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A B S T R A C T

Modelling hot deformation of low alloy steels is important for optimising processing efficiency and cost 
reduction. Existing approaches lack generalisation as they primarily focus on single steel grades, ignoring 
chemical composition. To address this, a dataset comprising 58 distinct low-alloy steels and an Attention-Based 
Multi-Head Feature Fusion Network (AMHFnet) has been established and proposed. AMHFnet uses multi-head 
residual modules and a head weighting mechanism to adaptively learn high-dimensional representations of 
both chemical composition and processing variables, which are then fused and processed via a feature filtering 
and repeat step decision mechanism to predict hot deformation response. It demonstrated superior accuracy and 
generalisability in 10-fold cross-validation compared to existing decision tree-based models and state-of-the-art 
deep learning models. Ablation studies demonstrate the effectiveness of individual components of the network. 
An investigation of the effect of carbon demonstrated that AMHFnet could reliably reflect elemental effects on 
hot deformation behaviour, further validating its reliability and applicability. The model successfully captures 
work hardening behaviour and dynamic recrystallisation for most compositions. By accurately predicting hot 
deformation behaviour across diverse low-alloy steels, this work can simplify the alloy-composition design 
process and target the experimental testing.

1. Introduction

Low-alloy steels have been widely employed in automotive body 
structures, aerospace components, machinery manufacturing, and rail
way tracks (Herian and Anioek, 2008), (Tomita, 2000), (Lu et al., 2021), 
due to their superior mechanical properties. Investigation of their hot 
deformation behaviour facilitates the efficient selection and optimisa
tion of hot working processing parameters during the design phase 
(Kumar et al., 2020), (Zhang et al., 2023a) and precise control of rolling, 
forging, and extrusion operations to achieve the desired mechanical 
performance (Dear et al., 2025), (Zhang et al., 2024). Moreover, the 
modelling of the stress–strain–strain rate–temperature behaviour in hot 
deformation can be used to construct processing maps. This can identify 
the safe and efficient strain rate–temperature windows for high tem
perature thermomechanical treatments and prevent stress concentra
tions that may lead to failure, such as cracking (Yang et al., 2015a). Hot 
deformation modelling also aids in tool design, e.g. dies, rollers, and 
other tooling, by predicting forces and stresses during deformation, 
reducing the risk of tool wear and failure. Therefore, the development of 

high-accuracy models for hot deformation behaviour is of great impor
tance for enhancing the economic efficiency and reliability of low-alloy 
steel production.

The common approach for modelling hot deformation is constitutive 
modelling (Savaedi et al., 2022) by either phenomenological approaches 
(e.g. Arrhenius law, Johnson-Cook model) (Johnson and Cook, 1983), 
(Molinari and Ravichandran, 2005), (Lin and Liu, 2010), (Ghosh et al., 
2021), (Kingkam et al., 2020) or physics-based modelling (e.g. 
Zerilli-Armstrong model) (He et al., 2014), (Mirzaie et al., 2016), 
(Gurusamy and Rao, 2022), (Kanrar et al., 2023). Phenomenological 
approaches, such as Johnson-Cook, are simple to use and popular for 
simulating manufacturing processes like hot forging and hot rolling. 
However, the complex interrelationship between the process parameters 
and deformation mechanisms is generally ignored. It does not account 
for strain softening due to microstructural changes and is better suited 
for predicting only a characteristic stress (e.g. peak stress (Chen et al., 
2019)) rather than a complete deformation response. On the other hand, 
physics-based approaches are based on thermally activated dislocation 
motion, capturing microstructure dependent plastic deformation 
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behaviour. They provide more accurate prediction of complete defor
mation response and onset of strain softening, compared to phenome
nological approaches. However, the constants are material dependent 
and extrapolation of one model is limited to a narrow range of process 
parameters and alloy chemistry (Lee and Liu, 2006).

Modelling the hot deformation behaviour traditionally relies on vast 
amounts of laboratory experimental data (Li et al., 2013), (Li et al., 
2012). Constitutive modelling struggles to process such 
high-dimensional, large-scale datasets, while neural network-based 
constitutive models (Churyumov et al., 2022a), (Mandal et al., 2006), 
(Ji et al., 2010), (Churyumov and Kazakova, 2023), (Mandal et al., 
2009) are able to capture nonlinear relationships and multivariate in
teractions between multiple process parameters more efficiently, and 
there is no prior knowledge about the relationship between the pa
rameters is required. Recent studies have shown the effectiveness of ML 
techniques, including Artificial Neural Networks (ANNs), Support Vec
tor Machines (SVMs), and ensemble methods like XGBoost in capturing 
the material behaviour (Xu et al., 2025), (Xu et al., 2023), (Jain et al., 
2024). Opěla et al. (2022) made a thorough comparison between 
shallow learning methods and deep learning methods, based on 
Restricted Boltzmann Machine (RBM) and an Auto-Encoder (AE). They 
observed both RBM and AE-based deep learning methods outperformed 
shallow learning for medium carbon steels. Huang et al. (2023)
compared random forest (RF), support vector machine (SVM), radial 
basis function (RBF) ANN and backpropagation (BP) ANN for predicting 
the high-temperature deformation behaviour of GH3536 superalloy. 
They concluded prediction power of RBF ANN is superior to RF. How
ever, Murugesan et al. (2023) also compared the use of SVM, single 
decision tree (SDT) and random forest regression (RFR) to characterize 
the flow behaviour of AISI 1045 steel. They found RFR performed the 
most accurately and efficiently. This is contrary to Huang’s research 
results (Huang et al., 2023), which could be due to the complexity of the 
microstructure and alloy chemistry of different materials. For predicting 
hot rolling behaviour of micro-alloyed steels, Thakur et al. proposed a 
multivariate supervised machine learning approach that incorporates 
the effect of process parameters such as roll dimensions and their wear, 
temperature variation, which cannot be captured in mathematical 
models (Thakur et al., 2023).

In modelling the hot deformation behaviour of low-alloy steels, the 
phenomenological approaches, physically-based approaches, or data- 
driven approaches have a common limitation – the developed models 
are typically tailored to specific steel grades and lack generalisability to 
other compositions. These models are not applicable to predicting the 
deformation behaviour of different steel types. Moreover, the modelling 
process heavily relies on extensive and costly experimental data, which 
significantly prolongs the development cycle of new materials. 
Currently, there is a lack of a generalised modelling approach capable of 
predicting the high-temperature flow behaviour of low-alloy steels 
across a certain range of chemical compositions (Churyumov et al., 
2022b).

To address this gap and achieve low-cost and generalised low-alloy 
steel hot deformation prediction, we proposed an attention-based 
multi-head feature-fusion network (AMHFnet) that effectively extracts 
and fuses features from both chemical compositions and physical con
ditions. Then, the feature filtering and the repeat step decision mecha
nism have been employed to achieve accurate behaviour prediction. The 
main contributions of this paper are as follows: 

• Assembled a database encompassing 58 literature-based distinct 
steel compositions for further research.

• Proposed a feature encoding module that leverages multi-head re
sidual encoders and attention mechanisms to adaptively learn the 
complex and high-dimensional representations for tabular data. 
Ablation studies have been conducted and have validated the effec
tiveness of this module and its individual components.

• Visualised the importance of the input features by SHapley Additive 
exPlanations (SHAP). By combining the research on the effects of 
alloying elements in the existing literature, we analysed and verified 
the interpretability of the proposed model.

• Analysed the prediction for multiple low-alloy steel grades and found 
that the data-driven methods that only rely on chemical composition 
and physical processing conditions are difficult to capture the 
behaviour when dynamic recrystallisation takes place, highlighting 
the importance of incorporating microstructural evolution de
scriptors such as recrystallised volume fraction, peak strain, steady 
state strain as function of alloy chemistry to data-driven models in 
the future.

The remainder of this paper is organised as follows: In Section 2, we 
present the methodology in detail, including the data acquisition process 
and its composition, the proposed network and designed modules, and 
the employed feature importance analysis method. Section 3 compares 
the performance of the proposed model with state-of-the-art approaches 
on the constructed dataset and conducts a comprehensive evaluation of 
the effectiveness of each module through ablation studies. Furthermore, 
Section 4 provides an in-depth analysis of model performance from three 
perspectives: fitting performance under varying processing conditions, 
model interpretability via feature importance, and a case of the effect of 
single element (carbon) content variations on the model performance. 
Finally, Section 5 concludes the paper, highlights the key advantages of 
the proposed model and its limitations, and provides future research 
directions.

2. Methodology

This study followed the workflow illustrated in Fig. 1. First, a data 
collection tool was developed to mine the literature for hot-deformation 
behaviour data on various low-alloy materials, which were compiled 
into a comprehensive dataset. Next, we designed a novel attention-based 
multi-head feature-fusion network (AMHFnet) for stress prediction. The 
performance of the model was evaluated by comparison with the 
commonly used and state-of-the-art methods. Then, the stress-strain 
curves have been visualised for the discussion of the hot deformation 
behaviour fitting across different physical conditions and materials. 
Finally, SHAP (SHapley Additive exPlanations) analysis has been uti
lised to quantify each input feature’s contribution to the network’s 
predictions, thereby revealing the relative importance of chemical and 
physical parameters in controlling hot-deformation behaviour. The 
training and evaluation were conducted using a laptop with a 1.2 GHz 
Core Ultra 5 125H CPU and 32 GB RAM, and an NVIDIA GeForce RTX 
3090 GPU.

2.1. Dataset generation

2.1.1. Data acquisition
All the publications involved in this research for data acquisition 

were retrieved from the Scopus database based on two keywords, "Hot 
Deformation" and "Steel". The retrieved publications are further filtered 
and selected by the following requirements: (1) Since high temperature 
compression test is more reliable than tensile or torsion tests, only high 
temperature compression test data were shortlisted. (2) The alloy 
chemistry was restricted to low alloy steels as wide variations in steels 
will introduce a broader range of chemical composition and different 
factors active at hot deformation conditions (e.g. dynamic recrystalli
sation, dynamic recovery, mechanism of work hardening, etc). After 
filtering out, 56 publications have been identified (Zhao et al., 2020), 
(ping Xi et al., 2022), (Zhang et al., 2023b), (Li et al., 2020a), (Jia et al., 
2022), (Dou and Liu, 2020), (Li et al., 2019), (Menapace et al., 2018), 
(lian Wei et al., 2023), (Qiao et al., 2020), (Zhao et al., 2023a), (Kishor 
et al., 2018), (Kawulok et al., 2022), (Gao et al., 2016), (Kim et al., 
2020), (Yang et al., 2017), (He et al., 2024), (Li et al., 2020b), (Xiang 
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et al., 2023), (Jiang et al., 2023), (Huang et al., 2018), (Liu et al., 2018), 
(Ye et al., 2020), (Boroumand et al., 2021), (Li et al., 2022), (Kingkam 
et al., 2017), (Zhao et al., 2023b), (Alcelay et al., 2014), (lian Wei et al., 
2013), (Dong and Liu, 2019), (Chen and Nash, 2018), (Yin et al., 2013), 
(Thakur et al., 2020), (Rakhshkhorshid and Hashemi, 2013), (Wen et al., 
2015), (Xu et al., 2016), (Dong et al., 2017), (Zhang et al., 2016), 
(Sajadifar et al., 2012), (Lin and Chen, 2010), (Ren et al., 2018), (XU 
et al., 2009), (Lin et al., 2009), (Wang et al., 2018), (Qi et al., 2011), 
(Singh et al., 2016), (feng Dong et al., 2009), (Zhao et al., 2023c), (Qian 
and Peng, 2015), (Sasaki and Katsumura, 2019), (Yang et al., 2015b), 
(Lan et al., 2019), (Duan et al., 2021), (Li et al., 2020c), (Jang et al., 
2017), (Deng et al., 2024).

Based on these publications, 58 low-alloy steels with different 
chemical compositions were selected. For each stress–strain plot in the 
publications, at least 30 data points were extracted to cover the com
plete hot deformation behaviour. The features used in the dataset can be 
divided into two types: (1) chemical features (14 alloying elements) and 
(2) physical features (temperature, strain rate, true strain). The output 
feature is true stress. A detailed statistical analysis of the dataset is 
shown in Table 1. The data distribution for all steel grades can be found 
as a heatmap in the supplementary file.

The histogram distribution of all the input features is shown in Fig. 2. 
The temperature and true strain are more evenly distributed in their 
respective range than the alloying elements, while strain rate distribu
tion is concentrated primarily below 10 s−1, frequently used in experi
ments. As we considered only low-alloy steel, carbide or precipitate 
forming elements (Ti, Nb, V, Cr) are present in lower concentrations. 
Carbon concentration is considered for both low-carbon and high- 
carbon steels with a more uniform distribution in the range of 0–0.5 
wt%. In contrast, Mn has a uniform distribution in the considered range. 
In total, the constructed dataset has 17653 sampling points for different 

steel grades. The data is cleaned by deleting outliers, and the final 
dataset has 17444 data points.

2.1.2. Data pre-processing
Data pre-processing was applied to both physical and chemical fea

tures before feeding them into the network. As seen in Fig. 2, the 
physical features have a wide range of values. For example, deformation 

Fig. 1. Overall workflow of the study.

Table 1 
Range and statistical information of the features in the dataset.

Features Max Min Average Standard 
deviation

Chemical 
features

C(wt.%) 1.030 0.013 0.275 0.245
Mn(wt.%) 1.780 0.140 1.087 0.442
Si(wt.%) 1.720 0.020 0.363 0.326
Cr(wt.%) 2.680 0 0.471 0.611
Cu(wt.%) 0.500 0 0.045 0.109
Mo(wt.%) 2.100 0 0.142 0.322
Ni(wt.%) 1.800 0 0.22 0.436
Nb(wt.%) 0.250 0 0.011 0.038
Ti(wt.%) 0.083 0 0.009 0.019
V(wt.%) 0.630 0 0.049 0.093
Al(wt.%) 0.970 0 0.025 0.111
P(wt.%) 0.033 0 0.009 0.006
S(wt.%) 0.086 0 0.009 0.013
N(wt.%) 0.018 0 0.004 0.005

Physical 
features

Strain rate (1/ 
s)

30 0.001 2.577 5.574

Temperature 
(K)

1473 1023 1271.705 102.92

True strain 1.111 0 0.327 0.260
True stress 
(MPa)

343.52 2.987 96.389 56.67
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temperature is in the range of 1023–1473K while the amount of true 
strain is 0–1.11. To mitigate the influence of differing scales and 
enhance model convergence and accuracy, Z-score standardisation was 
applied. This transformed the physical features in the dataset into a 
standard normal distribution with a mean of 0 and a standard deviation 
of 1 using Equation (1). 

S =
X − μ

σ , (1) 

where X represents the original data, μ is the mean of the data, and σ is 
the standard deviation of the data.

For the chemical features, Fig. 3 illustrates the Pearson correlation 
analysis of 14 chemical elements. It can be observed that the correlations 
between multiple chemical elements are high, especially the correlation 
between Nb and Mo is 0.75, between V and Mo is 0.68, and between V 

and Nb is also 0.69. This high correlation indicates that these elements 
have significant collinearity. The high-dimensional feature space 
created by all of these features could introduce difficulties to the feature 
extraction and lead to the overfitting problem, which poses a challenge 
to the generalisation of the model. Hence, principal component analysis 
(PCA) has been employed to reduce the dimensionality of the chemical 
features (from 14 to 8).

2.2. Attention-based multi-head feature-fusion network

The diverse alloy compositions of low-alloy steels create a sparse 
feature space. Accurate prediction of their hot deformation behaviour 
requires large amounts of experimental data, which is costly and time- 
consuming to obtain. This poses a key challenge for applying data- 
driven or machine learning approaches. Therefore, under such limited 
data conditions, it is of great importance to develop an efficient and 

Fig. 2. Histogram distribution of the chemical and physical features.
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generalisable representation model. To address this, this work proposed 
an AMHFnet. The data used in the conventional regression task com
prises multiple diverse features that correspond to meaningful variables. 
Decision tree-based methods or feedforward networks are commonly 
used methods for the regression problem. However, for this task, there 
are some characteristics of the input data that pose challenges for the 
direct adoption of the mentioned methods, where chemically relevant 
features and physically relevant features are independent of one 
another, while the chemical features exhibit strong intercorrelations 
among constituent elements. The idea of the proposed AMHFnet is to 
split the raw inputs into two streams, which enables the model to 
independently learn higher-dimensional representations for both 
chemical and physical features, preventing interference between het
erogeneous feature types. The learned representations were then inte
grated and merged through efficient feature selection mechanisms to 
produce the prediction. As presented in Fig. 4(c), AMHFnet includes two 
parts, which are feature encoding, and feature selection and processing. 
The feature encoding learns a high-dimensional representation of the 
materials’ chemical and physical features. A feature selection and pro
cessing module has been employed to obtain the final prediction from 
the representations.

The feature encoding section consists of three modules, which are 
multi-head encoder Fig. 4(a), head weighting Fig. 4(b) and feature 
fusion. The multi-head encoder takes the input X ∈ Rn×f , where n is the 
number of the sample in one batch, f is the number of the input features, 
and generates a multi-head representation M ∈ Rn×h×f , where h is the 
number of the head. It employs multiple heads to operate on low- 
dimensional projections of the input, which allows the module to 
learn diverse and complex representations. The calculation of each head 
is independent and leads to different results. For each head, the encoder 
is a 3-layer residual fully connected (FC) layer. The residual connection 
has been widely used in convolutional neural networks and other deep 
learning architectures, due to its capabilities, such as facilitation of 
identity mappings (allowing layers to skip transformations), mitigation 
of the vanishing gradient, etc. However, in the context of the data 
addressed in this study, the demand to learn high-dimensional repre
sentations and the difference in feature dimensions prevent the direct 
application of residual connections. To address this, we propose a novel 

multi-head fully connected residual module, which is presented in Fig. 4 
(a). This module leverages the advantages of residual learning to learn 
high-level representations efficiently. Specifically, we designed an 
inverted bottleneck structure, which expands the number of neurons in 
the first 2 FC layer four times the input features, and narrows the 
number of neurons in the last FC layer to the same as the input features. 
Such an architecture could keep the dimension while improving the 
representation power of the network. The head can be expressed as: 

head(X) =
(

Wh
3 ⋅ σ

(
Wh

2 ⋅ σ
(

Wh
1X + bh

1

)
+ bh

2

)
+ bh

3

)
+ X, (2) 

where Wh and bh are the weight and bias of the fully connected layer for 
the head h. σ is the ReLU activation function. Wh

1 ∈ R4f×f , Wh
2 ∈ R4f×4f 

and Wh
3 ∈ Rf×4f .

Then, a multi-head mechanism has been employed to enhance the 
diversity of the learned representations and increase the module’s 
capability of capturing complex patterns and dependencies. The outputs 
of each head are concatenated to obtain the representation, which can be 
expressed as 

MultiHead = Concat(head1, …, headh). (3) 

To further model the interdependencies between heads and extract 
the importance of each head, a head weighting module has been 
developed, which can adaptively recalibrate head-wise representations 
and is presented in Fig. 4 (b). In this module, the multi-head represen
tation M is squeezed in the feature domain by a 1D adaptive average 
pooling (AAP1D) to integrate the feature information. Then 2 FC layers 
are applied to generate the head weighting function Hw, which can be 
calculated as: 

Hw = δ(Wh2σ(Wh1AAP1D(M))), (4) 

where δ is the sigmoid activation function, Wh1 ∈ R
h
2×h and Wh2 ∈ Rh×

h
2.

The output of the head weighting module MH = (MH1, MH2, …, MHh)

can be expressed as: 

(MH1, MH2, …, MHh) = Hw(M1, M2, …, Mh). (5) 

In the feature fusion module, a 1d convolutional layer is employed to 
integrate the features in the weighted multi-head representation MH in 
the head domain and further expand it as channels for the output 
MO ∈ Rn×c. The convolutional operation can be expressed as: 

MOj =
∑h

i
wCj,i*MHi + bCj, (6) 

where wC is the kernel of the convolutional operation, whose size is f . bC 
is the bias of the convolutional operation. i and j are the indicators for 
the input number of the head h and the output number of channels c. In 
this study, h is 12 and c is 48.

In the last part of the feature encoding section, the feature map used 
to feed into the feature selection and processing section is generated by a 
concatenation operation for the fusion of both chemical-related repre
sentation and physical-related representation, written as 

MF = Concat
(
MO(Xchemical), MO

(
Xphysical

))
. (7) 

The feature selection and processing section starts with a batch 
normalisation layer, which is used to enhance training stability. Then 
the merged features are fed into sequential decision steps for represen
tation learning. Given the superior capability of feature selection, 
feature transformer and attention transformer modules from TabNet 
(Arık and Pfister, 2021) have been employed in the decision steps for the 
efficient feature filtering. In each decision step, there are two main 
components, the feature transformer and the attentive transformer, 
which have been presented in Fig. 4(d) and (e). The attentive trans
former is designed to learn the importance of the proceed features in the 

Fig. 3. Pearson correlation coefficients heatmap of chemical features.
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preceding step, as−1, by generating a mask Masks. It regularises the 
model by penalising over-diffuse attention and encouraging it to focus 
on the most relevant features. The Masks can be expressed as: 

Masks = sparsemax(Ps ⋅ lAs(as−1)), (8) 

where ls is a trainable function, which is a FC layer, followed by BN layer 
and is presented in Fig. 4 (e), Ps is the prior scale term, which is used to 
record how much each feature is applied in the previous step and can be 
expressed as: 

Ps =
∏s

j=1

(
γ − Maskj

)
, (9) 

where γ is defined as a relaxation parameter to control the flexibility of 
feature reuse in multiple decision steps. P0 is set as all ones, where there 
is no prior on the masked features. With the value of γ increase, the 
model has more flexibility in using features in different steps.

The attentive transformer utilises this masking mechanism to select 
significant features based on the current features and outputs from 
previous steps, ensuring that the model can focus on different important 
features at various steps. The filtered features are further processed by 
the feature transformer module, which is split into two components ds 

and as. Where ds is the output of the current decision step s and as is the 
features that will be used for the attentive transformer in the next de
cision step s + 1. The whole process can be explicit as below. 

ds, as = lDs{Masks ⋅ lF} (10) 

The structure of the learnable functions, shared layers lF and step- 
dependent layers lDs in the feature transformer module are presented 
in Fig. 4(d).

After the last decision step, the output features of all steps are inte
grated through the fully connected layer to finally generate the predic
tion result of the model. In this study, the number of steps is 3.

2.3. Evaluation

To evaluate the generalisation of the hot deformation behaviour 
prediction, the dataset is split based on the chemistry. Different chemical 
compositions were divided into two sets. The 10-fold cross-validation 
method has been used to evaluate the robustness of the model. 
Around 90 % of the chemical compositions (52 chemical compositions) 
and their corresponding data were used as the training dataset, while the 
remaining 10 % were used as the testing dataset (6 chemical composi
tions) in each fold.

Fig. 4. The architecture of the proposed AMHFnet in this paper. (a) and (b) are the structure of the modules (multi-head residual encoder, head weighting) used in 
the feature encoding section. (c) is the flowchart for the structure of the AMHFnet. (d) and (e) are the structure of the modules (feature transformer and attentive 
transformer) used in the feature selection and process.
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The evaluation metrics used in this paper are the coefficient of 
determination (R2), mean absolute error (MAE), and root mean squared 
error (RMSE). The equations are provided below: 

R2 =

∑n
i=1(ŷi − y)

2

∑n
i=1(yi − y)

2 (11) 

MAE =
1
n

∑n

i=1
|ŷi − yi| (12) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n

(ŷi − yi)
2

√

, (13) 

Where ŷi is the prediction, yi is the actual value, y is the mean value of yi
Furthermore, we compare the model’s performance with several 

well-used Decision Tree (DT) based machine learning methods and 
state-of-the-art deep learning methods, which are commonly used in 
regression tasks.

2.4. Feature importance analysis

SHAP (SHapley Additive exPlanations) is an advanced method for 
explaining machine learning and deep learning models based on game 
theory (Lundberg et al., 2019). The SHAP value considers all possible 
feature combinations, evaluates the marginal contribution of each 
feature under different feature combinations, and averages these mar
ginal contributions to finally obtain the SHAP value of each feature. 
Specifically, for each input feature of the model, SHAP will traverse all 
possible feature subsets and calculate the changes in model output 
before and after adding a certain feature. In this way, the marginal 
contribution of each feature to the prediction result can be quantified. 
Then, these marginal contributions are weighted averaged to ensure that 
the importance assessment of each feature is fair and explanatory. Given 
a feature, the formula for its SHAP value ∅i is as follows: 

∅i =
∑

S⊆N/{i}

|S|!(N − |S| − 1)!

N!
[fx(S ∪ {i}) − fx(S)], (14) 

where N is the set of all features, S is a feature subset in N that does not 
contain i, fx(S) represents the output of the model using only the feature 
subset S, fx(S ∪{i}) represents the output of the model using the feature 
subset S plus feature i, |S| is the size of the feature subset S (i.e. the 
number of features), N∨ is the total number of all features.

3. Results

3.1. Training and methods comparison

All models were trained on a workstation equipped with an Intel(R) 
Core(TM) Ultra 5 125H CPU, 32 GB of RAM, and an NVIDIA GeForce 
RTX 3090 GPU. Training was conducted for 150 epochs. The Adam 
optimisation algorithm was used with an initial learning rate of 2 ×

10−3, which was decreased at the 80th and 120th epochs.
Table 2 presents the comparison of the proposed AMHFnet with 

other decision tree-based and state-of-the-art deep learning based 
methods in terms of mean and standard deviation values calculated from 
the test dataset in 10 folds across R2, MAE, and RMSE. It can be observed 
that the conventional decision tree-based methods, such as CatBoost, 
ExtraTrees, LightGBM, and their variants, show a similar performance. 
The RMSE values of CatBoost, ExtraTreeMSE, and LightGBMXT all hover 
around 16.5, which demonstrates the strength of such methods in 
capturing nonlinear patterns effectively. In contrast, most deep neural 
network models did not demonstrate a competitive performance for this 
task. For instance, the radar chart of performance as plotted in Fig. 5
shows TabNet and TabKANet are concentrated in the middle, which 
achieved RMSE values of 19.089 and 19.497, respectively, with 

standard deviations as high as 3.339 and 5.142. This indicates a high 
sensitivity to data distribution and suggests a significant risk of over
fitting. The complex architectures of these deep models struggle to 
generalise on such a scale of feature space. Moreover, a comparison 
between the proposed models with and without PCA has been shown in 
Table 2. The results indicate that removing PCA and directly using the 
full 14-dimensional chemical composition features leads to a more 
complex feature space and challenges the model’s representation 
learning capability.

In comparison, it can be seen from Fig. 5, the proposed AMHFnet 
outperforms all other models across all metrics. It achieves the highest 
R2 value of 0.915 and the lowest MAE and RMSE values, at 11.506 and 
15.346, respectively, with superior fitting accuracy. Moreover, it also 
demonstrates the lowest standard deviations for MAE (1.298) and RMSE 
(1.934), indicating the robustness across different data splits, and thus 
excellent generalisation capability.

Table 3 presents a comparison of model and computational 
complexity among the evaluated deep neural network-based models. 
The proposed model contains 0.09M parameters and requires 1.52 
MFLOPs, which has slightly more parameters than Tabnet and TabKA
Net, but significantly outperforms them in both prediction accuracy and 
stability. Compared with the next best model, TabFPN, our model ach
ieves higher performance with fewer parameters and lower computa
tional cost.

3.2. Ablation studies

In addition, an ablation study was conducted to investigate the 
impact of each module within the proposed model and to verify the 
effectiveness of the design. The proposed AMHFnet consists of four main 
components: the Feature Processing (FP) module, Multi-Head Residual 
Encoder (MH), Head Weighting (HW), and Feature Fusion (FF) modules. 
The FP module is responsible for predicting the final output from the 
learned feature representations and serves as the key regression 
component. The MH module constructs multiple feature subspaces from 
the input representations, while the HW and FF modules apply 
attention-based weighting and feature fusion on these subspaces to 
enhance the representation quality. In Table 4, different module com
binations were analysed to reveal both individual and synergistic effects. 
As shown in Table 4, when using only the feature processing (FP) 
module, which takes raw data as input, the model achieves a mean 

Table 2 
The comparison of the evaluated methods on the evaluation metrics. The results 
are calculated based on the 10-fold cross-validation.

Models R2 MAE RMSE

Mean Std 
dev

Mean Std 
dev

Mean Std 
dev

CatBoost 0.907 0.014 11.797 1.442 16.185 2.613
ExtraTreeMSE 0.901 0.026 11.924 1.323 16.489 2.280
LightGBM 0.893 0.016 12.662 1.727 17.492 3.294
LightGBMXT 0.902 0.015 12.119 1.662 16.651 2.871
RandomForestMSE 0.875 0.030 13.466 1.528 18.645 2.780
Xgboost 0.887 0.018 12.886 2.129 18.096 4.395
Tabnet (Arık and 

Pfister, 2021)
0.866 0.052 14.313 2.437 19.089 3.339

AutoGluon-NN (
Erickson et al., 
2020)

0.881 0.029 13.507 2.438 18.200 3.014

AutoGluon-MLSE (
Erickson et al., 
2020)

0.899 0.023 12.159 1.559 16.757 2.706

TabKANet (Eslamian 
et al., 2025)

0.851 0.071 15.777 4.102 19.497 5.142

TabPFN (Hollmann 
et al., 2022)

0.912 0.028 11.635 1.661 15.553 2.351

AMHFnet – no PCA 0.899 0.030 12.522 2.008 16.565 2.487
AMHFnet 0.915 0.018 11.506 1.298 15.346 1.934

L. Yang et al.                                                                                                                                                                                                                                    Engineering Applications of Artiϧcial Intelligence 165 (2026) 113464 

7 



RMSE of 20.553 with a standard deviation of 5.111. The multi-head 
residual encoder (MH) module enhances the diversity of learned rep
resentations, resulting in improved model performance, particularly 
reducing the standard deviation of RMSE to 3.339. The head weighting 
(HW) module further incorporates an attention mechanism to improve 
the performance, which emphasises more important representations. 
This refinement reduces the mean RMSE to 16.188 and the standard 

deviation to 1.477. The reduction of 71.10 % in the standard deviation 
demonstrates a substantial improvement in model robustness. Similarly, 
the feature fusion (FF) module fuses the representations by head-wise 
convolutional operations and increases the number of feature maps to 
enhance expressiveness. The reduction of the RMSE is 22.18 %, 
reflecting a significant improvement in the model’s reliability. Overall, 
the proposed AMHFnet effectively integrates the advantages of each 
individual module, compared to the FP module, achieving notable im
provements in both accuracy (25.34 %) and robustness (62.17 %). 
Furthermore, an early-fusion version of the AMHFnet model has been 
tested to justify the effectiveness of separately learning representations 
from chemical and physical features before fusion. The results show that 
the early-fusion approach yielded a mean RMSE of 17.799 and a stan
dard deviation of 4.276. Since the physical parameters such as tem
perature and strain rate are state variables that describe deformation 
conditions rather than intrinsic material properties. Early fusion of these 
features with chemical compositions tends to produce a sparse feature 
space, thereby reducing the efficiency of the representation learning 
process.

3.3. Predictive performance of the model

Fig. 6 shows the overall performance in RMSE of our model for a 
wide range of low-alloy steels at different temperatures and strain rates. 
The residual plot shows statistical performance. The residual plot re
veals a higher frequency and less wide distribution of predicted stress 
close to ±20 MPa (Lodh et al., 2014) confirming the accuracy.

4. Discussion

4.1. Softening mechanisms in different physical conditions

Typically, hot deformation behaviour shows three distinctive regions 
based on processing conditions – work hardening, dynamic recovery 
(DRV) and dynamic recrystallisation (DRX). Work hardening shows a 
continuous increment in stress with deformation, where a steady state 

Fig. 5. Radar chart of the performance for evaluation metrics. Higher values indicate better model performance. MAE and RMSE have been reversed and normalised 
accordingly to ensure a consistent interpretation.

Table 3 
The comparison of the model and computational complexity.

Models RMSE Model size 
(M)

FLOPs 
(MFLOPs)

Mean Std 
dev

Tabnet (Arık and Pfister, 
2021)

19.089 3.339 0.04 0.73

TabKANet (Eslamian et al., 
2025)

19.497 5.142 0.05 0.06

TabPFN (Hollmann et al., 
2022)

15.553 2.351 60.29 120.59

AMHFnet 15.346 1.934 0.09 1.52

Table 4 
The ablation study of the proposed AMHFnet. FP: Feature processing module, 
MH: multi-head residual encoder, HW: head weighting, FF: Feature fusion. The 
performance of the model with only the FP module is used as the baseline. The 
“+” sign denotes the combination.

Models RMSE Reduction

Mean Std dev Mean Std dev

FP 20.553 5.111 / /
MH + FP 19.089 3.339 7.12 % 34.67 %
MH + HW + FP 16.188 1.477 21.23 % 71.10 %
MH + FF + FP 15.993 2.014 22.18 % 60.59 %
AMHFnet – single stream 17.799 4.276 / /
AMHFnet 15.346 1.934 25.34 % 62.17 %
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stress is reached when dynamic recovery occurs. On the other hand, 
dynamic recrystallisation exhibits a peak stress followed by a decline as 
newly formed recrystallised grains reduce dislocation density, 

eventually leading to a steady-state stress that reflects significant soft
ening behaviour. For dynamic recrystallisation, a critical strain is 
necessary to initiate the process, and the steady state stress is much 

Fig. 6. Fitting performance for AMHFnet. (a) Scatter plot of prediction results. (b) histograms of the residuals.

Fig. 7. Predicted flow stress for different steels at various combinations of strain rate and temperatures showing the predictive power of the developed model. For 
comparison, TabFPN predictions are also included in the plot. Circles represent experimental data from literature, while asterisk (*) symbol and dashed line show 
predictions from AMHFnet and TabFPN respectively. Different colours represent different steel compositions for a particular condition, shown in the supplementary 
file. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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lower than dynamic recovery (Humphreys and Hatherly, 2012).
Fig. 7 illustrates the fitting performance of the hot strength behav

iour of various steel chemistries across different strain rates and tem
peratures. For comparison, the predictions of AMHFnet and the next best 
model, TabPFN, are plotted together with the experimental data from 
the literature. It can be observed that, in most cases, the predictions of 
TabPFN are comparable to those of the proposed model and remain 
close to the true values. However, at 1173 K, noticeable deviations are 
observed at certain strain rates (e.g., 0.001–0.01, 0.1, and 1 s−1), indi
cating potential challenges for TabPFN in generalising to unseen mate
rials. The proposed AMHFnet can capture the flow behaviour, 
particularly at lower (1073 K) and higher (1373 K and above) temper
atures for all strain rates. We observed that the flow behaviour of steels, 
characterised by initial work hardening followed by dynamic recovery, 
is well-fitted where the stress value increases and holds to a steady state 
and has no obvious peak value in the curve. Our model captures this 
occurrence for different steel grades. On the other hand, in the low range 
of strain rates (0.1 s−1) and the medium and high range of temperature 
(1173K, 1273K), the predicted behaviour shows a mismatch at the 
higher strain values for some of the steels. Typically, dynamic recrys
tallisation is observed in those instances. It can be seen that the accuracy 
of the model’s prediction is high till peak stress (or strain) and drops if 
the experimental behaviour shows dynamic recrystallisation at inter
mediate temperatures. In most of the physical conditions, our model 
achieves good fitting performance in the work hardening stage and 
dynamic recovery-dominated behaviour. However, at intermediate 
temperatures where the occurrence of dynamic recrystallisation is more 
dependent on steel chemistry than physical features, our model cannot 
capture the behaviour. This limitation comes as DRX is influenced by a 
coupled effect of processing parameters and alloying elements. For a 
single steel composition, activation energy remains constant, making 
the model dependent on processing parameters only, with improved 
performance. For instance, studies by Medina and Hernandez (1996)
and Lin & Chen (Lin and Chen, 2011) demonstrated that activation 
energy varies widely, from ~300 to 700 kJ/mol, depending on alloying 
additions such as Mn, Si, Cr, and Ni. These variations influence the 
diffusion of atoms and dislocation movements during high-temperature 
deformation, leading to the activation of DRX and softening kinetics in 
flow stress. In other words, steels with similar processing parameters (or 
physical features) but different compositions may exhibit widely 
different hot deformation responses due to the effect of alloying ele
ments. Since our model is not physical metallurgy-based, post-dynamic 
recrystallisation behaviour is not accurately predicted in this range.

4.2. Importance analysis of input features based on SHAP

Fig. 8 shows the SHAP beeswarm plot based on the proposed 
AMHFnet. It displays an information-dense summary of how the features 
in the dataset impact the model’s output, while the colours refer to the 
SHAP value of a feature. It shows that strain rate and temperature are 
the most important features. From the colour scale, it is observed that 
higher values of strain rate and lower values of temperature impact the 
flow stress significantly. During hot deformation, dynamic recovery 
happens while defects such as dislocations rapidly move and rearrange 
under the applied force, decreasing overall dislocation density. In 
contrast, dynamic recrystallisation refers to the formation of new, 
defect-free grains through nucleation and growth under heavy plastic 
deformation. At higher strain rates or lower temperatures, there is not 
enough time or activation energy for these processes. Hence, strain 
hardening dominates, showing an increase in stress as a deformation 
response, which is reflected in the SHAP importance plot. In the inter
mediate range, a competition between dynamic recovery and dynamic 
recrystallisation happens, which is physical metallurgy dependent. 
Since it is not considered in our model, the SHAP importance in that 
range is low as well. Also, at low to moderate strains, stress is less likely 
to be influenced. Overall, the effect of chemical composition on hot 

strength can be interpreted from activation energy (or Z). Fig. 8 shows 
increase in alloying elements has a positive impact on hot strength, 
while for carbon, a decrease in amount increases the stress. This is 
consistent with the observation that activation energy is the function of 
chemical composition, where all elements except carbon have a positive 
influence (Medina and Hernandez, 1996). Alloying elements like 
niobium or titanium have a smaller range in our dataset, which restricts 
in capturing the in-depth impact on stress.

The absolute value of SHAP ignores the direction of impact (positive 
or negative) and focuses on the magnitude of impact only. Averaging 
these values across all measurement points out how important each 
feature is. Fig. 9 indicates that the relative effect of strain rate on the hot 
strength behaviour is greater than temperature, as temperature domi
nates the shape of the stress-strain behaviour rather than peak stress. 

Fig. 8. The impact of each feature on prediction results based on SHAP.

Fig. 9. Global measure of feature importance for the current AMHFnet model.
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The effect of true strain and temperature is comparable, as dynamic 
recrystallisation is favoured. As dynamic recrystallisation produces a 
mixed microstructure of fine recrystallised grains and large non- 
recrystallised grains, the overall plasticity response deteriorates.

The effect of alloying elements on hot strength is counterintuitive 
(Liu et al., 2017). For austenitic stainless steels, artificial neural network 
modelling revealed the relative importance of different alloying ele
ments (Medina and Hernandez, 1996). Our model considered much 
higher compositional variation, although the results are comparable. 
The impact of carbon on the hot strength strongly depends on the 
deformation condition. Below a critical strain and temperature combi
nation for dynamic recrystallisation, carbon increases the drag tension 
needed for dislocation migration, promoting the strain hardening. 
However, as dynamic recrystallisation happens, increasing diffusivity of 
vacancies lowers the hardening response and the flow stress. From 
Fig. 9, quantitatively, carbon’s impact is approximately three times less 
than chromium’s. Since we considered only the hot deformation tem
perature regime, where the strengthening effect of carbon as the inter
stitial element is less pronounced due to higher diffusivity.

Amongst carbide-forming elements (e.g. Cr, Mo, Mn, Nb, V), higher 
impact on hot strength has been observed from chromium and molyb
denum. Typically, precipitation hardening is associated with their size 
and stability. At higher temperatures (>700 ◦C), thermal stability of 
vanadium carbide (M23C6 type) decreases (Liu et al., 2017). The effect of 
niobium is underestimated as it not only improves precipitation hard
ening but refines the microstructure of micro-alloyed steels (Tan et al., 
1997). Since recrystallised grain size is not considered in our model, the 
contribution to flow stress from microstructural refinement due to 
alloying is absent. Nickel, being a strong austenite stabiliser, dissolves 
into austenite and contributes to solid solution hardening at high tem
peratures. Manganese acts in a similar way to nickel. Additionally, it 
suppresses dynamic recrystallisation, leading to higher flow stresses at 
higher temperatures.

Furthermore, Fig. 10 shows how the SHAP value (model attribution) 
changes with carbon content and how that relationship interacts with 
temperature or strain rate (indicated by colour). Between 0 and 0.4 wt% 
carbon, SHAP values vary widely (−10 to +5), indicating a strong but 
inconsistent effect of carbon on the model output. This suggests that 
other alloying elements or processing parameters exhibit strong in
teractions in this range. In contrast, a further increase in carbon shows a 
narrower cluster in SHAP (near zero or slightly positive), indicating that 
adding more carbon beyond a threshold does not increase strengthening. 

On the other hand, at higher temperatures (shown as red points) SHAP 
values tend to cluster near zero or positive, implying carbon promotes 
softening. Therefore, the SHAP dependence analysis reveals that carbon 
shows strong interaction with both temperature and strain rate. At low 
strain rates and temperatures, carbon contributes positively to the flow 
stress through solid solution and carbide strengthening, as seen by high 
SHAP values. However, its contribution reduces at higher temperatures 
and strain rates, indicating the dominance of diffusion-controlled re
covery and carbide dissolution. These trends together denote the 
metallurgical interaction between alloying elements, deformation ki
netics and thermal activation during hot deformation. This also vali
dates that the model aligns with the physical metallurgy of deformation 
behaviour during hot deformation.

4.3. Effect of carbon on high temperature flow behaviour

A case study on the effect of carbon has been employed to reflect the 
model’s generalisability, since carbon is the primary alloying element in 
any steel and has a contradictory effect (Zhang et al., 2021) on high 
deformation behaviour.

Fig. 11 shows the prediction for two different steels (Tan et al., 1997) 
at two different temperatures and strain rates. Our model predicts the 
overall flow behaviour with reasonable accuracy, particularly for higher 
strain rates and low temperatures. Under these conditions, carbon in
creases the atomic diffusion resistance of the grain boundaries. There
fore, high-angle grain boundaries are difficult to move, suppressing 
nucleation of new grains and increasing flow stress (Fig. 11(b)). How
ever, with an increase in temperature, atomic bonds weaken and grain 
boundary movement is accelerated due to additional activation energy. 
This minimises the pinning effect of carbon, diminishing the gap in flow 
stress between 0.055 wt% and 0.37 wt% carbon (Fig. 11(d)). But at 
lower strain rates, it does not capture the carbon effect, though it pre
dicts the occurrence of dynamic recrystallisation (Fig. 11(a,c)).

Since dynamic recrystallisation is associated with microstructural 
modification (e.g. grain size) and our model is not physics-informed, we 
further investigate peak stress rather than the complete flow behaviour. 
Fig. 12 shows peak stress prediction for plain C-Mn-Si steels at 1373K for 
different strain rates (Lodh et al., 2014). The prediction has good ac
curacy (±20 MPa). Also, the influence of carbon, as shown by the slopes 
at different strain rates, follows the same trend in predictions and 
experimental observations and further validates the reliability of the 
model.

Fig. 10. SHAP dependence plots showing key interaction effects on predicted stress (a) carbon-temperature and (b) carbon-strain rate. In both plots, feature 
magnitude (carbon content in wt%) is shown on the horizontal axis, and its SHAP value for flow stress prediction is shown on the vertical axis. The colour scale 
denotes the interacting variable. A positive SHAP value indicates an increase in predicted flow stress. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)
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5. Conclusions

This study proposes a novel AMHFnet capable of predicting the high- 
temperature deformation behaviour of low-alloy steels. Unlike tradi
tional methods that focus on a specific grade of low-alloy steel, by 
explicitly including alloying elements, the proposed model quantifies 
composition-dependent contributions to flow stress, strain hardening, 
and dynamic softening as functions of temperature and strain rate. The 
dedicated designed modules provide the capability of capturing the 

complex dependencies and enhancing the diversity of the features. By 
integrating weighted feature maps, the model effectively learns high- 
dimensional representations of both physical features and chemical 
compositions, resulting in more accurate predictions of deformation 
behaviour. A high-temperature deformation dataset comprising 58 low- 
alloy steels was established for this research. The superiority of the 
proposed network is demonstrated through comparisons with 
commonly used and state-of-the-art methods on this dataset. In 10-fold 
cross-validation, the model exhibits low variance and high prediction 
accuracy, demonstrating strong robustness and generalisation capabil
ities across different low-alloy steels. The comprehensive analysis of 
predicted stress-strain curves for various low-alloy steels shows that the 
model is able to capture deformation behaviour during work hardening 
and dynamic recovery. However, it faces challenges in accurately 
modelling the dynamic recrystallisation process. A SHAP-based feature 
importance visualisation incorporating elemental characteristics anal
ysis was conducted, which validates the interpretability of the model’s 
predictions. Moreover, the observed dependence between flow stress 
predictions and alloying elements (carbon) further presented the reli
ability of the model’s decision-making process.

Accurate prediction of hot deformation behaviour provides a 
powerful tool for the rapid design and optimisation of hot-forming 
processes in advanced steel manufacturing. In the meantime, experi
mental results demonstrate that the proposed AMHFnet not only pre
dicts deformation responses across diverse low-alloy steels but also 
captures the influence of compositional variations on these responses. It 
offers a robust predictive framework for chemical composition impact 
on low-alloy steel to guide and target experiments in alloy-composition 
design, significantly shortening the development cycle. Ablations study 
shows that learning representations separately for processing variables 
and alloy chemical composition before fusion improves accuracy and 
stability over early fusion. The separation reduces feature interference 
and improves representation efficiency. The findings also highlight that 

Fig. 11. Effect of Carbon for 0.005 C-1.45 Mn-0.38 Si-0.08 V and 0.37 C-1.45 Mn-0.38 Si-0.08 V steels. T and SR represents temperature and strain rate respectively.

Fig. 12. Effect of Carbon on peak stress for C-Mn-Si steels at different strain 
rates and 1373K. Open symbols are experimental values, whereas filled-in 
symbols are predictions.
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accurately capturing behaviour during the dynamic recrystallisation 
process remains a major limitation of the current model. The existing 
models of hot deformation behaviour typically focus on single materials 
and can achieve good fits based on physical features or chemical com
positions. However, when the same approaches are extended to different 
low-alloy steels, the limited information from physical and chemical 
features makes it difficult to fully capture the flow behaviour change in 
the dynamic recrystallisation phase. As future work, integrating micro
structural information, such as recrystallised grain size, crystallographic 
texture, and recrystallised volume fraction, into the existing framework 
is expected to enable more accurate and generalisable predictions of hot 
deformation behaviour in low-alloy steels. Furthermore, as an inherent 
limitation of data-driven approaches, model performance may degrade 
under distributional or domain shifts. Expanding the dataset through 
continuous data acquisition or applying knowledge transfer from related 
material systems could help mitigate distributional shifts and further 
improve the prediction of hot deformation behaviour in low-alloy steels 
in future work.
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