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range of industries, including aerospace, automotive, and 
healthcare  [2, 3]. However, achieving consistent control 
over the properties of as-printed metal components remains 
a significant challenge, as variations in processing param-
eters, such as laser power and scanning speed, can lead to 
marked differences in the final product performance. In 

1  Introduction

Metal additive manufacturing (AM) is fast growing due to 
its outstanding ability to manufacture products with com-
plex geometries in a rapid and precise manner  [1]. Addi-
tively manufactured products are now found in a wide 
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Abstract
Metal additive manufacturing is an efficient technique for producing metallic components with high flexibility. Under-
standing the mechanical properties of printed parts requires detailed analysis of their microstructures. While experiments 
are reliable for capturing as-printed microstructures, they are often costly and time-consuming. Alternatively, numerical 
simulations have become valuable tools to reduce the reliance on trial-and-error experimentation, powered by recent 
advances in high-performance computing such as GPUs for acceleration. However, a key question remains of effectively 
combining high-fidelity, yet expensive, experiment data with relatively lower-fidelity, yet massive, simulation data to 
achieve a coherent prediction of microstructures under various manufacturing process conditions. In this study, we lever-
age the power of deep generative models and propose a sim-to-real framework based on denoising diffusion probabilistic 
model (DDPM) to generate realistic microstructures for additively manufactured products. Specifically, we pre-train a 
DDPM on a large dataset of phase-field (PF) simulated microstructures. This model is then fine-tuned or distilled using 
a relatively small set of microstructure images obtained from electron backscatter diffraction (EBSD) experiments, with 
the goal of enhancing the authenticity of the generated images. The microstructures generated by our sim-to-real diffu-
sion models show strong agreement with experimental results, evaluated using both machine learning and physics-based 
metrics. In particular, the sim-to-real diffusion models show accurate prediction under unseen experimental manufacturing 
process conditions (but covered by simulation data), demonstrating their excellent generalization ability.
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the process–structure–property (PSP) relationship of metal 
AM, microstructures serve as a critical intermediary that 
bridges processing conditions and material properties. Con-
sequently, understanding and controlling microstructures 
has become a key focus of research, with the goal of build-
ing up a practical PSP relationship and ultimately improving 
overall product quality [4–6].

Experimental methods, such as scanning electron 
microscopy (SEM) and electron backscatter diffraction 
(EBSD), are considered as the gold standard to characterize 
the microstructures of AM products. SEM enables the direct 
observation of grain size and morphology, while EBSD pro-
vides detailed crystallographic information such as grain 
orientation, texture, and phase distribution. These methods 
have been widely used to analyze AM-fabricated alloys, 
revealing microstructural characteristics such as epitaxial 
grain growth and process-dependent texture evolution  [7–
9]. Though experimental approaches provide high-fidelity 
data, they are often quite expensive. Hence, to reduce trial-
and-error in optimizing manufacturing parameters, it is nec-
essary to construct a relatively large reference database that 
covers printing cases under various conditions. Because of 
this need, rapid and cost-effective prediction of the micro-
structures of additively manufactured metallic products has 
become a major focus in the metal AM community. Phys-
ics-based numerical simulations and the emerging efforts on 
deep generative models are two promising solutions to this 
challenge.

Physics-based numerical simulation provides an auxiliary 
tool to reproduce the scenarios of experiments. The simula-
tion approaches are indispensable due to its ability to reveal 
phenomena that are difficult to observe during experiments, 
such as grain development in the metal AM process  [10]. 
The fast advancement of computing power, especially the 
improvement of high-performance GPUs in recent years, 
has significantly reduced simulation times, making it possi-
ble to generate massive data efficiently through computers. 
Cellular Automata (CA) [11, 12], Monte Carlo (MC) [13] 
and phase-field (PF) models [14, 15] are commonly adopted 
for prediction of metallic microstructures. These approaches 
enable the simulation of grain morphology and growth 
behavior during AM processing, with recent advancements 
in three-dimensional (3D) modeling significantly improving 
the fidelity of such predictions [13, 15–17]. Although these 
studies have demonstrated the effectiveness of numerical 
simulations, significant discrepancies still exist between 
simulations and experimental results, primarily because 
physical phenomena are often simplified during the simula-
tion process.

The recent success of deep generative models shows 
their great potential to offer a powerful alternative to rap-
idly generate large volumes of realistic data. As a branch 

of machine learning algorithms, generative models excel 
at capturing complex data distributions and synthesizing 
realistic samples. Several frameworks have been developed 
for this purpose, including variational autoencoders  [18] 
(VAEs), generative adversarial networks (GANs) [19], and 
normalizing flows [20]. While VAEs tend to produce sam-
ples of relatively lower quality, GANs are difficult to train, 
and flow models heavily rely on the expressive ability of 
their network architectures [21], diffusion models [22–24] 
have emerged as a mainstream generative approach due to 
their high generation quality and training stability. Recent 
studies have applied diffusion models to microstructure gen-
eration, indicating their ability to replicate structural charac-
teristics of material. Training diffusion models directly on 
experimental data is a common practice. Azqadan et al. [25] 
applied denoising diffusion probabilistic models (DDPM) 
to generate microstructural images, with the training data 
characterized from 11 cast-forged magnesium alloy compo-
nents. The generated images resembled the real ones and 
had reasonable particle distribution. Nevertheless, due to 
the difficulties of sample preparation, their training data-
set contained 27 samples from these components, covering 
only 8 percent of the process parameters space, which lim-
its the ability of their model. Training diffusion models on 
pure simulation data is another paradigm when experiment 
data is limited or costly to obtain. This approach has been 
adopted in several recent microstructure studies with dif-
fusion models. Lyu et al. [26] successfully trained a condi-
tional DDPM using synthesized microstructures of various 
composite materials and generated materials with specific 
permeability. Hoffman et al.  [27] employed a diffusion 
model trained on microstructures simulated using the open-
source software SPPARKS  [28] to inpaint microstructures 
for various computer-aided design (CAD) objects. Even 
though these models trained solely on simulation data show 
good performance in generating microstructures, a typical 
issue is that the fidelity of the generated images is relatively 
lower than that achieved by models trained with experiment 
data, primarily due to the nature of the training data itself. 
Based on our description above, experiment data and simu-
lation data exhibit complementary characteristics. There-
fore, it is anticipated that using both forms of data in concert 
will produce superior outcomes.

Indeed, multi-fidelity approaches have recently been 
explored in diffusion models. Shu et al.  [29] proposed a 
physics-informed diffusion model for high-fidelity flow field 
reconstruction, where their model is trained exclusively on 
high-fidelity simulation data and then applied to reconstruct 
flow fields from low-fidelity inputs. A similar multimodal 
generative frame work proposed by Qu et al.  [30] was 
able to calibrate the global vertical temperature profiles by 
assimilating in-situ weather station data and ex-situ satellite 
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imagery as the sampling conditions. In computer vision 
tasks for healthcare monitoring with limited real-world data, 
Gao et al. [31] proposed a diffusion-based sim-to-real trans-
fer framework to train a diffusion model to generate in-bed 
human pose parameters from synthetic depth images, then 
generated poses conditioned on real depth images at infer-
ence. However, in the domain of metal AM, a comprehen-
sive approach to utilize both the high-fidelity but expensive 
experiment data and the relatively low-fidelity but exten-
sive simulation data to make a coherent prediction of micro-
structures is currently not available.

In this study, to fully leverage the advantages of both 
experiment and simulation data, we propose conditional 
sim-to-real diffusion models for generating high-fidelity 
microstructures within an applicable AM process window. 
The proposed model framework is conceptually illustrated 
in Fig. 1. A large amount of simulated microstructures and 
a relatively small amount of microstructural images are 
collected from the PF simulations and EBSD experiments, 
respectively. Analogous to the sim-to-real training in robot-
ics  [32, 33], to avoid the significant expense of collecting 
experiment data for training, our model is first trained on 
an extensive set of simulation data that spans a wide range 
of the process window for the typical metal AM process of 
316  L stainless steel. Although these simulation data are 
relatively low-fidelity, they provide abundant and diverse 
training samples that capture the fundamental physical pat-
terns of the system. This is particularly valuable because 
high-fidelity experimental data is often scarce and expen-
sive to obtain. The pre-trained model is then fine-tuned [34] 
or distilled  [35] using a limited set of experiment data to 

learn the realistic distribution and morphology of micro-
structures. These strategies allow the model to learn robust 
physical priors from large-scale simulations while adapt-
ing to the nuanced characteristics of real experimental 
observations, ultimately bridging the fidelity gap between 
simulation and reality. During the fine-tuning or distilla-
tion process, experimental images of certain manufacturing 
conditions are set aside as the testing set. Evaluation on the 
generated microstructures is made with both machine learn-
ing metric, which is the Fréchet inception distance (FID) 
score [36], and physics-based metrics, including grain size 
and morphology.

It should be noted that simulation itself or direct training 
of diffusion model on pure experiment data (referred to as 
the baseline diffusion model) has poor generalization abil-
ity and cannot predict accurate microstructures on the test 
dataset. To show the limitations of simulation and baseline 
diffusion model, we also evaluate the microstructures gen-
erated by these two methods. The evaluation results dem-
onstrate that the microstructural images generated by our 
sim-to-real approach closely match the experimental ones, 
whereas the outputs from simulation and the baseline model 
each exhibit specific deficiencies. More importantly, the 
pretrained model based solely on simulation data is well-
suited for transfer learning, enabling fast adaptation to 
other experimental datasets within the AM community. An 
example demonstrating this capability is presented in this 
work by considering experimental data from an independent 
study.

The paper is organized as follows: Sect. 2 describes the 
preparation of simulation and experiment data. Section  3 

Fig. 1  Conceptual illustration of our 
proposed method
 

1 3

Page 3 of 29     63 



Engineering with Computers           (2026) 42:63 

In the CFD model, the flow is assumed to be incompress-
ible laminar flow and the influence of buoyancy and grav-
ity is ignored. The simulated powder bed is considered as a 
continuum domain and powder is not explicitly modeled for 
simplicity. The governing equations are incompressibility 
condition, momentum conservation and energy conserva-
tion which are given as follows:

∇ · u = 0 � (1)

∂(ρu)
∂t

+ ∇ · (ρuu)

= ∇ · (µ∇u) − ∇p + f
� (2)

∂(ρcpT )
∂t

+ ∇ · (ρcpuT ) + ∂(ρLfL)
∂t

+ ∇ · (ρLufL)

= ∇ · (k∇T ) + Qlaser

� (3)

where ρ is the material density, µ is the viscosity, p is the 
pressure, T is the temperature, and L is the latent heat. The 
heat capacity cp and the thermal conductivity k are tempera-
ture-dependent. The flow velocity vector is denoted as u. In 
Eq. (2), f is the Darcy drag force, given as f = 180µ

δ2
(1−fL)2

f3
L

u, 

which represents the resistance imposed by the grain struc-
ture on the motion of the molten flow [37], and δ denotes the 
characteristic length of the mushy zone, which is taken to be 
the primary dendrite arm spacing. fL is the liquid fraction 
describing the intermediate state (mushy zone) between liq-
uid and solid, given as fL = T −Ts

Tl−Ts
, where Ts and Tl are the 

solidus and liquidus temperature, respectively. In Eq.  (3), 
Qlaser is the volumetric heat source with a Gaussian distri-
bution injected by the laser [38], which is:

introduces the design of the sim-to-real diffusion models 
and the evaluation metrics for microstructural analysis. Sec-
tion 4 presents a comparative evaluation of experimental, 
simulated, and generated microstructural images based on 
the proposed metrics. Finally, Sect. 5 summarizes the over-
all workflow and discusses the contributions of this study.

Our code is available at ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​C​​M​S​L​​-​H​K​​U​
S​T​/​s​i​m​-​t​o​-​r​e​a​l.

2  Data preparation

In this work, a laser powder bed fusion AM process is con-
sidered using 316 L stainless steel. We detail the preparation 
of simulation and experiment data used for model training. 
The simulation data, consisting of microstructural images, 
are generated using PF simulations. Prior to the PF simu-
lations, a calibrated computational fluid dynamics (CFD) 
solver is employed to compute the temperature field, which 
serves as a prerequisite for modeling microstructure evolu-
tion. We also prepare experiment data in the form of EBSD 
images by a series of experiments, including sample printing, 
cutting, grinding, ion milling and EBSD characterization.

2.1  Numerical simulations

2.1.1  CFD model

Information on the temperature field is critical in the metal 
AM process. In this study, a CFD model is developed to 
capture the time-resolved temperature distribution influ-
enced by a moving laser. The laser powder bed fusion AM 
simulation is illustrated in Fig. 2.

Fig. 2  Illustration of the CFD 
simulation: a Multi-track process; 
b One track showing regions of 
liquid and solid metal; c Fluid 
velocity field in the melt pool
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pn = pn−1 + p′

∇2p′ = ρ

∆t
∇ · u∗

un = u∗ − ∆t

ρ
∇p′

� (9)

The material focused in this study is 316 L stainless steel, 
for which the CFD model is further calibrated based on our 
experimental observations. We print five specimens with 
different energy density ρe, which is defined as [43]:

ρe = P

vhl
� (10)

where v is the laser scanning speed, h is the hatch space, 
and l is the layer thickness. The values of h and l are set to 
100 µm and 30 µm, respectively. For measurement of the 
melt pool dimensions, we cut cubic samples with size of 
5 × 5 × 5 mm3 from the specimens along the axial direc-
tion using electrical wire cutting. The preparation of these 
metallographic sample involves grinding in steps #180 to 
#2500 sandpaper, followed by polishing with alumina sus-
pension of 1 µm to 50 nm. An optical microscope is used 
to observe and measure the morphology of the melt pool, 
where the cross-section area is chemically corroded using 
commercial ferrous chloride reagent for 10-20 s.

The melt pool dimensions obtained from our measure-
ments are employed to calibrate the CFD model. Figure 3a 
presents the experimentally observed (the upper row) and 
numerically simulated (the lower row) melt pools, while 
Fig.  3b compares the melt pool dimensions (width and 
depth) obtained from both experiments and simulations. The 
overall errors in the predicted width and depth are 9.45% 
and 8.15%, respectively, demonstrating the reliability and 
accuracy of the proposed CFD model.

2.1.2  PF model

The phase-field (PF) method is effective in constructing an 
relatively accurate model of grain growth under a prescribed 
temperature field. A mesoscale PF model, which generally 
follows the descriptions in Ref.  [15], is employed in this 
study to simulate the microstructures under the temperature 
profile from the CFD model mentioned above. The grain 
orientations are described by a parameter ηi(r, t), where 
i = 1, 2, ..., n. If a grain takes the ith orientation, then 
we have ηj = 1, j = i and ηj = 0, j ̸= i. A time-depen-
dent Ginzburg-Landau equation is given as the governing 
equation:

∂ηi

∂t
= −Lg

δF (ζ, ηi, T )
δηi(r, t) � (11)

Qlaser =




2Pη

πr2
b d

exp(−2(x2 + y2)
r2

b

), ztop − z ≤ d

0, ztop − z > d
� (4)

where P is the laser power, η is the absorption coefficient, rb 
is the laser beam radius, and ztop denotes the top surface of 
the computational domain. For the thermal boundary condi-
tions, we consider the heat loss due to heat convection and 
radiation [39]:

Qconv = h(T − T0)
Qrad = σe(T 4 − T 4

0 )
−k∆T · n = Qconv + Qrad

� (5)

where h is the convection heat transfer coefficient, σ is the 
Stefan-Boltzmann constant, e is the emissivity of the mate-
rial, and T0 is the ambient temperature. While for the veloc-
ity boundary conditions, Marangoni shear stress is applied 
on the free surface of the melt pool, modeled via a tempera-
ture-dependent surface tension gradient [40, 41], following:

τM = µ
∂u
∂z

= − ∂γ

∂T
∇sT � (6)

where γ is the surface tension coefficient, and ∇S  is the sur-
face gradient operator. To solve the transient CFD system, 
the convection terms are treated explicitly while the diffu-
sion terms are treated implicitly:

ρc̄n−1 T n − T n−1

∆t
+ ρc̄n−1∇ · (un−1T n−1)

= ∇ · (kn∇T n) + Qn
� (7)

ρ
(
u∗ − un−1)

∆t
+ ρ · ∇

(
un−1un−1)

= ∇ · (µ∇u∗) − ∇pn−1 + fn
� (8)

where c̄ is the apparent heat capacity, given by 
c̄ = cp + L ∂fL

∂T . The superscript n and n − 1 refers to the 
value at the present and the last time step, respectively. Finite 
volume method is used for spacial discretization. Central 
difference scheme is used for the diffusion terms while the 
QUICK scheme is used for the convection terms. In Eq. (8), 
the incremental pressure-correction scheme is used [42]. At 
each time step, an estimated velocity field u∗ is calculated 
based on the pressure gradient of the last time step. Then the 
present pressure is corrected by solving a Poisson’s equa-
tion and the actual velocity field can be updated. The pro-
cess is shown below:

1 3
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F =
ˆ

V

(fgrain + fgrad)dV � (14)

where fgrain and fgrad are the grain energy and gradient 
energy, respectively. The expressions of these energies are 
given below:

fgrain = mg




n∑
i=1

(
(ηi)4

4
− (ηi)2

2

)
+ γ

n∑
i=1

n∑

j = 1
j ̸= i

(ηi)2 (ηj)2 + 1
4

+ (1 − ζ)2
n∑

i=1
(ηi)2




fgrad = κg

2
(∇ηi)2

� (15)

where mg is the grain energy pre-coefficient, γ is the model 
parameter  [44], and κg is the gradient term coefficient for 
the grain boundary. The grain energy fgrain reaches its mini-
mum when all the grains are ordered in the system, which 
means [η1, η2, . . . , ηn] = [1, 0, . . . , 0], [0, 1, . . . , 0], . . . , 
[0, 0, . . . , 1]. The grain texture introduced in Ref. [15] is not 
considered in this study, as our primary focus is on grain 
sizes and morphologies, while microstructural textures are 
excluded for the purpose of data augmentation. Moreover, 

where Lg is the kinetic coefficient for interfacial mobility at 
grain boundaries, defined as [17]:

Lg = L0 exp(− Qg

RT
)� (12)

where L0 is a pre-exponential coefficient, Qg is the activation 
energy, and R is the gas constant. The solid and liquid phases 
are represented by a parameter ζ, which is set to 1 in the solid 
phase, 0 in the liquid phase, and varies smoothly between 0 
and 1 at the liquid–solid (L/S) interface, given as:

ζ = 1
2

{
1 − tanh

[
ϑ × ( T

Tl
− 1)

]}
� (13)

where ϑ is a constant that drives ζ toward 0 in the liquid phase 
and 1 in the solid phase. In addition, the total free energy 
functional F in Eq. (11) is defined as:

Fig. 3  Calibration of the CFD model: a Cross-section images; b Dimensions of the melt pools
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random number between 0 and 1 is generated. A nucleus is 
added to the corresponding mesh cell only if Pn exceeds the 
random number. The effect of incorporating the nucleation 
model is demonstrated through a single-layer, single-track PF 
simulation, as illustrated in Fig. 4.

2.1.3  Simulation cases and computation

The simulation substrate is modeled as a rectangular prism 
with dimensions of 1 × 0.5 × 0.16 mm3, within which 
approximately 30,000 grains are randomly distributed. The 
number of grains in the bulk is determined by calibrating 
the initial grain size based on our EBSD results. For com-
putational efficiency, the time step and mesh size of the CFD 
model are twice as large as those used in the PF model. After 
computing the temperature field using the CFD solver, the 
results are linearly interpolated to match the time step and 
mesh resolution of the PF model. In this study, we consider 
two scenarios of microstructure prediction: (1) cross-section 
and (2) longitudinal-section microstructures. For clarity, we 
refer to the plane perpendicular to the X-axis as the cross-
section, and the plane perpendicular to the Y-axis as the lon-
gitudinal section, as illustrated in Fig. 5a.

To generate simulated cross-section microstructures, we 
perform 8-layer, 3-track simulations. Each layer measures 
1 × 0.5 × 0.03 mm3 and contains three scanning tracks, 
each with a length of 0.8 mm. A reciprocating scanning 
strategy along the X-axis is adopted throughout the process. 
After the current layer is scanned, a new mesh layer is added 
to the top of the simulation domain, while the bottom layer 
of equal thickness is removed for acceleration. Since the 
powder-spreading process in the AM experiments usually 
takes at least 5 s, while the material cools to ambient tem-
perature within milliseconds  [49], we reset the temperature 
profile after each new layer is added. As shown in Fig. 5a, the 
final simulation result of the coupled CFD–PF model reveals 
grain nucleation, growth, re-melting, and resolidification pro-
cesses occurring in the deposited layers and tracks. To visual-
ize grain orientations, the inverse pole figure (IPF) coloring 
scheme is employed. In this study, 20 grain orientations are 

Choi et al.  [17] have shown that texture has a negligible 
effect on the final simulated grain structures. Equation (11) 
is treated with explicit Euler and finite difference methods 
for solving, and Dirichlet boundary condition is applied. The 
initial grain orientations are generated with the open-source 
software Neper [45].

The classical nucleation model  [46, 47] is incorporated 
into the PF model to achieve the most faithful possible rep-
lication of grain nucleation and growth during molten metal 
solidification. The nucleation probability is implemented by 
the Poisson seed method [48] and given as:

Pn = 1 − exp
(
−J∆tp (∆xp)3)

� (16)

where ∆tp and ∆xp denote the the PF time step and mesh 
size, respectively. J is the heterogeneous nucleation rate, 
which is given based on the nucleation theory considering the 
undercooling and elemental diffusion:

J = A exp
(

−∆Ghom
V f(θ)
kT

)

A = kBTNatom

h
exp

(
− Qg

RT

)

f(θ) = 0.25 × (2 + cos θ) × (1 − cos θ)2

∆Ghom
V = 16π(σp)3

3(∆gv)2

� (17)

where ∆Ghom
V  is the homogeneous nucleation barrier for 

triggering nucleus formation, kB is the Boltzmann constant, 
h is the Planck’s constant, Natom is the number of atoms in 
the L/S interface, θ is the contact angle, and σp is the L/S 
interfacial energy. The difference between the solid and 
liquid Gibbs free energies is represented by ∆gv, which is 
approximately given as ∆gv ≈ L × ∆T

Tl
, where ∆T  is the 

undercooling expressed as ∆T = Tl − T . The nucleation 
rate reaches its maximum at a specific undercooling, which is 
set to 37 K, and nucleation rate at higher undercooling levels 
is not considered [15]. When the undercooling in the mushy 
zone reaches the appropriate level, a nucleation probability 
Pn ∈ (0, 1) is computed using Eq.  (16). Simultaneously, a 

Fig. 4  Comparison between simulations with and without the nucleation model
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respectively. A total of 40 simulation cases are generated by 
uniformly sampling laser power and scanning speed values 
within the process window following a Sobol sequence [55]. 
The corresponding parameter combinations are shown in 
Fig.  5c. To construct the cross-section simulation dataset, 
we crop 250 images from each of the 40 simulated cases 
described earlier. The vertical centerline of each image lies on 
the XZ-plane and coincides with the middle of the three scan-
ning tracks. The resolution of each image is 100 × 100 pixels, 
which corresponds to a physical area of 200 × 200 µm2. As 
grain texture is not considered in this work, we apply a color-
tuning data augmentation strategy that randomly exchanges 
the colors of grains to increase the diversity of training sam-
ples, with each image color-tuned once. In total, we obtain 
20,000 simulated cross-section images.

To validate the adaptability of the proposed sim-to-real dif-
fusion models to microstructures from an independent study 

randomly generated using a spherical sampling method. The 
corresponding Euler angles and IPF colors are computed 
using an open-source Python package orix  [50], as pre-
sented in Table 1 and Fig. 5b, respectively.

The material properties of 316 L stainless steel and related 
modeling parameters are summarized in Table  2. Both the 
CFD and PF models are implemented using JAX  [51] to 
enable GPU-based high-performance computing. A process 
window is defined for 316 L stainless steel to avoid keyhole 
mode and lack of fusion, thereby ensuring manufacturing sta-
bility and quality [43, 52, 53]. Additionally, at high param-
eter values (i.e., high laser power and scanning speed), the 
balling effect is likely to occur [53], while at low parameter 
values, poor wetting of the substrate or melt pool instabil-
ity may arise  [54]. Hence, guided by previous studies and 
empirical knowledge, the laser power and scanning speed are 
constrained to the ranges of 100–200 W and 0.5–1.0 m/s, 

Fig. 5  a An example of simulated microstructures; b 20 grain orientations and corresponding IPF colors; c Process window and sampled manufac-
turing parameters for 8-layer, 3-track simulations
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cropped image has its top edge aligned with the upper surface 
of the substrate. The resolution of each image is 64 × 64 pix-
els, corresponding to a physical area of 128 × 128 µm2. To 
enhance data diversity, the same color-tuning augmentation 
scheme is applied. In total, 5,000 simulated longitudinal-sec-
tion images are prepared. It is worth noting that these single-
layer, single-track simulations are performed using the same 
settings and parameters as those used in the multi-layer cases. 

of Wang et al. [57], single-layer, single-track simulations are 
conducted to generate longitudinal-section data consistent 
with their experiments. We simulate 10 single-layer, single-
track cases and extract 250 longitudinal-section images from 
each. The corresponding manufacturing parameters do not 
fully comply with our proposed process window, as the corre-
sponding experiments are conducted externally. Table 3 lists 
the manufacturing parameters for these simulations. Each 

Property and parameter Value Unit
Density (ρ) 8084 kg m−3

Viscosity (µ) 6 × 10−3 Pa s

Latent heat (L) 2.7 × 105 J kg−1

Specific heat (cp) 462 + 0.134T J kg−1·K−1

Thermal conductivity (k) 9.248 + 0.0157T W m−1·K−1

Solidus temperature (Ts) 1650 K
Liquidus temperature (Tl) 1723 K

Surface tension gradient ( dγ
dT ) −4 × 10−4 N m−1·K−1

Activation energy (Qg) 1.4 × 105 J  mol−1

Pre-exponential coefficient (L0) 3.5 × 103 m4·J−1·s−1

Grain energy coefficient (mg) 1.2 × 106 J · m−3

Gradient coefficient for grain boundary (κg) 2.77 × 10−7 J · m−1

Number of atoms (Natom) 2.1 × 1010

Contact angle (θ) 4 ◦

L/S interface energy (σp) 0.385 J · m−2

CFD mesh size (∆x) 4 µm
CFD time step (∆t) 4 × 10−7 s

PF mesh size (∆xp) 2 µm

PF time step (∆tp) 2 × 10−7 s

Table 2  Thermophysical and 
simulation parameters used in the 
coupled CFD-PF model, taken 
from [15, 17, 56]

 

Orientation φ1 Φ φ2

1 288.268 99.552774 355.989992
2 348.574 63.854704 269.339636
3 112.833 178.774464 100.959837
4 249.236 113.286860 284.140558
5 315.500 134.949901 37.161362
6 322.058 144.619293 161.241669
7 30.616 128.864441 327.094381
8 14.060 107.991659 105.701093
9 61.139 101.915275 103.599122
10 316.131 85.547450 46.810286
11 35.405 99.300415 6.972105
12 151.599 68.257306 244.380792
13 344.840 126.234787 76.186122
14 191.939503 40.866612 95.596797
15 249.075761 160.948369 176.966337
16 113.585627 70.066149 19.210516
17 247.140334 99.519914 206.682338
18 300.465242 83.259101 52.822287
19 6.583780 135.990624 212.149993
20 270.051953 127.142326 251.913010

Table 1  Corresponding Euler 
angles (φ1, Φ, φ2) of the gener-
ated orientations in degrees
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obtain a strain-free surface, as shown in Fig. 6a and b. The 
ion milling parameters are as follows: acceleration voltage 
(Acc.V) of 6 kV, discharge voltage (Dis.V) of 1.5 kV, incli-
nation angle of 20◦ and milling time of 30 min. EBSD char-
acterizations are then performed using a Hitachi SU5000 
field-emission SEM (Hitachi Consulting Co., Ltd), equipped 
with an Oxford Symmetry CMOS EBSD detector. Finally, 
due to surface damage during the polishing process, only 
eight samples are successfully characterized. The manufac-
turing parameters of these eight samples are listed in Table 5. 
Analysis of grain orientation is conducted along the build-
ing direction with the AZtecCrystal software. Figure 6c 
shows a grain orientation map colored with IPF scheme. The 
final images used for training are randomly cropped from 
various tracks of the original orientation maps in order to 
cover as many different grain morphologies that may arise 
during printing as possible. The region enclosed by the white 
square in Fig. 6c serves as an example. Each cropped image 
corresponds to a physical area of 200 × 200 µm2 and pre-
cisely covers the width of a single scanning track. A total of 
approximately 4,000 images are collected as the experimental 
cross-section dataset.

We also use the three longitudinal-section experimental 
microstructures reported in the study by Wang et al. [57] as 
part of our training dataset to demonstrate the adaptability of 
the proposed sim-to-real diffusion models to arbitrary micro-
structural data within the AM community. The manufacturing 
parameters of these three samples are also listed in Table 5. 
Cropped and processed experimental images based on their 
EBSD results are presented in Fig. 17. Each cropped image, 
aligned at the top edge of the original EBSD map, covers an 
area of 128 × 128 µm2. A total of 1,500 images are prepared 
as the experimental longitudinal-section dataset.

EBSD images of other alloys may also be used as experi-
mental data for model refinement. However, to the best of our 
knowledge, no other alloy has been printed using the same 
scanning pattern as in our work and has had high-resolution 
cross-section or longitudinal-section EBSD images reported 
in the literature. As a result, we are unable to further validate 
our models across materials. Nevertheless, the 316 L stain-
less steel studied in Ref.  [57] differs significantly from our 
in-house experiments in terms of chemical composition and 
powder size. The experimental setups, including the printing 

Nevertheless, our proposed diffusion models demonstrate 
strong adaptive capability by effectively generating indepen-
dent microstructures from the metal AM community.

The mesh size and computation time for the simulations 
are reported here. The 8-layer, 3-track simulation has approx-
imately 10 million mesh cells used in the PF model, and 1.25 
million in the CFD model. The total number of time steps, 
denoted as nt, can be derived using the following equation:

nt = scanning distance
scanning speed × time step � (18)

For example, in a simulation with a scanning distance of 
19.2  mm, a scanning speed of 0.8  m/s, and a time step of 
2 × 10−7 s, the total number of time steps is calculated to be 
120,000. Simulating an 8-layer, 3-track process requires 6 to 
12 h on an NVIDIA L20 GPU, with the exact duration vary-
ing according to the laser scanning speed.

2.2  EBSD experiments

To obtain EBSD images, we conduct a series of in-house 
experiments. In addition, we consider external experiment 
data from an independent study  [57] to demonstrate the 
adaptability of the proposed sim-to-real diffusion models.

A detailed description of our own experiments is presented 
below. The material is gas-atomized 316  L stainless steel 
powder supplied by Avimetal Powder Metallurgy Technol-
ogy. The powder particles are nearly spherical, with a par-
ticle size distribution ranging from 15 to 53 µm. The detailed 
chemical composition of the powder is provided in Table 4. 
The AM system employed for the experiments is an AMC-
M150B printer (Guangzhou Shinengine AM Technologies 
Co., Ltd.). The system is equipped with a fiber laser capable 
of delivering up to 500 W of power and features a laser beam 
spot size of 40–50 µm for melting and fusing the powder 
material.

Cross-section experimental microstructures are obtained 
through EBSD characterization conducted in-house. A total 
of ten specimens are fabricated using the same reciprocating 
scanning strategy as in the simulation. After electrical wire 
cutting and grinding, cubic samples from the specimens are 
further precisely polished using an ion milling instrument to 

Table 3  Manufacturing parameters of single-layer, single-track simulations
No. 1 2 3 4 5 6 7 8 9 10
Power (W) 100 120 160 140 180 150 150 200 200 200
Speed (m/s) 0.5 0.25 0.5 0.75 0.25 0.4 0.6 0.25 0.5 0.75

Table 4  Chemical composition of the 316 L stainless steel powder
Element Cr Ni Mo Mn Si Fe Others
Content (wt%) 17.03 10.74 2.52 0.83 0.39 Bal <0.1
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3.1  Conditional DDPM

Owing to the superior sample quality and stable training 
dynamics, DDPM is adopted in this study to achieve the 
microstructure generation. As the objective is to generate 
microstructures under different manufacturing conditions, the 
parameters of power and scanning speed are embedded into 
the model as conditional inputs. According to Ho et al. [22], 
a complete DDPM has two processes: the forward (diffusion) 
process and the reverse (denoising) process. The forward pro-
cess is condition-independent, where Gaussian noise is pro-
gressively added to the original image x0 at each diffusion 
step t, forming a Markov chain:

q(x1:T | x0) :=
T∏

t=1
q(xt | xt−1),

q(xt | xt−1) := N
(
xt;

√
1 − βt xt−1, βtI

)� (19)

where βt is a constant variance, and I is the identity matrix. 
Using the notation αt := 1 − βt and ᾱt :=

∏t
s=1 αs, we 

have:

machine and manufacturing parameters, also vary consider-
ably. The promising results on this dataset still demonstrate 
the adaptability of our proposed models to some extent.

3  Sim-to-real diffusion models

Effectively leveraging both high-fidelity but expensive exper-
iment data and massive but relatively low-fidelity simulation 
data remains challenging. In this work, we propose sim-to-
real diffusion models to generate realistic microstructures of 
metal AM products in a cost-effective way. The sim-to-real 
microstructure generation framework is built upon a condi-
tional DDPM, which is pre-trained with a large amount of 
simulation data. To further refine the pre-trained model, we 
propose two parallel strategies: (1) fine-tuning and (2) dis-
tillation. A relatively small amount of experiment data is 
utilized during the refinement process. To quantitatively 
evaluate the quality of the microstructural images generated 
by the proposed sim-to-real approach, both machine learning 
and physics-based metrics are considered.

Table 5  Manufacturing parameters of experiments
Our experiments
No. 1 2 3 4 5 6 7 8
Power (W) 100 120 120 150 150 180 180 200
Speed (m/s) 0.5 0.5 0.7 0.5 0.9 0.7 0.9 0.7
Experiments taken from Ref. [57]
No. 1 2 3
Power (W) 200 200 200
Speed (m/s) 0.25 0.5 0.75

Fig. 6  Illustration of EBSD characterization: (a) Wire-cut sample; (b) Polished sample; (c) Grain orientation map with IPF colors
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where ϵθ represents the predicted noise, which is learned 
by a neural network. A U-Net [58] architecture is adopted 
for this purpose. The architecture of this U-Net adopts a 
symmetric encoder-decoder structure with 5 downsampling 
blocks and 5 upsampling blocks. The channel configura-
tion is set to (32, 64, 128, 256, 512), progressively increas-
ing feature dimensions to capture multi-scale information. 
Each resolution block contains 2 residual layers, ensuring 
sufficient feature extraction capacity. To balance compu-
tational efficiency and expressive power, attention layers 
are deployed only at the 2nd and 4th resolution levels (cor-
responding to 64 and 256 channels). The attention head 
dimension defaults to 8, with group normalization using 
32 groups [59]. The conditional input is first mapped to a 
dimensional feature space via a random Fourier features 
(RFF) embedder  [60], then concatenated with timestep 
embedded by a sinusoidal positional embedder [59] to form 
a 128 dimensional joint embedding vector. This serves as 
a global conditioning signal injected into various levels of 
the U-Net.

Given an initial Gaussian noise sample, a realistic 
microstructural image can be progressively reconstructed 
using the noise predicted by the U-Net. Specifically, con-
ditioned on the manufacturing parameters and the diffusion 
step, the model estimates the noise that was added dur-
ing the forward diffusion process, and iteratively removes 
it from the original Gaussian noise sample. Through this 
reverse denoising process, the noisy sample is gradually 
transformed into a microstructure that is consistent with the 
specified conditions. This reverse process is implemented 
using an implicit scheme  [23], which enables determin-
istic sampling instead of the stochastic noise injection in 
DDPM, making it more suitable for high-fidelity micro-
structure generation. Furthermore, the implicit approach 
also leads to a significantly accelerated sampling process. 
The corresponding sampling formulation is given as:

xt−1 =
√

ᾱt−1 · 1√
ᾱt

(
xt −

√
1 − ᾱtεθ(xt, t, y)

)

+
√

1 − ᾱt−1εθ(xt, t, y)
� (30)

The conditional diffusion model is pretrained exclusively on 
a large-scale dataset of simulated microstructures (20,000 
images, see Sect. 2.1.3), with 15% of the data reserved for 
validation. The overall workflow and model structure are 
shown in Fig. 7. The implementation is build on top of an 
open source library Diffusers [59].

3.2  Fine-tuning

Our first proposed strategy to incorporate experiment data 
to the pre-trained model is fine-tuning. Fine-tuning is a 

q(xt | x0) = N
(
xt;

√
ᾱt x0, (1 − ᾱt)I

)
� (20)

which can be further written as:

xt(x0, ϵ) =
√

ᾱt x0 +
√

1 − ᾱt ϵ� (21)

where the noise ϵ ∼ N (0, I). When conditioned on x0, the 
forward process posteriors can be denoted as:

q(xt−1 | xt, x0) = N
(
xt−1; µ̃t(xt, x0), β̃tI

)
� (22)

µ̃t(xt, x0) :=
√

ᾱt−1βt

1 − ᾱt
x0 +

√
αt(1 − ᾱt−1)

1 − ᾱt
xt � (23)

β̃t := 1 − ᾱt−1

1 − ᾱt
βt � (24)

The conditional reverse process pθ(x0:T | y) is also a Markov 
chain, starting at the final noisy image p(xT ) = N (xT ; 0, I), 
which is defined as:

pθ(x0:T | y) := p(xT )
T∏

t=1
pθ(xt−1 | xt, y) � (25)

pθ(xt−1 | xt, y) := N (xt−1; µθ(xt, t, y), Σθ(xt, t, y)) � (26)

where Σθ(xt, t, y) is set to σ2
t I, and σ2

t  is set to βt, follow-
ing the implementation in Ref. [22]. Reducing the Kullback–
Leibler (KL) divergence between the parameterized probability 
distribution and the probability distribution of actual images as 
much as possible is essential in accordance with the core goal 
of generative models. The Evidence Lower Bound (ELBO), 
which is utilized in VAE [18], is extended into a chain repre-
sentation for the diffusion model, which can be expressed as:

L = Eq


DKL (q(xT | x0) ∥ p(xT ))︸ ︷︷ ︸

LT

+
∑
t>1

DKL (q(xt−1 | xt, x0) ∥ pθ(xt−1 | xt, y))︸ ︷︷ ︸
Lt−1

− log pθ(x0 | x1, y)︸ ︷︷ ︸
L0




� (27)

Given that the term LT  is constant and L0 is computable 
from Eq. (26), it is reasonable to directly compare Eq. (22) 
with Eq.  (26) in the term Lt−1, leading to the following 
parameterization:

µθ(xt, t, y) = µ̃t

(
xt,

1√
ᾱt

(
xt −

√
1 − ᾱt ϵθ(xt, t, y)

))
= 1

√
αt

(
xt − βt√

1 − ᾱt
ϵθ(xt, t, y)

)

� (28)

The final simplified loss function is given as:

Lsimple = Et,x0,ϵ,y

[∥∥ϵ − ϵθ

(√
ᾱt x0 +

√
1 − ᾱt ϵ, t, y

)∥∥2
]
� (29)
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present in the experimental microstructures. This approach 
not only accelerates training and reduces computational 
cost, but also ensures that the model maintains robust gen-
eralization while effectively learning realistic grain fea-
tures. The number of tunable blocks in the upsampling path 
is task-dependent. Based on the results from models tuned 
with different number of tunable upsampling blocks, we set 
all upsampling blocks as tunable for the cross-section fine-
tuning task, whereas only the last two upsampling blocks as 
tunable for the longitudinal-section fine-tuning task.

3.3  Distillation

Our second strategy adopted is distillation (also known 
as knowledge distillation). Distillation was first proposed 
by Hinton et al.  [35] as a technique to compress a high-
capacity teacher model into a smaller and more efficient 
student model. Based on the concept of distillation, we 
design a "teacher-student-reality" training framework and 

popular transfer learning strategy that entails refining a 
previously learned model on a particular target dataset in 
order to modify its parameters for a new task. Fine-tuning 
improves performance on specialized tasks with limited 
training data by utilizing the knowledge gained from pre-
training to keep generalizable features while adjusting to 
the particulars of the target domain [34, 61].

In this study, the pre-trained DDPM is fine-tuned using 
a relatively small amount of experiment data to enable the 
generation of realistic microstructures. As illustrated in 
Fig. 8, we freeze all downsampling and middle blocks of the 
pre-trained U-Net to preserve the feature extraction capa-
bilities and general representations learned from simulated 
microstructural images. This strategy helps prevent overfit-
ting and catastrophic forgetting, which can possibly occur 
when fine-tuning on limited data [62]. During fine-tuning 
with experimental images, selected blocks in the upsam-
pling path are left tunable to allow the model to adapt to 
the new data and capture the specific details and styles [58] 

Fig. 8  Adjusting the U-Net for fine-
tuning diffusion model
 

Fig. 7  Conditional DDPM
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the longitudinal-section refining task, case (150 W, 0.5 m/s) 
is reserved for testing.

3.4  Evaluation metrics

To quantitatively evaluate the authenticity of the gener-
ated microstructures, we employ both machine learning 
and physics-based metrics for analysis. Before analysis, 
generated grains with a real width or length smaller than 
4 µm, which corresponds to the size of two mesh cells in 
our simulation, are considered as noisy pixels and removed 
to minimize the influence of noise. The total area of the 
removed grains accounts for less than 10% of the entire 
image area. In addition, to facilitate grain counting (i.e., 
ensuring that each grain has a distinct and uniform color), 
we fix the grain colors to the 20 colors shown in Fig. 5b, 
and the color of each grain is mapped to the closest color 
among these 20 predefined colors. These image processing 
techniques will not have significant influence on the gener-
ated results, because the overall grain size and aspect ratio 
are kept.

Regarding the machine learning metric, we adopt the 
FID score [36], a standard evaluation metric for generative 
models. FID compares the distribution of generated images 
to that of real images in the feature space of a pre-trained 
Inception-v3 neural network  [63, 64]. Specifically, 
FID measures the difference in means and covariances of 
these distributions, and is defined as:

FID = ∥µr − µg∥2 + Tr
(

Σr + Σg − 2 (ΣrΣg)1/2
)

� (32)

where µr  and Σr  denote the mean and covariance of the 
real images, and µg  and Σg  represent the mean and covari-
ance of the generated images. A lower FID score suggests a 
smaller statistical distance between the generated and real 
image distributions, which reflects better generative qual-
ity. To evaluate the FID scores of the generated microstruc-
tures, each well-trained diffusion model is used to generate 
100 images under the testing manufacturing conditions. 
The FID scores are then computed by comparing these gen-
erated images with the corresponding experimental images 
under the same conditions.

demonstrate its effectiveness for the sim-to-real micro-
structure generation task. The architecture of our sim-to-
real distillation framework is illustrated in Fig. 9.

The teacher model is the pre-trained DDPM, whose 
parameters remain fixed during the distillation process. 
The noise predicted by the teacher model is referred to as 
teacher noise, denoted as ϵT . The student model, initial-
ized from the teacher model with trainable parameters, is 
trained on experiment data. The noise predicted by the stu-
dent model is denoted as ϵS . A third component, real noise 
ϵ, represents the actual Gaussian noise added to the clean 
image during the forward diffusion process. The goal of the 
student model is to accurately predict the real noise under 
the guidance of the teacher model, which possesses prior 
knowledge learned from simulation data. To this end, the 
overall loss function is formulated as the weighted sum of 
two mean squared error (MSE) terms:

Ldistill = λ1 ∥ϵS − ϵ∥2 + λ2 ∥ϵS − ϵT ∥2� (31)

where λ1 and λ2 are two coefficients introduced to balance 
the two objectives. A common setting for hyperparameters 
λ1 and λ2 is to keep λ1 + λ2 = 1. As we aim to gener-
ate high-fidelity realistic microstructures, we need choose 
to use a larger λ1 in this work, which controls how much 
the model can learn from experiment data. Based on the 
training results with different hyperparamter settings, we 
empirically set λ1 and λ2 to 0.8 and 0.2, respectively.

For both the two refining strategies, there are 4,000 exper-
imental images for the cross-section refining task and 1,500 
for the longitudinal-section refining task, as mentioned in 
Sect. 2.2. Still, 15% of the data reserved for validation. It is 
worth noting that, since the pre-trained model has already 
learned the simulated microstructure distributions across a 
wide range of manufacturing conditions within the process 
window, the fine-tuned or distilled model may retain the 
ability to generate realistic microstructures even when the 
corresponding experimental conditions are not included in 
the sim-to-real training. To evaluate this generalizability 
under unseen conditions, we set aside a subset of experi-
mental cases for testing. Specifically, for the cross-section 
refining task, cases (150 W, 0.5 m/s) and (200 W, 0.7 m/s) 
are excluded from training and used solely for testing. For 

Fig. 9  Architecture of the sim-to-real distillation diffusion model
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The third physics-based metric is the grain aspect ratio, 
which characterizes the elongation of individual grains. 
To estimate this quantity, an ellipse is fitted to the contour 
of each grain with principle component analysis (PCA) 
method [66], as illustrated in Fig. 11b. The aspect ratio is 
then approximated by the ratio of the lengths of the major 
and minor axes of the fitted ellipse. The distributions of 
grain size and aspect ratio are quantified by counting their 
occurrences within predefined bins and are visualized as 
histograms, as shown in Sect. 4.

4  Results and Discussion

The results and analysis of the generated microstructural 
images in both the cross section (our in-house experiments) 
and longitudinal section (from literature) are presented in 
this section. A general analysis based on visual inspection 
is first provided. Quantitative evaluations are conducted 
using the metrics including the FID score, grain inclina-
tion angle, melt pool depth (applied only to the longitu-
dinal section), grain size and aspect ratio. We also discuss 
the influence of sim-to-real data proportion and distillation 
hyperparameters on the model performance.

4.1  Cross-section prediction

Figure  12 shows the cross-section microstructures from 
experiment, simulation and three diffusion models trained 
with different strategies. The baseline diffusion model is 
defined as a model directly trained with experiment data, 
and no sim-to-real transition is incorporated. The details 
of fine-tuning and distillation can be found in Sect. 3.2 and 
3.3. Due to the generative nature of diffusion models, the 
images generated by a single diffusion model may exhibit 
some variation, even under identical input conditions. 
However, our diffusion models are conditioned with the 

Regarding physics-based metrics, we consider grain 
size and morphology, as they are important features closely 
associated with the mechanical properties of the as-built 
samples. The first physics-based metric considered is the 
grain inclination angle. Previous studies have shown that 
the initial grain growth direction tends to be perpendicular 
to the melt pool boundary at the onset of solidification [15, 
57]. To standardize the measurement of grain inclination 
in the cross section, a vertical reference line is drawn at 
one-quarter of the melt pool width. As the melt pool moves 
upward during multi-layer scanning, the angle between 
the grain growth direction and the vertical reference line 
gradually decreases, as illustrated in Fig. 10a. The initial 
growth angle in the first layer, denoted as θ1, is selected as 
the target metric, as shown in Fig. 10b. In the longitudinal 
section, the grain inclination angle is defined as the angle 
between the grain growth direction and the horizontal ref-
erence line, denoted as θ2 in Fig. 10c. Additionally, since 
the longitudinal-section case is single-layer, single-track 
scanning, the melt pool depth is also considered as a phys-
ics-based metric specific to this configuration.

The second physics-based metric considered is grain 
size, which is further characterized by three sub-metrics: 
grain length, grain width, and grain area. To quantify grain 
length and width, we adopt the linear grain boundary inter-
cept method, as proposed in the AM Bench 2022 [65]. In 
this approach, horizontal and vertical lines are overlaid on 
the microstructural images. The number of pixels between 
the intersection points of these lines and the grain bound-
aries is counted, representing the grain length and width, 
respectively. The grain area is defined as the total number 
of pixels enclosed within each grain region. As illustrated 
in Fig. 11a, two representative horizontal and vertical lines 
are shown in white, with their intercepts on grain boundar-
ies marked by white crosses. For statistical analysis, a total 
of 100 horizontal and 100 vertical lines are used.

Fig. 10  Physics-based evaluation metrics: a, b Grain inclination angle in cross section; c Grain inclination angle and melt pool depth in longitu-
dinal section
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Fig. 11  Physics-based evaluation metrics: a Grain size; b Grain aspect ratio

 

Fig. 12  Cross-section microstructures obtained from experiment, simulation, and diffusion-based models (baseline, fine-tuning, and distillation)
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color. This replication behavior serves as evidence of the 
limited generalization ability of the baseline diffusion 
model. After fine-tuning or distillation, the generaliza-
tion performance of our diffusion models improves sig-
nificantly. Additionally, the two images generated under 
unseen conditions by the distilled diffusion model display 
distinct pattern styles. The image [Distillation, (150  W, 
0.5 m/s)] resembles the simulation style, whereas the image 
[Distillation, (200 W, 0.7 m/s)] appears more experiment-
like. This stylistic variation may result from the value of 
two coefficients included in Eq. (31).

4.1.2  FID score

The FID scores of the generated microstructures from the 
baseline, fine-tuning, and distillation diffusion models are 
compared in Table 6. Only the images generated under the 
testing manufacturing conditions, along with their corre-
sponding experimental images, are used for the FID cal-
culation, specifically for the cases of (150 W, 0.5 m/s) and 
(200 W, 0.7 m/s). As shown in the table, the FID score of 
the baseline model exceeds 230. However, after applying 
fine-tuning and distillation, the score decreases signifi-
cantly. This improvement can be attributed to the fact that, 
during the fine-tuning and distillation processes, the pre-
trained model has learned the microstructure distributions 
from the simulation data. Although the simulation data is of 
lower fidelity compared to the experiment data, it still pro-
vides the model with basic grain characteristics under the 
given testing conditions. Subsequent fine-tuning and dis-
tillation with experiment data enable the model to further 
capture real microstructural features, thereby enhancing 
its ability to generate more accurate predictions of unseen 
microstructures.

Another point worth mentioning is the magnitude of the 
FID scores. It seems even the fine-tuned and distilled models 
do not achieve very low FID values. We speculate that there 
may be two main reasons for this. First, the commonly used 
Inception-v3 network  [63, 64], which is employed 
to extract features in the latent space, is pre-trained on 
the large-scale natural image dataset ImageNet  [71]. In 
contrast, our dataset consists of microstructural images, 
which may not be fully compatible with the feature rep-
resentations learned from natural images. Second, residual 
noise in the generated images cannot be completely elimi-
nated. Despite these limitations, our sim-to-real approach 
still demonstrates satisfactory performance in generating 

manufacturing conditions, so the generated images should 
have similar characteristic. In this work, we present only 
one representative image for each model under a specific set 
of conditions. Nevertheless, the selected image adequately 
reflects the overall generation quality. To clearly indicate 
the location of each image in the figure, we use a coordinate 
format of [Method, (Power, Scanning speed)] to describe 
the position of the corresponding generated image.

4.1.1  General analysis

An overview of the microstructures shown in Fig. 12 is first 
provided. Compared with the experimental grains shown 
in the first column, the simulated grains exhibit a similar 
growth trend, primarily oriented upwards along the central 
axis and both sides. However, the simulated grains appear 
clearer and more regular, with fewer nucleated grains accu-
mulating along the central axis. This discrepancy can be 
attributed to the fact that the thermal history and nucleation 
phenomena in the experiments are more complicated and 
less controlled [57].

The generated images from diffusion models with 
fine-tuning and distillation demonstrate organized micro-
structures under all the conditions presented. In contrast, 
although the baseline diffusion model successfully predict 
the microstructure under seen condition, it fails to gener-
ate realistic grain patterns under testing conditions. For 
example, in the image [Baseline, (150 W, 0.5 m/s)], grains 
A, B, and C are fused into a single grain, which deviates 
significantly from the experimental microstructure. Under 
another unseen condition (200 W, 0.7 m/s), the generated 
grains appear chaotic, with no discernible growth trend. 
These failures are mainly because the baseline diffusion 
model has no memory of the real microstructures under the 
testing conditions. As a result, it lacks prior knowledge of 
how the microstructures should appear in such scenarios 
and fails to produce reliable predictions. This poor perfor-
mance is primarily attributed to the limited generalizability 
of diffusion models trained on small experiment data.

In fact, improving the generalization ability of diffusion 
models remains a challenging problem in the field of com-
puter vision. Recent studies  [67–70] have demonstrated 
that diffusion models tend to reconstruct images based 
on memorized patterns from the training data, rather than 
generating novel content. This issue becomes even more 
pronounced when the training dataset is limited or when 
multimodal learning is involved.

Interesting phenomena regarding microstructure dis-
tribution can be observed. The image [Baseline, (100 W, 
0.5  m/s)] exhibits a microstructure highly similar to the 
experimental result under the same manufacturing condi-
tions, apart from some minor differences in position and 

Table 6  FID scores of cross-section microstructural images generated 
by different diffusion models. The lower the FID score is, the higher 
quality the generated samples have

Baseline Fine-tuning Distillation
FID 236.76 167.87 178.32
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distilled diffusion models, the maximum absolute error of 
inclination angle is 6◦ occurred at the image [Distillation, 
(200 W, 0.7 m/s)]. The error may stem from the inherent 
uncertainty of the generation process or the diversity of the 
training data. Despite this, the fine-tuned and distilled diffu-
sion models are still capable of accurately predicting grain 
inclination angles under both seen and unseen conditions.

The following presents a quantitative analysis of grain 
width, length, area, and aspect ratio. To perform this analysis, 
simulated or generated microstructural images are randomly 
selected and compared with a randomly chosen image from 
the experimental dataset under the same manufacturing con-
ditions. Due to inherent fluctuations in the experiment data, 
slight variations in grain count may be observed for each 
metric. Nevertheless, the overall grain distribution remains 
consistent and stable across the dataset.

The comparisons between experimental and simulated 
grains are shown in Fig. 13. Since the initial grain size was 
adjusted in the simulation, the resulting grain width distri-
butions exhibit relatively good agreement with the experi-
ment data. However, despite the satisfactory results for 
grain width, the correspondence deteriorates when exam-
ining grain length. Even larger discrepancies are observed 
in the distributions of grain area and aspect ratio, where 

microstructures with reasonable grain size and morphol-
ogy, as discussed in the next subsection.

4.1.3  Grain size and morphology

The grain inclination angle shown in Fig.  12 is first ana-
lyzed in this subsection. From the experimental images, 
it can be observed that the inclination angle in the case of 
(100 W, 0.5 m/s) is smaller than those in the other two cases. 
This is attributed to the shallower melt pool depth result-
ing from the lower laser energy density. The energy den-
sities of the (150 W, 0.5 m/s) and (200 W, 0.7 m/s) cases 
are relatively similar, leading to comparable inclination 
angles observed in the experiments. Our simulation results 
successfully capture this trend in grain inclination angle. 
The image [Baseline, (100 W, 0.5 m/s)] shows good agree-
ment with the experimental result, as the baseline diffusion 
model has been trained under this condition. The inclination 
angle in [Baseline, (150 W, 0.5  m/s)] is slightly overesti-
mated, even though the overall microstructure prediction 
in this case is inaccurate. For the image [Baseline, (200 W, 
0.7 m/s)], no clear microstructural pattern is observed, mak-
ing it impossible to measure the grain inclination angle. 
Among the microstructures generated by fine-tuned and 

Fig. 13  Grain-level comparison of cross-section microstructures between experiment and simulation
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evaluated metrics. This discrepancy is primarily attributed 
to the chaotic and less controlled distribution of grains pro-
duced by the model when extrapolating beyond its train-
ing domain. The overgeneration of grains and noise under 
unseen conditions indicates reduced predictive reliability, 
likely due to the inability of the baseline model to gener-
alize to microstructural variations not encountered during 
training.

Figure 15 presents the comparative results between the 
microstructures generated by the fine-tuned model and 
those obtained from experiments. The results indicate that 
the model is capable of generating grains that align well 
with experimental features across all evaluated metrics, not 
only under seen conditions but also under unseen condi-
tions. Similar trends observed in Fig. 16 further demonstrate 
the effectiveness of the distillation training strategy in gen-
erating realistic microstructures. However, for the metric of 
grain area, the number of grains with areas ranging from 200 
to 400 pixels exceeds that observed in the experiment data 
under all conditions. We speculate that this discrepancy is 
due to the presence of noisy, medium-sized grains generated 
during the distillation process. Despite this deviation, the 
distilled model still performs well across the other metrics, 
indicating its overall robustness and generalization ability.

significant mismatches exist between the experimental and 
simulated results. This can be attributed to the complexity of 
metal AM, which involves physical interactions across mac-
roscale, mesoscale, and microscale regimes  [72]. Current 
simulations are limited in their ability to fully capture all 
phenomena occurring during the printing process. By sum-
ming the occurrences of binned grains from the experimen-
tal and simulated datasets separately, it is evident that the 
total number of grains in the experimental images exceeds 
that in the simulated ones. This is probably due to a higher 
nucleation density in the printing experiments. Addition-
ally, noise from EBSD characterization may contribute to 
the observed difference.

The comparisons between the experimental results and 
the baseline predictions are presented in Fig.  14. Under 
the seen condition (100 W, 0.5 m/s), the generated micro-
structure exhibits good consistency with the experimental 
result in terms of grain width and length, and demonstrates 
reasonably good agreement in grain area and aspect ratio. 
This indicates that the baseline model is capable of captur-
ing essential morphological features of grains when trained 
and evaluated under similar conditions. In contrast, under 
unseen conditions, the total number of generated grains 
exceeds that observed in the experiment data across all 

Fig. 14  Grain-level comparison of cross-section microstructures between experiment and baseline diffusion model
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results across all evaluated metrics. These findings under-
score the effectiveness of incorporating strategies such as 
fine-tuning and distillation with experiment data into diffu-
sion models to provide physical priors and enhance micro-
structural predictions.

4.2  Longitudinal-section prediction

Figure  17 shows the longitudinal-section microstructures 
from experiment, simulation and three diffusion models 
trained with three different strategies. Similar to the cross-
section images shown in Fig.  12, only one representative 
image is displayed for each method under a specific set of 
manufacturing conditions.

4.2.1  General analysis

The longitudinal-section microstructures exhibit differ-
ent patterns compared to their cross-section counterparts. 
In this view, grains in the experimental images tend to tilt 
in the direction of laser scanning, which reflects the influ-
ence of thermal gradients and solidification dynamics. Since 
the longitudinal-section images in this study are obtained 
from single-layer, single-track scanning cases, the melt 

Table  7 summarizes the mean absolute errors (MAE) 
and mean absolute percentage errors (MAPE) of the cross-
section grain analysis results. The unit for MAE is the count 
of grains. The errors are calculated for each bin and then 
averaged. As the counts for the larger pixel ranges (i.e., the 
latter bins) are very low for both the real and generated data 
shown in these histograms, we calculate the errors using 
only the first five bins for grain size, while the first 10 bins 
for grain aspect ratio. From the table, we can observe a sub-
stantial decrease in MAEs after applying the proposed train-
ing strategies. Due to the inherently small counts in some 
bins, the calculated MAPEs are relatively larger. Neverthe-
less, a significant improvement in performance can still be 
observed.

From the quantitative evaluations of the cross-section 
microstructures, we conclude that the simulations are not 
yet capable of fully capturing the complexity of real experi-
mental data, due to the absence of features such as porosity, 
spatter, vapor depression, melt-pool instabilities, and other 
phenomena present in actual printing processes, while the 
baseline model struggles to generalize microstructural fea-
tures under unseen conditions. In contrast, microstructures 
generated by both the fine-tuned and distilled models dem-
onstrate significantly better alignment with experimental 

Fig. 15  Grain-level comparison of cross-section microstructures between experiment and fine-tuned diffusion model
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experimental results. This demonstrates the ability of dif-
fusion models to replicate microstructures under condi-
tions they have encountered during training. Nonetheless, 
considerable noise appears in the training results, such 
as the region labeled D in the image [Baseline, (200  W, 
0.25 m/s)]. By comparison, the image under the unseen con-
dition [Baseline, (200 W, 0.5 m/s)] is dominated by noise 
and lacks recognizable grain morphology, which reflects the 
poor generalization capability of the baseline model. After 
applying fine-tuning or distillation, the diffusion models 
exhibit improved performance under both seen and unseen 
conditions, generating microstructures with clearer grain 
boundaries and more realistic morphology.

4.2.2  FID score

Only the images predicted under the testing condition 
of (200 W, 0.5 m/s) are used to calculate the FID scores, 
in comparison with their corresponding experimental 
images. The results are summarized in Table 8. Similar to 
the cross-section case, the FID score of the baseline pre-
diction exceeds 220, but is reduced to approximately 190 
after applying our proposed approaches. The improved FID 
scores of the longitudinal-section training are slightly higher 

pool depth can be clearly identified by distinguishing the 
boundary between the grown grains and the initial substrate 
grains. A lower scanning speed leads to stronger grain tilting 
and a deeper melt pool. This growth trend is successfully 
captured in our simulations. However, the simulated grain 
structures generally appear coarser than those observed in 
the experiments.

For the baseline model, the images under seen condi-
tions, such as [Baseline, (200 W, 0.75 m/s)] and [Baseline, 
(200 W, 0.25 m/s)], show relatively good agreement with 

Table 7  Errors of the cross-section grain analysis results under test 
conditions
Grain metric Width Length Area Aspect ratio
MAE
 Simulation 96 95.4 16.8 8.1
 Baseline 74.3 128.3 30.3 15.2
 Fine-tuning 32.1 28.2 8.1 3.7
 Distillation 19.9 44.2 10.7 3.3
MAPE
 Simulation 51.6% 54.4% 64.4% 66.7%
 Baseline 58.4% 74.4% 149.0% 146.3%
 Fine-tuning 15.8% 28.6% 39.4% 51.7%
 Distillation 26.5% 31.1% 32.1% 36.9%
The unit for MAE is the count of grains

Fig. 16  Grain-level comparison of cross-section microstructures between experiment and distilled diffusion model
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well-distributed grains with accurate inclination angles and 
melt pool depths under seen conditions. In contrast, under 
the testing condition, the predicted grain structures become 
disordered, as shown in the image [Baseline, (200  W, 
0.5 m/s)].

In the following analysis, the grain width, length, area, 
and aspect ratio are quantitatively evaluated. In the same 
manner as described in Sect.  4.1.3, representative experi-
mental microstructural images and their corresponding 
simulated or generated images are randomly selected for 
comparison under each set of conditions.

Figure 18 shows comparisons between experimental and 
simulated results using the proposed grain-level metrics. 
It is evident that the number of grains in the experimental 
images is significantly higher than that in the simulated ones. 
As described in Sect. 2.1.3, the initial settings in the longitu-
dinal-section simulations is set to be the same as that in the 
cross-section simulations. This configuration is intended to 
demonstrate the adaptability of the fine-tuned and distilled 
diffusion model to different experimental setups.

Figure  19 presents comparisons between the baseline 
model predictions and experimental microstructural images. 
The generated microstructure under a seen condition of 
(200 W, 0.75  m/s) shows relatively good agreement with 
the experiment data. However, under another seen condi-
tion of (200 W, 0.25 m/s), the generated microstructure dis-
plays noticeable mismatches. This unexpected degradation 

when compared to the cross-section results in Table 6. This 
difference may be attributed to minor degradation during the 
processing of experimental images, as well as the limited 
amount of experimental data available for refining the pre-
trained diffusion model in this scenario.

4.2.3  Grain size and morphology

The grain inclination angles and melt pool depths of the 
microstructures shown in Fig.  17 are quantitatively ana-
lyzed first. By examining the experimental images from top 
to bottom, it can be observed that the inclination angle of 
the grains gradually decreases. This trend may be attributed 
to the increased curvature of the melt pool at lower scan-
ning speed [57]. Meanwhile, the melt pool becomes deeper, 
which can be explained by the higher energy density asso-
ciated with the reduced scanning speed. Our simulations 
exhibit high predictive accuracy for melt pool depth across 
various processing conditions. However, their performance 
in capturing grain inclination angles remains limited, par-
ticularly at very low scanning speeds. When trained solely 
on experimental images, the baseline model can generate 

Table 8  FID scores of longitudinal-section microstructural images 
generated by different diffusion models

Baseline Fine-tuning Distillation
FID 221.96 185.52 189.09

Fig. 17  Longitudinal-section microstructures obtained from experiment, simulation, and diffusion-based models (baseline, fine-tuning, and distil-
lation). The experimental images here are cropped and further processed based on the results of Ref. [57], with permission from Elsevier
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distilled model. This observation is consistent with our pre-
vious discussion.

These comparisons reveal the limitations of simulation 
and baseline training methods, while demonstrating that 
our proposed approaches can effectively generate realistic 
microstructures, even when fine-tuning and distillation data 
are sourced from an independent study [57] within the AM 
community.

4.3  Discussion

In this section, we will discuss the influence of sim-to-real 
data proportion and distillation hyperparameters on the per-
formance of the refined diffusion models.

4.3.1  Sim-to-real data proportion

In the proposed sim-to-real framework, balancing the pro-
portion of simulation data and experiment data is an impor-
tant issue. By comparing Table  7 and Table  9, it appears 
that the performance on the cross-section task is better than 
that on the longitudinal-section task. The numbers of simu-
lation images used for pre-training are 20,000 and 5000, 

in performance is likely a consequence of the limited quan-
tity of experimental training data, which may have led to 
increased noise and reduced fidelity in the output. Further-
more, the generated microstructure under an unseen condi-
tion of (200 W, 0.5 m/s) performs even worse, which can be 
attributed to the poor ability of diffusion models to generate 
data beyond its training memory.

The comparative results after fine-tuning and distillation 
are presented in Fig.  20 and Fig.  21, respectively. Under 
seen conditions, the histogram distributions of both models 
closely match the experiment data. For the unseen condition, 
both approaches demonstrate substantial improvements 
over the baseline model. Despite the improvements, the 
generated microstructures still exhibit noisy grains, which 
may lead to slightly higher grain counts compared to those 
observed in the experiment data across all metrics. Notably, 
in this longitudinal-section training scenario, the fine-tuned 
model yields better performance than the distilled model, 
implying that the distillation process may be more depen-
dent on the size and diversity of the training dataset.

Table  9 summarizes the mean MAEs and MAPEs of 
the longitudinal-section grain analysis results. As shown 
in the table, the refined models demonstrate improved per-
formance, with the fine-tuned model outperforming the 

Fig. 18  Grain-level comparison of longitudinal-section microstructures between experiment and simulation
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Fig. 19  Grain-level comparison of longitudinal-section microstructures between experiment and baseline diffusion model

 

Fig. 20  Grain-level comparison of longitudinal-section microstructures between experiment and fine-tuned diffusion model
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are able to generate higher-quality microstructures, whereas 
the performance drops significantly when experimental data 
are very limited. From the image generated by the model 
fine-tuned with only 2 cases, we can conclude that the lim-
ited experimental data cannot offer adequate real informa-
tion, and may even confuse the physical prior learned from 
the simulation data. Since experimental data are difficult to 
obtain, the amount used may need to be adjusted according 
to the desired quality of the results.

4.3.2  Distillation hyperparameters

As introduced in Sect. 3.3, there are two hyperparameters, 
λ1 and λ2, that control the performance of the distilled dif-
fusion models. To further investigate the influence of the 
hyperparameter settings on the generated microstructures, 
we use cross-section experiment data to distill the pre-
trained diffusion model using different combinations of 
λ1 and λ2, and the generated results under test condition 
(150 W, 0.5 m/s) are shown in Fig. 23. The FID scores are 
also calculated to quantitatively analyze the results, which 
are listed in Table 11. It can be observed that a relatively 
larger value of λ1 enables the generated microstructures 
to capture more experimental details, as the influence of 

respectively, indicating that pre-trained models with more 
simulation data tend to be more stable.

To figure out the suitable data ratio in the microstructure 
prediction task, we further use the 8 cross-section experi-
mental cases to conduct several fine-tuning trainings with 
different number of cases set aside for testing. The generated 
microstructures conditioned on (200 W, 0.7 m/s) from these 
models are shown as examples in Fig. 22, and correspond-
ing FID scores are listed in Table 10. It can be observed that 
models refined with a larger amount of experimental data 

Table 9  Errors of the longitudinal-section grain analysis results under 
test conditions
Grain metric Width Length Area Aspect ratio
MAE
 Simulation 79.2 61.6 18.6 12.5
 Baseline 101.8 93.0 14.8 15.1
 Fine-tuning 23.0 13.0 8.8 5.8
 Distillation 27.4 36.0 10.8 11.2
MAPE
 Simulation 160.0% 40.4% 79.3% 72.6%
 Baseline 90.5% 89.1% 74.8% 131.0%
 Fine-tuning 34.0% 14.8% 42.2% 76.6%
 Distillation 54.1% 51.2% 53.9% 112.4%
The unit for MAE is the count of grains

Fig. 21  Grain-level comparison of longitudinal-section microstructures between experiment and distilled diffusion model
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as this combination yields the lowest FID score, as shown 
in Table 11.

experimental data on the student model is weighted by λ1. 
However, an extremely large value of λ1 may prevent the 
model from learning effectively from the simulation data. 
In this work, we set λ1 and λ2 to 0.8 and 0.2, respectively, 

Table 10  FID scores of the cross-section generated results under test 
conditions with different settings of experiment data proportion in fine-
tuning
Number of fine-tuning cases 7 6 4 2
FID 143.65 167.87 162.41 215.86

Table 11  FID scores of the cross-section generated results under test 
conditions with different settings of hyperparameters in distillation
λ1 - λ2 0.5 - 0.5 0.6 - 0.4 0.7 - 0.3 0.8 - 0.2 0.9 - 0.1
FID 251.82 212.96 208.39 178.32 189.95

Fig. 23  Cross-section generated results under test condition (150 W, 0.5 m/s) with different settings of hyperparameters in distillation. The captions 
under the second row indicate the values of λ1 and λ2

 

Fig. 22  Cross-section generated results under test condition (200 W, 0.7 m/s) with different settings of experiment data proportion in fine-tuning
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value of our models in real-world manufacturing scenarios. 
Overall, the proposed sim-to-real framework offers a novel 
and promising perspective on the application of diffusion 
models to engineering problems, bridging the gap between 
data-driven generative modeling and physics-based design 
requirements.
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