in terms of the outer diameter, is added 
as an additional condition. Considering that in TCRR the 
ring width and height are fixed, the condition on the outer 
diameter and the concurrent consideration of the volume 
conservation allows for linking the initial and final geom-
etries of the ring also during the generation of synthetic 
instances. From an operational perspective, both the gen-
erator and the discriminator no longer receive only the latent 
space vector but are also provided with scalar condition val-
ues representing the final ring diameter and the ring volume. 
Within this conditional generation framework, the generator 
produces rolling time series instances that correspond to a 
specific, user-defined end geometry and volume. In parallel, 
the discriminator is not limited to the adversarial classifica-
tion of real versus generated sequences but is also equipped 
with a regression branch designed to predict the continu-
ous condition values, specifically the final outer diameter 
and the ring volume, corresponding to the input time series. 
This auxiliary task enforces consistency between the gener-
ated signals and the user-defined end geometry, thus guiding 
the generator towards physically consistent and condition-
compliant outputs.

The losses from these tasks are backpropagated through 
both networks to improve their ability to generate condi-
tional time series. As in the case of the physics-guided 
constraints, the conditional loss is weighted by a factor λ 
to balance its influence. For stable training, it is crucial to 
equalize the weighting of the physical �1,p and the condi-
tional �2,c . To enable convergence, however, the physical 
loss is reduced by one third compared to the value used in 
Sect. “Deep convolutional GAN (DCGAN) model imple-
mentation”, thereby leaving sufficient margin for the condi-
tional loss to take effect.

Also, for the case of applying a condition to the syn-
thetic data generation, the final generator model is selected 
by minimizing a cost function combining the physical 
loss with the observer loss reflecting the data distribu-
tion. Since the generated time series exhibited volatility, 
a Savitzky–Golay filter (SciPy, Virtanen et al., 2020) was 
applied as a post-processing step. The rationale behind 
this increased variability will be discussed in the following 
chapter. Figure 19 illustrates force–time series generated 
under the condition of a final outer diameter of 72 mm. 
Notably, the same model input for the AC-PG-A-GAN 
yields different output time series, a sign that the model 
has learned to reproduce the natural variability observed 

Fig. 18   Comparison of the relative percentage improvement of the 
PG-A-GAN to the DCGAN for the last 5000 epochs of the training 
loop where both models have achieved convergence
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in the experimental dataset. This variability is crucial for 
synthetic data generation, as it ensures sufficient diversity 
even under identical conditional inputs. Such diversity 
enhances the quality of the generated samples and, when 
these are used to train machine learning models, reduces 
the risk of overfitting.

To evaluate the performance of the AC-PG-A-GAN 
under different conditions, a broader range of end geom-
etries was tested. To this end, Fig. 20 illustrates all experi-
mental rolling instances corresponding to final diameters 
between 68.2 and 70.5 mm, together with the synthetic 
sequences generated by the AC-PG-A-GAN model. A 

comparison of the distributions reveals that the experi-
mental data exhibits slightly higher variability, whereas 
the synthetic sequences remain concentrated within the 
same region without producing additional outliers. Impor-
tantly, the generated data reproduces the maximum and 
minimum ranges of most parameters, except for the time 
feature, where the synthetic instances tend to align more 
closely with the average rolling duration.

While the results presented in Fig. 20 demonstrate the 
comparability between real and synthetic data under a 
single condition, a more critical evaluation is to test the 
AC-PG-A-GAN model’s sensitivity across different condi-
tions. This type of analysis is essential, as it allows a direct 
comparison with alternative modeling approaches such as 
FE simulations or analytical formulations, and will be fur-
ther elaborated in the discussion chapter. In this regard, 
Fig. 21 presents the condition-dependent evolution of 
thickness and outer diameter for two representative cases. 
The results show a clear separation between the two condi-
tions, confirming that the model correctly adapts its out-
puts to the specified geometry. Furthermore, no additional 
outliers are observed compared to the experimental data-
set, indicating stable and condition-consistent generation.

To provide a quantitative evaluation of the AC-PG-A-
GAN performance as a synthetic data generator and pro-
cess modeling approach, the RMSE between the average 
synthetic and experimental time series was calculated 
for each differing condition shown in Fig. 22 while the 

Fig. 19   Conditional time series generation for an outer diameter of 
72  mm. The presented force curves offer data variability with the 
same model input, aiming to model natural process variance

Fig. 20   Conditional time series 
for an outer diameter between 
68.2 and 70.5 mm compared to 
the real measured time series
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resulting deviations are summarized in Table 4. Among 
the parameters, the torque displays the largest error, as 
also shown for the unconditioned PG-A-GAN, although 
its sensitivity to the imposed conditions remains clearly 
observable in Fig.  22. Overall, the deviations remain 
within narrow bounds, on the order of a few percent of 
each parameter’s range, corresponding, for the geometric 
features, to sub-millimeter accuracy (compare Table 4). 

These results confirm that the AC-PG-A-GAN can gen-
erate condition-dependent sequences that reproduce the 
experimental trends with high fidelity across multiple 
process variables while also achieving high variance 
still withing the physically consistent target variables’ 
boundaries.

Fig. 21   Conditional time series 
for the outer diameter and the 
thickness for two sets of condi-
tions

Fig. 22   Conditional aver-
age time series of all process 
parameters (time, force, torque, 
centering force, thickness, and 
outer diameter) for four sets of 
final diameter conditions. Solid 
lines correspond to experi-
mental data and dashed lines 
to AC-PG-A-GAN generated 
sequences. The figure illus-
trates that the model adapts its 
outputs to different conditions, 
reproducing the expected 
trends across parameters while 
preserving sensitivity to the 
imposed final geometries
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Discussion

Considering the different modelling methodologies, the 
discussion follows the structure of the results chapter and 
is organized into three parts:

	 (I)	 Baseline DCGAN results,
	 (II)	 PG-A-GAN performance in data generation and 

comparison with DCGAN,
	 (III)	 Ring geometry-based conditional data generation 

by AC-PG-A-GAN.

Starting with the baseline DCGAN, the generated sam-
ples resemble real-world samples, indicating the model’s 
capability to generate realistic ring-rolling sequences in 
TCRR. Selecting the best generator model presented an 
initial challenge, since the adversarial loss does not pro-
vide any direct information about the quality of the data 
produced. Therefore, in this research, the custom-made 
observer was designed to support the selection of a suit-
able model showing the greatest adherence to real data 
distribution. In this regard, the observer was designed to 
include three metrics, namely the DTW, the average time 
series, and the feature correlations score, and proved suit-
able for the task. The different behavior of the observer 
components over time (Fig. 14) supports selecting a model 
with low mismatch across all metrics, thereby reducing 
the risk that model selection is dominated by only one 
characteristic of the data distribution. Furthermore, the 
minimum observer score is achieved long after the con-
ventional GAN loss has converged, making it worthwhile 
to train the model for a higher number of epochs.

The physics-guided modeling and implementation in 
the GAN scheme added to the observer four more metrics: 
force and torque alignment, diameter to time relation, and 
volume consistency. These additional metrics enable an 
explicit physical evaluation of the generated data. Similar to 
the observer metrics, these quantities were evaluated at each 
epoch during training; unlike the observer, however, they 
were also backpropagated as auxiliary losses to construct the 
physics-guided auxiliary GAN (PG-A-GAN). The observer 

is not backpropagated to maintain an unbiased evaluation 
metric. To enable such model training, correct implementa-
tion of the models in ML training is necessary. In the present 
TensorFlow implementation, graph execution was required 
to ensure reasonable computational time; accordingly, the 
model components must be differentiable, which should be 
considered when adapting PG-A-GAN to other domains. 
The main challenge in this regard was associated with train-
ing stability, thus annealing plans had to be included to 
enable learning. In the early stages of training, the genera-
tor distribution deviates strongly from the imposed physical 
rules, resulting in very high auxiliary losses and unstable 
gradients. On the other hand, once training has stabilized, 
the physical contribution to the loss can be fully included 
to guide the generator toward physically consistent solu-
tions, resulting in better convergence behavior during train-
ing as well as improved final observer and physics scores. 
Although the improvements in observer scores are mod-
est, they are still meaningful because the observer metrics 
were not backpropagated and therefore provide an external 
evaluation of data quality. Nevertheless, when comparing 
the benchmark DCGAN with the proposed PG-A-GAN, 
physical adherence improves significantly for rolling force 
and volume consistency, with percentage improvements of 
201% (in relation to cm3) for volume and 106% (in relation 
to kN) for rolling force, as summarized in Fig. 18. Also, 
the time-diameter relationship improves slightly, while the 
rolling torque worsens by 3% (with respect to Nm) before 
baseline convergence (see Fig. 16) and by 29% (see Fig. 18) 
after baseline convergence. Since six of the seven tracked 
parameters improved, the PG-A-GAN can be regarded as 
the better-performing approach overall.

As also mentioned in the comments to the results in 
Sect. “PG-A-GAN: synthetic data generation”, the modeling 
of the rolling torque still retains certain limitations when 
dealing with the PG-A-GAN model. In this study, torque 
was modelled in relation to the predicted force, achieving 
reasonable accuracy of 10.144 Nm (Fig. 13, RMSE). There-
fore, the accuracy of the rolling torque modeling depends 
directly on the accuracy of the rolling force prediction, since 
the torque model is formulated as a function of the generated 
force. In turn, the quality of this force prediction depends on 
the physical plausibility of the GAN-generated force data (
pg
)
 . As reported in Fig. 13 and Sect. “PG-A-GAN: synthetic 

data generation”, the force model itself has an RMSE of 
4.825 kN. Consequently, generated force samples with errors 
below this threshold are not meaningfully penalized by the 
backpropagated force loss. The dependency between force 
and torque losses is illustrated in Fig. 23, which is a scatter 
plot displaying torque loss over force loss for each train-
ing epoch. This dependency is also reflected by a Pearson 
correlation of 0.78, indicating that higher force losses are 
associated with higher torque losses.

Table 4   Accuracy of AC-PG-A-GAN generated data for four condi-
tions based on the outer diameter. The metric is calculated by com-
paring the average curves of real and AC-PG-A-GAN data

Time series type RMSE Real to AC-PG-A-GAN

Time 0.49 s
Force 1.90 kN
Torque 10.20 Nm
Centering force 0.43 bar
Thickness 0.06 mm
Outer diameter 0.36 mm
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These deviations directly affect the accuracy of the torque 
modeling and therefore the effectiveness of the PG-A-GAN 
scheme. The PG-A-GAN shows a slight worsening in torque 
alignment compared with the baseline DCGAN, amounting 
to approximately 1 Nm (Fig. 17). However, this difference 
is small relative to the torque model RMSE of 10.144 Nm. 
This indicates that the choice and accuracy of the surro-
gate models are decisive factors in determining the effec-
tiveness of the PG-A-GAN. Accordingly, the torque model 
represents a limiting case of ATL-based backpropagation in 
PG-A-GAN, where the accuracy of the underlying surrogate 
model is insufficient to yield a clear training benefit. This 
is reflected in the torque loss, which remains comparable to 
that of the baseline model and therefore does not indicate a 
clear benefit from ATL-based backpropagation in this case. 
By contrast, the rolling-force results show that ATL can 
enhance analytical model accuracy within the latent space 
and thereby provide a more effective process model for PG-
A-GAN training. Future work could therefore integrate more 
detailed analytical torque models, such as the slab-analysis 
approach of Parvizi et al. (2011), and adapt them within 
the ATL framework for physics-guided training. In conclu-
sion, the introduction of physics into the GAN framework 
improved training performance; accordingly, the PG-A-GAN 
was selected as the basis for the conditioned generation of 
ring-rolling data for varying end geometries.

A further point affecting both the DCGAN and the PG-
A-GAN concerns their multivariate data-generation strat-
egy, in which the generator predicts all feature time series 
simultaneously from each latent-space vector. This approach 
enables direct feature relations to be constructed, as seen in 
real-world data where every process parameter depends on 
various other parameters in an interconnected and cross-
influencing scenario. Despite the above-mentioned benefits 
of multivariate generation, the increased scatter in the gener-
ated time series, which resembles a vibration-like behavior, 
could be a downside. This behavior is less pronounced in 
univariate modeling, where the restriction to a single target 
variable enables better local time-series resolution. This can 

be assessed by considering the variance with respect to a 
fitted function that approximates the signal without scat-
ter or noise. To do this, a second-order polynomial func-
tion is fitted to each time series, and the standard deviation 
is calculated. Table 5 shows the standard deviation for the 
outer diameter and rolling force. As can be seen in Table 5, 
the residual standard deviations obtained from univariate 
modelling are similar to or smaller than those observed in 
the real data. The PG-A-GAN data shows higher values for 
both feature time series. This is particularly evident for the 
outer diameter, where noise and scatter are less prevalent in 
real data than in the force data. This highlights the trade-off 
of multivariate modeling: capturing cross-feature temporal 
dependencies comes at the cost of increased local noise in 
the generated signals.

For this reason, a multivariate approach was chosen 
to reflect the coupled nature of the process as closely as 
possible. However, if local resolution or focus is required, 
univariate generation should be considered. In this case, a 
multi-head approach could be used to mimic multivariate 
generation by training on the same samples with the same 
latent space vector copied for each feature, as applied by 
Fahle et al. (2022). Future research could also enable exten-
sions for multivariate generation, with respect to local vari-
ance in time series. For instance, the frequency spectrum 
could be modeled by a second head with the same latent 
vector and applied to the generated time series to trans-
form local patterns, in respect to the dataset distribution. 
In addition to that, latent representations can be introduced 
in training, such as proposed in Yoon et al. (2019), for the 
TimeGAN (Time-series Generative Adversarial Networks). 
Since the primary goal of this contribution is to reproduce 
the overall trends and physical consistency of the gener-
ated data, a Savitzky–Golay filter (SciPy, Virtanen et al., 
2020) was applied as post-processing. After smoothing, no 
major differences were observed between synthetic and real 
time series at the level of overall trends and major signal 
variations.

Turning to the conditional synthetic data generation 
results, the AC-PG-A-GAN uses the end geometry as con-
ditioning input within an auxiliary classifier GAN (ACGAN) 
framework. Conditioning is applied only on the final geom-
etry, since the starting geometry varies minimally with the 
outer diameter (approximately 3 mm, Table 1), whereas the 

Fig. 23   Scatter plot showing the relationship between force and 
torque loss over training epochs for the PG-A-GAN

Table 5   Standard deviations of outer diameter and rolling force with 
respect to a fitted signal function

Feature time series Real data Univariate 
DCGAN

Multivariate 
PG-A-GAN

Outer diameter [mm] 0.24 0.27 0.37
Force [kN] 2.19 2.10 2.28
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final outer diameter spans a broader range between 64 and 
82 mm. To accommodate this conditioning, the physics-
guided loss was reduced by 30% to integrate the class loss 
during training. The conditional generation established 
through this approach enables two main applications: (i) pro-
cess modeling, as a fast and flexible alternative to numerical 
simulation or analytical modeling, and (ii) data augmenta-
tion for machine learning tasks. A key limitation, however, 
lies in the latent space: since GANs are inherently restricted 
to the distribution of the training dataset, the model’s action 
space is confined to end geometries of cold ring-rolled 
100Cr6 forged rings with outer diameters between 64 and 
82 mm. Predictions remain possible and condition-sensitive 
within the minimum and maximum geometry range, despite 
gaps in the original latent space, as shown for the thickness 
predictions over normalized timesteps reported in Fig. 24. 
In this case, only filtered training data was used to train the 
AC-PG-A-GAN; instances with a thickness between 5.3 mm 
and 5.7 mm were excluded and were not part of the training 
conditioning latent space. Nevertheless, the predictions for 
these geometries are reasonable, filling the space between 
the conditions in a sensitive way. This demonstrates the fea-
sibility of generating predictions in excluded regions within 
the covered parameter range, that is, in an interpolative 
rather than extrapolative manner. However, due to its mod-
elling nature, making predictions in an extrapolative man-
ner remains a limitation, as is common for fully data-driven 
machine-learning models. Expanding the parameter space 
of ring rolling instances in the dataset would inherently 
broaden the range of time series generation without the need 
for extrapolative predictions. However, TCRR data acquisi-
tion using a single machine, as presented in this research, is 
limited by the machine's geometry and possible range.

Therefore, future work could involve combining several 
ring rolling machines with different dimensions to expand 

the latent space. To illustrate this effect, a preliminary yet 
informative analysis is provided here through a limited 
application of the benchmark DCGAN to the radial-axial 
ring rolling (RARR), a process offering a broader geometric 
operating window than that of the TCRR setup considered in 
the main study presented in this research. In the radial-axial 
ring rolling process (RARR), which is used to produce large 
ring geometries, a single machine and toolset can produce a 
greater variety of ring geometries than the TCRR. Therefore, 
this research briefly demonstrates the data generation of the 
RARR process to show the effect of a wider parameter space. 
The DCGAN baseline of this study was applied to a FEA 
dataset comprising 220 flat ring rolling instances (Mirandola 
et al., 2021) to visualize the effect on the range of generated 
time series. As Fig. 24b shows, the final geometries range 
from 0.9 to 1.8 m, demonstrating the greater coverage of 
DCGAN predictions and the potential for wide-ranging pro-
cess predictions with more flexible forming machines.

Despite the limitation of the given latent space, the pro-
posed method offers two major advantages. First, it was 
benchmarked against 3D finite-element simulations as a 
stronger baseline reference and showed comparable, and 
for several variables better, predictive accuracy. For this 
purpose, the same evaluation procedure used to assess the 
AC-PG-A-GAN results reported in Table 4 was also applied 
to 50 FE simulations generated under the same process set-
tings (see Sect. “Tangential cold ring rolling experiments”). 
In this comparison, the AC-PG-A-GAN achieved RMSE val-
ues of 1.9 kN for the rolling force, 10.20 Nm for the torque, 
0.06 mm for the thickness, and 0.36 mm for the outer diam-
eter. Relative to the FEA-based reference, this corresponds 
to lower errors of 5.9 kN for force, 6.37 Nm for torque, and 
0.09 mm for both outer diameter and thickness.

Besides its competitive accuracy relative to the FEA 
baseline, the proposed AC-PG-A-GAN drastically reduces 
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Fig. 24   a Predictions outside the training latent space (interpola-
tive). The displayed orange time series have not been part of train-
ing or validation data. b 150 random outer diameter predictions with 

a DCGAN for radial–axial ring rolling data with a greater range of 
product geometries in the dataset
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the computation time required for one rolling instance from 
230 CPU-hours on average for one simulation to sub-second 
generation (0.2 ms) of large datasets suitable for both pro-
cess modeling and data-driven applications. The simulations 
were calculated on a high-performance cluster of the Techni-
cal University of Dresden, using up to 32 cores and paral-
lel computation. The GAN model requires 111.3 ± 17 min 
of training, averaged over three runs. Once trained, only 
model inference for different conditions is necessary. The 
model inference and training were performed on an Intel(R) 
Xeon(R) W-2255 CPU. This speed makes the method par-
ticularly attractive for surrogate-model-based optimization, 
where calculation time often represents a bottleneck. It 
should be noted that the FEA comparison proposed here 
serves as a baseline evaluation of predictive accuracy and 
computational efficiency, whereas the following analyses 
address diversity, robustness, and interpolation capability 
within the latent space.

Taken together, these results show that the proposed 
framework predicts average process time series with accu-
racy comparable to FEA simulations while also capturing 
the inherent process variance across different input condi-
tions, as illustrated in Figs. 20 and 21. Beyond the visu-
ally clear variance in the generated instances reported in 
Figs. 20 and 21, quantitative metrics are required to assess 
the diversity of the generated samples more rigorously. This 
is important to identify possible mode collapse, where the 
generator produces only limited variations around mean tra-
jectories instead of representing the full process distribution. 
In such a case, different random latent seeds under the same 
conditioning input would lead to nearly identical outputs 
and, consequently, to reduced sample-to-sample variability. 
Accordingly, the Wasserstein distance was therefore calcu-
lated to compare the distributions of generated and experi-
mental trajectories. By measuring the minimal transport 
cost between both distributions, it quantifies discrepancies 
in distributional support and data space coverage (Peyré & 
Cuturi, 2018). For instance, for the average force trajectory, 
the Wasserstein distance amounts to 1.8 kN (computed 
using SciPy; Virtanen et al., 2020). Compared to the overall 
standard deviation of 8 kN in the experimental dataset, this 
indicates close distributional alignment relative to inherent 
process variability. In combination with the interpolation 
performance reported in Fig. 24, these results indicate that 
the AC-PG-A-GAN model does not only reproduce mean 
trajectories but also captures a meaningful portion of the 
distributional variance observed in the experimental data.

In addition to that, given the limited dataset size, the risk 
of overfitting must be addressed explicitly. In addition to 
standard regularization strategies such as dropout, cross-
validation-based hyperparameter tuning, and early stopping, 
the integration of physical knowledge plays a central role. 
In this regard, the physics-informed and ATL-based loss 

components introduce structural constraints that are inde-
pendent of the specific generator and discriminator architec-
tures. Consequently, these physically motivated regularizers 
help mitigate overfitting and penalize physically implausible 
trajectories even under limited data availability. As demon-
strated in recent literature, such a strategy is increasingly 
relevant in modern machine-learning model development 
(Modanloo et al., 2025).

Beyond its role as a regularized generative model, the 
short inference time of the trained AC-PG-A-GAN also 
opens up several potential downstream applications. In par-
ticular, the prediction of expected mean trajectories together 
with their variance could support probabilistic process 
assessment and, potentially, early detection of instabilities 
and abnormal operating regimes. By extending the generator 
conditioning to include current process states, such as time 
step and geometry, the AC-PG-A-GAN framework could 
in principle support fast forward rollouts of the ring evolu-
tion. Given the current inference time of about 0.2 ms, this 
may provide a basis for real-time closed-loop digital twins 
in process control and monitoring.

Beyond process modeling, a second important appli-
cation of the proposed architecture is data augmentation 
for machine-learning tasks. In this context, the generated 
process variance (see Fig. 19) can be utilized to augment 
existing datasets and provide valuable complementary infor-
mation. Potential use cases in ring rolling include quality 
prediction tasks, such as fishtail defects and circularity, as 
well as the optimization of process settings and parameters, 
typical of the TCRR and other rolling processes employed in 
the manufacturing industry. In this regard, the torque predic-
tion model presented in Sect. “Analytical transfer learning 
models training and performance” achieved a best RMSE 
of 10.144 Nm and was therefore selected as the best model. 
However, because of the limited database size for the torque 
surrogate model definition within the ATL module, the 
training process was sensitive to model initialization, initial 
weights, and batch composition, resulting in considerable 
run-to-run variability and making robust model selection 
challenging. Across five runs, the initial model achieved an 
average RMSE of 16.26 ± 4.46 Nm. After augmenting the 
training database with AC-PG-A-GAN-generated synthetic 
data, this average RMSE was reduced to 12.11 ± 1.36 Nm. 
Although the best model's peak performance in a single run 
was not outperformed by this data augmentation, the train-
ing stability was improved significantly, thereby enhancing 
the models' generalization capabilities. This observation is 
consistent with recent work showing that, when real meas-
urements are scarce or expensive to obtain, augmenting the 
training set with additional, distribution-consistent synthetic 
samples can increase the effective coverage of the training 
distribution and help the model learn more robust features, 
thereby improving generalization and reducing run-to-run 
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sensitivity (Sun et al., 2025a, 2025b; Yu & Liu, 2024). 
This result further bolsters the usefulness of the proposed 
approach for ML data augmentation, as shown in similar 
application reported in recent literature contributions. At 
the same time, these application-oriented results should be 
interpreted within the limitations imposed by the training 
distribution and the AC-PG-A-GAN model architecture.

A further limitation concerns generalization beyond the 
training distribution, since GANs learn representations of 
the latent space defined by the available dataset. In this 
regard, it should be noted that changing fundamental process 
regimes such as introducing a new material with substan-
tially different constitutive response, switching from TCRR 
to RARR, or applying strongly different geometries/contact 
conditions, would typically require updating the physical 
constraint formulations and full retraining of the PG-A-GAN 
model. In contrast, changes that primarily affect the calibra-
tion of the analytical relations embedded in the auxiliary 
losses, such as moderate shifts in friction behavior, flow-
stress scaling, or sensor/measurement scaling within the 
same TCRR setup could be addressed by tuning only the 
ATL surrogate components, while keeping the GAN archi-
tecture unchanged.

As a final remark, broadening the training dataset and 
diversifying the types of samples used for training would 
improve generalization. For instance, including samples of 
profiled and hot ring rolling and assigning different types 
with class labels would expand the model's ability to gen-
eralize in this new latent space, though retraining would be 
necessary. In this regard, combined and heterogeneous ring 
rolling datasets offer significant potential for ML in data-
centric approaches and could allow significant generaliza-
tion and enable cross-use of research results and models. 
However, data aggregation, data quality and data copy-
right remain challenges that need to be addressed in future 
research to enhance existing modelling, which is limited by 
the dataset used for training. Another approach to enable 
cross modeling and expanding trained models could be rep-
resented by transfer learning, where a base model is applied 
to a similar, but different setting, reducing the number of 
experiments needed for training (Seitz et al., 2023).

At this stage, it is also important to highlight the limita-
tions, such as the simplifications applied to physical model-
ling and latent space in model training. Furthermore, the 
time series were smoothed using Savitzky–Golay filters, a 
fact which may reduce the model capability in representing 
correctly local patterns if a multivariate modeling approach 
is chosen. This post-processing step should be regarded as a 
current limitation of the proposed model related to the gen-
erator’s inability to reproduce high-frequency components 
and sharp transients reliably. Hence, at the present stage 
and with the current model architecture, it is not possible 
to quantify the accuracy in modeling local high-frequency 

events, such as abrupt changes in force/torque or rapid geom-
etry/contact transitions. This limitation is particularly rel-
evant for applications such as anomaly detection, where an 
extensions of the proposed framework under a univariate 
modelling conditions or alternative approaches should be 
considered. However, a promising direction to address this 
limitation is to incorporate frequency–domain information 
into the learning representation, for instance by comparing 
spectra via FFT-based losses or by modeling the signals in a 
compact spectral representation and reconstructing the time 
series from it, thereby learning both low- and high-frequency 
content without relying on post-hoc filtering. Nevertheless, 
the results shown in Figs. 20, 21, and 24 indicate that the 
AC-PG-A-GAN model still captures the overall temporal 
evolution of the process, even though local high-frequency 
components and sharp transients are not represented reliably 
with the current multivariate architecture. Future work could 
explore other architectures that use different temporal latent 
representations to determine whether they can also model 
the aforementioned high-frequency components and sharp 
transients without the need for explicit information, such as 
that provided by FFT losses.

An important aspect related to both surrogate modeling 
and synthetic data generation concerns the selection of 
multivariate and univariate modeling strategies. Univariate 
modeling can be chosen instead of multivariate modeling to 
generate frequency sensitive outputs, due to the greater reli-
ability of the signal-to-noise ratio with respect to real data 
(see Table 5). However, univariate data generation ignores 
cross-feature dependencies, treating each feature separately 
by definition and thus it is only suitable when features can 
be treated independently. One possible way to combine the 
current PG-A-GAN framework with univariate modeling 
would be a multi-head architecture similar to that proposed 
by Fahle et al. (2022) for RARR, in which separate univari-
ate time series are generated for each feature, then combined 
and evaluated jointly by the discriminator, while also incor-
porating the physics-guided auxiliary loss proposed here. 
Although interesting, and potentially the solution to achieve 
cross-variables influence while allowing for high frequency 
data modeling, such as in defect detection applications, this 
aspect was beyond the scope of this research and therefore 
was not considered in the proposed architecture.

Overall, the proposed approaches, both the uncondi-
tioned PG-A-GAN and the conditioned AC-PG-A-GAN, 
demonstrate the feasibility and practicality of incorporating 
physics into GAN-based time series generation for TCRR. 
Within the learned latent space, the proposed model can 
generate ring-rolling time series for six features, namely 
time [s], rolling force [kN], rolling moment [Nm], center-
ing force [bar], outer diameter [mm], and the ring thick-
ness [mm], with strong sensitivity to the geometrical con-
dition (Fig. 22). Nevertheless, future work should explore 



Journal of Intelligent Manufacturing	

additional downstream applications beyond the presented 
use cases of process modeling and data augmentation to fur-
ther validate PG-A-GAN in industrial settings. In addition 
to that, other recently developed generative ML algorithms, 
such as diffusion models (Ho et al., 2006) and transformer 
GANs (Srinivasan & Knottenbelt, 2022) could be tested to 
assess the possibility of integrating ring rolling knowledge in 
modeling as alternatives to the GANs architecture. Although 
not directly tested in this research, this would enable an over-
all performance comparison across different ML approaches.

Conclusions

A generative ML approach based on GANs for the TCRR is 
developed and presented in this contribution. The focus is on 
including physical knowledge in a physics-guided training 
framework, where analytical and surrogate process models 
contribute auxiliary losses that guide the training toward physi-
cally consistent solutions. Accordingly, the proposed frame-
work was applied as a process-data generator for the time-
series generation of both unconditioned and conditioned ring 
geometries. The four key results can be summarized as follows:

	 (I)	 The baseline DCGAN is a suitable algorithm to 
generate multivariate TCRR time series for the 
time [s], rolling force [kN], rolling moment [Nm], 
centering force [bar], outer diameter [mm], and the 
ring thickness [mm]. A custom-developed observer 
integrated into the training process supported the 
selection of the best generator model based on the 
adherence of the generated data distribution to the 
experimental data distribution ( pg).

	 (II)	 The introduction of physics-guided constraints in the 
PG-A-GAN, implemented through auxiliary losses 
based on physics-informed relations and analyti-
cal transfer learning (ATL), enabled guided train-
ing alongside known relationships of the ring roll-
ing process. Six out of seven quantified parameters 
improved in adherence to real world data in com-
parison to the baseline GAN modeling (DCGAN), 
such as the ring volume, whose error was reduced 
from ~ 20 to ~ 7 cm3. Rolling torque was the only 
physical loss that worsened slightly, by about 1 Nm, 
indicating that the effectiveness of the proposed 
guidance depends strongly on the quality of the 
underlying analytical or surrogate process model.

	 (III)	 Conditional data generation with the AC-PG-A-
GAN enabled effective process modeling for cus-
tomizable end-ring geometries. Importantly, the gen-
erated predictions exhibit natural process variance, 

id est, the same condition does not always produce 
an identical time series, but rather a realistic range 
of outcomes that remain sensitive to the specified 
condition. The prediction errors remain within a few 
percent, with an RMSE of 0.36 mm for the outer 
diameter and 1.9 kN for the rolling force.

	 (IV)	 The AC-PG-A-GAN was benchmarked against 
3D finite-element simulations and showed com-
petitive predictive accuracy together with a drastic 
reduction in computation time, from several CPU-
hours per simulation to sub-millisecond inference 
once trained. However, as with all GAN-based 
approaches, predictions remain limited to the latent 
space defined by the training data, so that interpo-
lation within the covered range is feasible, while 
extrapolation remains a limitation.

The derived generative models can be considered as 
a fast-calculating extension to numerical and analytical 
modeling in process modeling, for instance for process 
design, optimization, and synthetic data generation. In 
addition, the generated data also showed potential for 
data augmentation in ML applications, improving the 
average performance and stability of the torque surrogate 
model across repeated runs. Future work should extent and 
benchmark the proposed architectures on a wider range 
of applications, such as profiled ring rolling as well other 
manufacturing process where ML modeling requires great 
training datasets. In parallel, further improvements in the 
physical and surrogate modeling, particularly for rolling 
torque, as well as investigations of alternative generative 
backbones, could further enhance the quality and general-
izability of the proposed PG-A-GAN framework.

Appendix A: Pseudo‑code for PG‑A‑GAN 
model training.

Notation

•	 Dataset of real multivariate time series: D = {x}

•	 Generator G� , discriminator D�

•	 Latent noise z ∼ p(z)

•	 (Optional) condition c (only if you present AC-PG-A-
GAN)

•	 Auxiliary physics models grouped as P(⋅)
•	 Annealing weight �(t) ∈ [0,1] , ramps up over epochs
•	 Physics weight �phys (annealed over epochs)
•	 Standard GAN losses: LD, LG(e.g., logistic/BCE)
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PG-A-GAN training

Procedure TRAIN_PG_A_GAN ( , , , , ,
phys)

initialize , (network parameters)

for epoch = 1 to do
← ANNEAL( )

(A) Update discriminator times
for = 1to do

sample minibatch ∼

sample ∼ ( )

if conditional training then sample condition and set ̂ ← ( , )

else ̂ ← ( )

← DISCRIMINATOR_LOSS ( , , ̂ )

← OPTIM_STEP ( , ∇ )

end for
(B) Update generator once (adversarial + auxiliary physics) 
sample ∼ ( )

if conditional training then sample condition and set ̂ ← ( , )

else ̂ ← ( )

(C) Adversarial objective (fool discriminator)
adv ← GENERATOR_ADV_LOSS ( , ̂ )

(D) Auxiliary physics objective (differentiable constraints / surrogate models)
phys ← PHYSICS_AUX_LOSS ( ̂ ; )

(E) Total generator loss with annealing
← adv + ⋅ phys ⋅ phys

← OPTIM_STEP ( , ∇ )

end for
return trained 

end procedure 
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Physics-guided auxiliary loss

Procedure PHYSICS_AUX_LOSS( ; )

 contains generated time series (e.g., time, diameter, thickness, force, torque) 

extract generated channels: ̂ ̂ , ℎ̂ ̂ ̂

(A) Volume consistency 
̂ RING_VOLUME ̂ ̂   

vol ← MSE ̂ ( ) ref) compare to dataset mean or reference volume 

(B) Time–diameter expansion consistency (semi-analytical ring growth) 

̃ ← DIAMETER_TIME_MODEL ̂ , ℎ̂,process params)

time ̃ ̂)

(C) Analytical transfer learning (ATL) force consistency
slip ← SLIP_LINE_FORCE ̂ , ℎ̂,material/contact terms)

← MLP_FORCE_SCALE(geometry,process params ̂)

̃
slip

force ← MSE ̂ ̃ )

(D) Torque consistency via force–torque coupling (surrogate friction)
POLY_FRICTION ̂ 3rd-order polynomial in normalized force 

̃ ̂
roll

torque ← MSE ̂ ̃ )

Combine physics losses 

phys vol time force torque

return phys

end procedure
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