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ABSTRACT

Recent advances in novel bioinks have dramatically increased the feasibility and applicability of 3D
bioprinting for tissue engineering and regenerative medicine. However, developing new bioinks still
requires extensive trial-and-error testing due to bioink rheology, crosslinking reactions, printing
parameters, and limited resources. Previous classification- or regression-based Al models for bioink
optimisation are typically black-box and cannot provide visual results. To address these challenges,
a state-of-the-art disentangled and explainable generative Al framework was developed. The
framework comprises a beta-conditional variational autoencoder (B-CVAE) for generating novel,
variational images of printed constructs based on ink properties and printing parameters.
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Furthermore, an in silico closed-loop Bayesian optimisation (BO) system coupled with a
convolutional neural network (CNN) was employed to quantitatively predict pre-printing
performance and classify defects. The trained B-CVAE model can generate realistic and condition-
dependent images of printed constructs. Visualisation of the latent space revealed an interpretable
organisation of the learned features, supporting the model’s explainability and controllability.
Moreover, transfer learning was employed to rapidly adapt to new blueprint designs with limited
data. Although this study focuses on acellular hydrogel printing, the bioink formulations and
crosslinking conditions are cytocompatible and extensible to bioprinting applications. The proposed
framework accelerates bioprinting optimisation through interpretable generative Al modelling.

Conditional Construct
Image Generation

)¢ ¢
<

Photo-Induced Crosslinking
System for 3D Bioprinting

Visible

; Crosslinker v+’
Light Content v

|
 /|[Rheology

Feature
Disentanglement

Decoder

Generative Reconstruction
AI Model

Input Printing
Conditions

Highlights o )
e Latent visualisation suggests interpretable learned

features, providing explainability and controllability.
¢ Anin silico closed-loop Bayesian optimisation system
evaluates and optimises printability.

e A generative Al model generates condition-depen-
dent morphologies for 3D bioprinting applications.

CONTACT Shinji Sakai @ sakai@cheng.es.osaka-u.ac.jp @ Division of Chemical Engineering, Department of Materials Engineering Science, Graduate School
of Engineering Science, The University of Osaka, 1-3 Machikaneyama-cho, Toyonaka, Osaka 560-8531, Japan
@ Supplemental data for this article can be accessed online at https://doi.org/10.1080/17452759.2026.2671497.

© 2026 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow the posting of the Accepted
Manuscript in a repository by the author(s) or with their consent.


http://crossmark.crossref.org/dialog/?doi=10.1080/17452759.2026.2671497&domain=pdf&date_stamp=2026-05-19
http://orcid.org/0009-0009-2411-9640
http://orcid.org/0000-0002-9649-0635
http://orcid.org/0000-0002-1041-4798
http://creativecommons.org/licenses/by/4.0/
mailto:sakai@cheng.es.osaka-u.ac.jp
https://doi.org/10.1080/17452759.2026.2671497
http://www.tandfonline.com

2 (& CZHANGETAL.

e Transfer learning adapted the generative model to
new blueprints with limited data.

1. Introduction

Three-dimensional (3D) bioprinting is an evolving biofab-
rication platform that utilises advanced bioinks and bio-
printing strategies to fabricate biomimetic tissues and
organs for tissue engineering and regenerative medicine
[1-3]. Extrusion-based 3D bioprinting is one of the most
widely used methods due to its simplicity, affordability,
and ability to process inks with a wide range of viscosities
[4]. The method enables precise spatial placement of
cell-laden bioinks to create complex and functional bios-
tructures [5]. Recent advances in developing novel bioink
formulations have significantly increased the feasibility of
applying 3D bioprinting technologies for the fabrication
of functional living tissues and personalised medicine
[6,7]. However, developing novel bioinks often involves
conducting repetitive, tedious experiments to ensure
the ink formulations achieve optimal printing perform-
ance [8,9]. This leads to one of the main challenges in
quality control for 3D bioprinting: optimising printability,
or shape fidelity, such that printed structures accurately
match the computer-aided design (CAD) model [10].
Printability is influenced by numerous factors, including
the rheological properties of bioinks, the chemistry of
crosslinking systems, and operational parameters of the
printer [11,12]. As a result, predictive methods are essen-
tial for reducing trial-and-error iterations and effectively
identifying the relevant printing window.

Recent studies have introduced methods that employ
numerical simulations and machine learning (ML) to
predict and assess printability [13-15]. For example,
computational fluid dynamics (CFD) simulations have
been used to examine the effects of printing speed,
nozzle height, flow rate, and rheology on filament and
deposition morphology in extrusion-based 3D bioprint-
ing [16,17]. While CFD simulations provide a mechanistic
understanding, they can be computationally demanding
and sensitive to complex model assumptions [18]. In par-
allel, ML, particularly deep learning (DL), has been
applied to classify printing defects and predict quantitat-
ive printability scores [19]. A previous study employed in
situ vision systems powered by convolutional neural
networks (CNNs) to detect layer-wise anomalies and
geometric defects in extrusion-based 3D bioprinting
[20]. A subsequent study reported a CNN-based
closed-loop extrusion bioprinting framework that auto-
matically classifies and corrects over- and under-extru-
sion errors in real time [21]. Another study employed a
regression-based CNN coupled with a novel Hausdorff
distance (HD) metric to predict the printability of

printed constructs against the ideal CAD model [22].
Beyond vision-based defect detection, a temporal con-
volutional network-long short-term memory (TCN-
LSTM) model trained on time-series sensor data
achieved ink-insensitive prediction of deposition line-
width across various biomaterial inks [23]. Another
study implemented a hybrid artificial neural network-
finite element analysis (ANN-FEA) framework to predict
the Young’s modulus of 3D-printed bone scaffolds [24].
Although classification and regression predictions
improve the bioink screening process, they are typically
black-box models and do not directly provide visual
printing results, and the scarcity of datasets often
limits their performance and effectiveness. In contrast,
disentangled generative models serve as a complemen-
tary approach to predictive models. They enhance
explainability by visualising latent variables and help
fill data gaps by generating realistic images and enlar-
ging the dataset.

Generative artificial intelligence (Al) has received
widespread attention for its ability to learn from repre-
sentative datasets and generate complex outputs,
including text, images, videos, 3D structures, and mol-
ecular graphs [25-27]. For example, conditional genera-
tive adversarial networks (GANs) have enabled inverse
design of 3D mechanical metamaterials with targeted
static and dynamic properties through generating
novel samples [28]. Although GANs can produce sharp
samples, they are increasingly criticised for their suscep-
tibility to training instabilities and mode collapse, which
lead to less diverse outputs [29]. On the other hand, vari-
ational autoencoders (VAEs) are a class of generative Al
models that learn a probabilistic mapping from high-
dimensional data, such as images, to a compact, low-
dimensional latent representation; VAEs are typically
more stable to train and support physically meaningful
interpolation [30,31]. VAE-based models have been
applied to de novo molecular design for generating mol-
ecules that satisfy multiple target properties beyond the
training range [32,33]. Despite the rapid progress and
deployment of generative Al, its potential in 3D bioprint-
ing remains largely unexamined.

The present study focuses on acellular hydrogel print-
ing as a foundational step for generative Al-guided cell-
laden 3D bioprinting. A state-of-the-art beta-conditional
variational autoencoder (B-CVAE) was implemented to
generate deposition morphology for extrusion-based
3D bioprinting under conditional constraints. This gen-
erative model was trained on images of printed grid
structures produced using a visible-light-crosslinking
system comprising alginate-phenol (ALG-Ph) and hya-
luronic acid-phenol (HA-Ph) conjugated inks with Tris(bi-
pyridine)ruthenium(ll)  chloride ([Ru(bpy)3]2+) and



sodium persulfate (Na,S,0g; SPS). Crosslinking is achieved
via the Ru/SPS-mediated photoredox process, in which
visible light excites [Ru(bpy)s]**, triggering persulfate acti-
vation and subsequent phenol-phenol coupling [34]. The
model was conditioned on key parameters that influence
printing quality: rheological properties, irradiation inten-
sity, and phenolic content. Additionally, support vector
regression (SVR) was used as a surrogate model to
predict rheological parameters of ALG-Ph and HA-Ph inks
from ink compositions. Furthermore, an in silico closed-
loop Bayesian optimisation (BO) system, integrated with
a multi-task CNN, was developed to classify, evaluate,
and optimise the printability of the generated deposition
morphology across varying irradiation intensities.

The proposed generative Al framework can generate
novel, variational images of deposition morphologies con-
sistent with experimental observations, thereby helping
optimise ink formulations and operating conditions with
fewer experimental iterations. The latent space of the
trained B-CVAE model showed high disentanglement in
learned features, highlighting the model’s robustness,
explainability, and controllability. Moreover, transfer
learning was leveraged to generate images of new blue-
print designs by fine-tuning the pretrained B-CVAE on
small, domain-specific datasets. Concurrently, these capa-
bilities establish a first step toward utilising generative Al
as a design and screening tool in 3D bioprinting, facilitat-
ing data-efficient exploration of bioink development and
optimisation.

2. Results

2.1. Overview of 3D bioprinting system and
generative Al model

This study aims to conditionally generate images of printed
constructs based on rheological and chemical properties of
inks used in a visible-light-induced 3D bioprinting system
(Figure 1a). The dimensions and printing time of the blue-
prints utilised in this study are presented in Figure S1. Con-
structs were fabricated via layer-by-layer extrusion and
crosslinked under 450 nm irradiation at varying intensities.
Images of the constructs were acquired, and image seg-
mentation was used to remove background noise. Influen-
tial factors that can affect the deposition morphology in
such a system include rheological properties, crosslinker
(phenolic group) content, and irradiation intensity (Figure
1b). The generative Al framework employs a B-CVAE,
which is a novel disentangled and conditional generative
model that balances reconstruction accuracy and latent
space regularisation through the hyperparameter 8 [35].
The B-CVAE architecture comprises an encoder and a
decoder, which are CNNs with learnable parameters ¢
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and 6, respectively (Figure 1c). The input image x is pro-
cessed by the encoder’s convolutional layers, outputting
mean p and standard deviation o vectors. The condition
vector ¢ is concatenated with the encoder output. These
define the approximate posterior (encoder) distribution
qe(z|x, ©) as a Gaussian distribution N (u, 2) with mean
p and a diagonal covariance matrix 3 whose diagonal
entries are the variances o?. The latent variable z is
sampled from A/ (u, 3) using the reparameterization trick:

z=p+00¢ (1

where € ~N(0,l) is a random noise vector, and
O represents element-wise multiplication. This trick
enables model learning by allowing gradient flow
through sampling, as z is treated as a deterministic function
of u, o, and e.

The image x’ is reconstructed from z and ¢ by the
decoder network using bilinear upsampling layers. The
model is trained by minimising the negative evidence
lower bound (ELBO), referred to here as the B-CVAE
loss function:

Lp-cvae = —Eqg,@zx,0[l09 po(x|2, )]
+ BDxL(q4(zIx, €) || p(2)) (2)

The first term on the right-hand side (reconstruction loss) in
Eg. (2) is the negative average log-likelihood of the input x
under the decoder distribution py(x|z, ), conditioned on z
and c. The expectation [, x, denotes an average over z
sampled from q(z|x, c). As py(x|z, c) is assumed to be an
isotropic Gaussian with mean x” and identity covariance |,
the reconstruction loss can be approximated as:

_[Eqd,(zlx,c)[lc’g Pe(X|Z, C)] ~ [Eqd,(z \x,c)[”x - X/| |2] (3)

which represents the mean squared error (MSE) between
the input x and reconstruction x’.

The second term on the right-hand side (Kullback-
Leibler (KL) divergence) in Eqg. (2) measures the differ-
ence between q4(z|x, ¢) and a prior p(z) that is treated
as a standard normal distribution A/(0, I). The hyperpara-
meter B controls the balance between reconstruction
accuracy and the proximity of q4(z|x, ¢) to p(z). The KL
divergence is computed analytically as:
1d
> (i +0f —1~logaf) (4)

24

Dki(ge(zIx, ) || p(2)) =

where d is the latent space dimensionality, y; is the j-th
component of u, and 012 is the j-th component of the
variance vector o?. By encouraging g4(z, x, ¢) to match
p(z), the KL divergence ensures that z sampled from
p(2) during generation lie within regions the decoder
has learned to reconstruct, enabling coherent image
generation.



4 (&) C.ZHANGETAL.

Light Source

: Printhead
450 Ink Formulation :
ViSil;}g] 2.0 mM [Ru(bpy)3]2+ Extrusion Rate 2

2.0 mM Na,S,05
ALG-Ph s
HA-Ph

]
Irradiation Angle
Image

g
Segmentation«

‘ 2.0 uL/s 2

Printhead
Traveling Speed
20 mm/s

Photo-Induced t
Crosslinking
3D Bioprinting
System

b %

‘%,

| I— ¥ *) 2
Rheological  Crosslinker  Irradiation
Properties Content Intensity

Influential Factors

s

17
QAL AL)

Deposition Morphology

B-CVAE Objective: Minimize [Reconstruction Loss + B x KL Divergence]

>|Reconstruction LossI(

IO
IEijZ_lf’c)[”X x I c |Condition [
Segmented Image Mean s Vector Reconstructed
Input x C ! \ing Output x’
Onvolun—o” i Latent Upsamp
™ Space
/ Encoder ! J Decoder
e qe(z|x,c) || iStandar = Pe(x|z,c)
) 1 Deviatio =
¥ ! Z=U+00E —
LI
Random 2 g Encoder KL Latent Prior
Noise Vector N Distribution /3 _|We|ght p(2)
@: Element-Wise Addition e ¥ KL Divergence
. ; E~N(O,I i N(u,2) | z~N(0,I
®: Element-Wise Product (0,1) ‘\___(fj_'__)_,l',BDKL[q¢(z|x,c)IIp(z)] (0,I)
E] EA Cross Power Law Parameters Loss Tangent
PR No Z-ero-Shear—Rate Viscosity [Pa-s] :—: il Y i E\
Vector m Time Constant [s] 'g E m |
C n Shear-Thinning Index [-] 2 '§ tan(6) = =& !
f—i S = TLVR
tan(d)| Loss Tangent [-] = —=-n § —— G (Storage) i
E. | Irradiation Intensity [%] £ =Z(|— c"(ose) |1
Dph, [ Phenolic Content [mmol-Ph/mL] 2|1 —— n(y) —=- LVRLimit :

Shear Rate (y) Shear Stress (1)

Figure 1. Disentangled generative Al framework for 3D bioprinting. (a) The visible-light-induced bioprinting system consists of algi-
nate-phenol (ALG-Ph) and hyaluronic acid-phenol (HA-Ph) composite inks containing Tris(bipyridine)ruthenium(ll) chloride
([Ru(bpy)3]2+) and sodium persulfate (Na,S;0g). (b) Influential factors that govern deposition morphology for the visible-light-
induced bioprinting system. (c) The beta-conditional variational autoencoder (3-CVAE) encodes the condition vector ¢ and images
of printed constructs into latent distributions and reconstructs the images by sampling from them while minimising the sum of recon-
struction loss and Kullback-Leibler (KL) divergence. (d) The condition vector ¢ contains six rheological and processing descriptors. (e)
The Cross Power Law for modelling a shear-rate-dependent viscosity curve, and the definition of tan (8) based on storage modulus (G')

and loss modulus (G”) within the linear viscoelastic region (LVR).

The condition vector consists of six descriptors: zero-
shear-rate viscosity (1), time constant (m), shear-thin-
ning index (n), loss tangent (tan (8)), irradiation intensity
(Ee), and phenolic content (Dp) as shown in Figure 1d.
The Cross Power Law parameters (1, m, and n) and
loss tangent (tan(8)) are defined in Figure le. The
detailed definitions of these rheological parameters are
presented in Section 5.2. The construction and

preprocessing of the condition vector are depicted in
Section 5.4.

2.2. Predictive modelling of rheological
parameters and data analysis

SVR models were employed to predict rheological par-
ameters from ALG-Ph and HA-Ph compositions, as



shown in Figure 2a. The Cross Power Law parameters
(ng, m, n) and loss tangent (tan (8)) were used as target
variables. The optimal SVR hyperparameters derived
from 10-fold cross-validation (CV) for each rheological
parameter are listed in Table 1. The SVR models were
used for interpolation within the sampled composition

Rheological Parameter Prediction
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range, but not for extrapolation beyond it. The SVR pre-
diction surfaces for 1y, m, n, and tan (8) showed smooth,
composition-dependent trends and closely matched the
fitted empirical data across the explored composition
range (ALG-Ph: 0-5.0% (w/v); HA-Ph: 0-3.0% (w/v)), as
depicted in Figure 2b-e. The predicted vs. actual plots
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Figure 2. Predictive modelling and data analysis of rheological parameters via support vector regression (SVR). (a) Rheological par-
ameters of [ALG-HA]-Ph composite inks were predicted by SVR models based on ink concentrations. RBF: radial basis function. (b—e)
SVR prediction surfaces for (b) zero-shear-rate viscosity (1), (c) time constant (m), (d) shear-thinning index (n), and (e) loss tangent
(tan (8)). (f-g) Data analysis based on ink composition (ALG-Ph and HA-Ph concentrations), rheological parameters (n,, m, n, and
tan (6)), phenolic content (Dpy), irradiation intensity (E.), and printed grid construct area (Agqq) (n = 766). (f) Data distribution analysis.
(g) Correlation matrix.
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Table 1. 10-fold cross-validated optimal SVR hyperparameters
for rheological parameters.

Rheological Regularisation Kernel Epsilon-tube

parameter parameter (C) coefficient () width (e)

Zero-shear-rate 1673.3 0.025 0.01
viscosity (1)

Time constant (m) 5000.0 0.04 0.01

Shear-thinning 10.0 0.04 0.01
index (n)

Loss tangent 1673.3 0.025 0.085
(tan (8))

from 10-fold CV for all rheological parameters are shown
in Figure S2. These rheological parameters were evalu-
ated above 0.25% (w/v) ALG-Ph and 0.25% (w/v) HA-
Ph for the composite inks, as 0% (w/v) [ALG-HA]-Ph is
not well-defined. 1, and m increased with ink concen-
tration and exhibited similar trends, ranging from
26x107°-12x10° Pas and 3.1x107%-6.0x10° s,
respectively. n ranged from 0.62-0.69. tan (8) ranged
from 32.0-0.68 as the ink concentration increased. At
similar ink concentrations, HA-Ph inks exhibited higher
Mo, M, but lower n and tan (8) compared to ALG-Ph inks.

The overall experimental data distributions of 1y, m,
n, and tan (8), Dph, and the area of printed grid structures
(Agrid) under irradiation intensity (E.) for the ALG-Ph, HA-
Ph, and [ALG-HA]-Ph groups were depicted in Figure 2f.
E. is presented as the irradiance strength reading
ranging from 0 to 100%; the corresponding spectral
irradiation values in W/m? are shown in Figure S3.
Overall, [ALG-HA]-Ph composite inks exhibited higher
Mo, M, and lower tan(8), whereas the ALG-Ph group
showed higher n. Dp, ranged from 0 to 1.4x107°
mmol-Ph/mL. For similar concentrations, HA-Ph inks
possessed higher Dpy, values compared to ALG-Ph inks.
Agrid ranged from 116.7-44.3 mm?, with [ALG-HA]-Ph
composite inks having noticeably smaller areas. The cor-
relations among all variables were evaluated using
Pearson correlation analysis, as shown in Figure 2g.
The correlation coefficient (r) ranges from —1.0-1.0,
where 1.0 denotes a perfect positive linear relationship,
—1.0 denotes a perfect negative linear relationship, and
0 indicates the absence of a linear association. 1, and m
were colinearly correlated (r=0.99), and n showed a
strong positive correlation (r=0.85) with ALG-Ph
content and a weak negative correlation (r=-0.10)
with HA-Ph content, indicating that shear-thinning
behaviour was mainly governed by ALG-Ph inks. Agig
exhibited moderate negative correlations with ny, m, n,
Dpp, and polymer contents, with a moderate positive
correlation with tan (8). Agrig and E. had a weak negative
correlation (r=-0.16), which suggested that although
Agig decreased as E. increased, the change was not
substantial.

2.3. Generative Al modelling of deposition
morphology

The detailed architecture of the B-CVAE is depicted in
Figure 3a. The CNN-based encoder extracts features
from input images and maps them to the parameters
p and log o2, which define Gaussian distributions over
a 32-dimensional latent space. Latent vectors were
sampled from this distribution via the reparameteriza-
tion trick (Eg. 1) in Section 2.1. The decoder reconstructs
images using bilinear upsampling blocks with a sigmoid
output. The condition vector ¢ was concatenated both
before and after the latent space to enforce condition-
dependent generation. Data augmentation via horizon-
tal flipping and rotations was applied to increase the
effective size of the training set (Figure 3b). After train-
ing, the B-CVAE can generate grid images by sampling
the latent prior with prescribed condition vectors
(Figure 3c).

To determine a suitable hyperparameter g value that
balances realistic generation and high-level disentangle-
ment, a B hyperparameter sweeping was conducted, as
shown in Figure 3d. Established disentanglement
metrics generally require known ground-truth genera-
tive factors, which are not fully defined for the present
experimental image dataset [36]. Therefore, formal dis-
entanglement scoring was not directly applicable in
this study. Instead, the per-dimension KL divergence
was used as a quantitative proxy for latent-space
usage. Higher KL divergence indicates an active latent
dimension carrying information from the input images,
whereas low or near-zero KL divergence indicates an
inactive or collapsed dimension close to the prior [37].
B =5 was chosen since after the 9th most active latent
dimension, the KL divergence for the remaining latent
space dropped noticeably (KL divergence < 0.5). The
latent traversal beyond the 9th most active dimension
also showed little or no visual change (Figure S4). An
independent test set was prepared to evaluate the
model’s performance. For each test image, the mean
squared error (MSE) between the input and reconstruc-
tion was computed. A representative squared-error
heatmap is shown in Figure 3e. The filament in the
upper right represents the anchoring line for initial ink
stabilisation. Furthermore, the distributions of the MSE
and the structural similarity index measure (SSIM; a per-
ceptual metric quantifying similarity between two
images) across the test set are summarised in Figure
3f, confirming that the trained model generalises to
unseen samples while preserving structural content in
reconstructed grid geometries. In addition to the MSE
and SSIM metrics, predicted vs. actual plots based on
printability metrics for evaluating reconstruction
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Figure 3. The B-CVAE for generating images of grid structures. (a) Architecture of the -CVAE model. BN: batch normalisation. ReLU:
rectified linear unit. Conv2D: two-dimensional (2D) convolution. FC: fully connected. (b) Data augmentation methods for the training
set. (c) Image generation scheme of the B-CVAE. (d) Effect of varying B on the KL divergence of each latent dimension. (e) Heatmap of
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performance are depicted in Figure S5. The training
history (reconstruction loss and KL divergence vs.
epoch) of the B-CVAE is shown in Figure S6.

For each ink formulation (ALG-Ph, HA-Ph, and [ALG-
HAJ-Ph), the generated images reproduced the charac-
teristic grid geometry of the corresponding real 3D-
printed structures, including filament width, pore open-
ness, and edge roundness (Figure 3g). Morphological
differences between the ALG-Ph and HA-Ph inks, as
well as the combined behaviour of composite inks,
were qualitatively preserved. To examine the effect of

individual condition parameters on deposition mor-
phology, a single parameter in the condition vector
was swept each time while the remaining were fixed
(Figure 3h-m). For each subfigure, the middle image
represents the default parameter value. Changes in E,
and Dpp, produced a smooth transition from collapsed
grids with closed pores at lower values to more rigid
structures with thinner filaments and larger pores at
higher values. Variations in m, m, and n produced
gradual changes in filament thickness and pore regu-
larity, indicating a rheological = dependency.
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Decreasing tan (6) induced a transition from fluid-like
spreading and brighter colour to more elastic filaments
that resemble the designed grid geometry.

2.4. Generative diversity and latent space
visualisation

To examine generative diversity under fixed rheological
conditions, images were generated at selected ink con-
centrations (ALG-Ph 1-5% (w/v)) at E.=0% and E,=
100% using a sampling temperature factor (T) of 0.7
(Figure 4a—c). T is defined in Section 55 (Eq. 7); a
higher T leads to more chaotic generations, whereas a
lower T outputs more deterministic generations.
Despite identical condition inputs, the generated
images exhibited slight variation in pore morphology,
filament thickness, and Agig due to stochastic sampling
from the latent space. The distributions of Agig under
varying ink concentrations and E, are shown in Figure
4d. The distributions of Agiq for T at 1.0, 0.5, and 0.3
are shown in Figure S7. The overall visual outputs and
Agia Vvalues nevertheless remained consistent with
expected morphological behaviour in experiments.

Real grid images and their corresponding condition
vectors were passed through the encoder of the
trained B-CVAE to obtain the mean vectors (u) of the
approximate posterior distributions (q4(z|x, €)), which
were then mapped onto a two-dimensional (2D) mani-
fold using uniform manifold approximation and projec-
tion (UMAP). UMAP is a nonlinear dimensionality
reduction method that preserves local neighbourhood
relationships. The UMAP plots showed overall distri-
bution and gradual changes in E, log(ny),
log(1 + Dpp), and Agriq across the manifold (Figure 4e).
Localised clusters were observed, including regions
dominated by samples printed at low E., log(mny),
log (1 + Dpp). For images with low A4, they were spar-
sely clustered on the upper right part of the plot, exhibit-
ing higher log (1,) and log (1 + Dpp). The UMAP plots for
log (m), n, and log (tan (8)) are shown in Figure S8. The
correlations of n with other variables were not immedi-
ately clear, but images with lower n tended to have
higher Agig.

To visualise the feature disentanglement of the latent
space, the distribution of a single latent dimension was
traversed from —3 to +3 standard deviations (o). Distri-
butions of all latent dimensions (z0-z31) are depicted
in Figure S9. All other latent dimensions were kept
fixed, and the corresponding grid images were gener-
ated for dimensions z8, z23, and z24 (Figure 4f-h). Chan-
ging the latent dimension (z8) produced a systematic
change in pore morphology from filled or curled pores
(Figure 4f). Variation in another latent dimension (z23)

produced gradual changes in the thickness of horizontal
and vertical filaments (Figure 4g). Another latent dimen-
sion (z24) mainly affected the pixel intensity and area,
with lighter grid structures transitioning to darker and
more spreading constructs (Figure 4h). The remaining
active latent dimension traversals (z1, z30, z29, z27,
210, and z6) are depicted in Figure S10. Representative
real grid images that span variations in pore mor-
phology, filament width, and colour intensity are
shown in Figure 4i-k. The patterns observed in both
the latent traversals and the real printed grids suggest
that different latent directions correspond to interpret-
able physical and geometric features in the real world.
Through fixing o on a particular value, it is possible to
manipulate the features in the generated images, such
as filament width (z23) (Figure 4l). All generated
images (E. =50%) exhibited thicker horizontal filament
widths at varying ink compositions.

2.5. In silico closed-loop optimisation of
deposition morphology

An in silico closed-loop optimisation framework was
established by integrating the SVR rheological predictor,
B-CVAE image generator, multi-task CNN printability
evaluator, and a Bayesian optimiser (Figure 5a). The
CNN was trained based on B-CVAE-generated images;
the training history and test set evaluation results for
the CNN are shown in Figure S11. Candidate ink compo-
sitions were mapped to rheological descriptors (1, m, n,
and tan (6)) through the SVR model, concatenated with
E. and Dp;, to form the condition vector ¢, and passed
to the B-CVAE decoder for image generation. The
multi-task CNN evaluated the generated images
against the reference blueprint and predicted five print-
ability metrics: filament continuity (completeness),
filament width, construct area, Dice similarity coefficient
(DSC), and Hausdorff distance (HD) (Figure 5b). These
metrics were combined into a weighted objective func-
tion described in Section 5.7 (Eq. 10), and the Bayesian
optimiser repeatedly updated the condition vector
until reaching the iteration threshold.

Representative generated images at E.=50% for
ALG-Ph 1.0-5.0% (w/v) and HA-Ph 0.5-3.0% (w/v) exhib-
ited composition-dependent changes in pore openness
and filament morphology (Figure 5c). At low polymer
concentrations, generated grids showed collapsed
pores, while higher concentrations produced finer struc-
tures with open pores. The corresponding metric maps
revealed distinct patterns across [ALG-HA]-Ph compo-
sition (Figure 5d). Completeness probability remained
high over a broad region but was low at higher ink con-
centrations. Construct area decreased as polymer
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Figure 4. Visualisation of generative diversity and 3-CVAE latent space. (a—c) Visual diversity in the generated images with a sampling
temperature factor (T) of 0.7. (d) Distributions of Agiq when changing ink concentrations and E. with a T of 0.7 (n = 30). (e) Latent
vectors of real grid images embedded in 2D space using uniform manifold approximation and projection (UMAP). (f-h) Latent tra-
versals across varying standard deviations (o) along selected latent dimensions showed systematic changes in pore morphology,
filament width, and colour intensity. (i-k) Representative real grids exhibited similar features in the latent space. (I) Latent manipu-

lation by fixing o on —3 for filament width dimension (z23).
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content increased, whereas filament width showed the
opposite trend. DSC and HD showed sharper gradients,
with the best geometric accuracy at moderate-to-high
polymer concentrations. The optimal compositions
identified by the Bayesian optimiser at each irradiation
intensity clustered around 3.0-5.0% (w/v) ALG-Ph and
1.0-3.0% (w/v) HA-Ph. The representative generated
images and corresponding metric maps at E. =0% and
E. =100% are shown in Figure S12.

Bayesian optimisation (BO) across E. from 0% to 100%
maintained completeness probability above 90%
throughout the explored range (Figure 5e). The conver-
gence plot of BO for each E, is shown in Figure S13. Con-
struct area remained relatively stable around 60-
70 mm?, while filament width fluctuated above 0.4 mm
and below 0.5 mm. DSC values stayed above 0.8 across
all intensities, and HD remained below 0.1, indicating
consistent geometric fidelity. The representative
images generated under the optimal conditions are
shown in Figure 5f. Consistent deposition morphology
patterns were observed across E,.

2.6. New blueprint design adaptation via transfer
learning

To extend the applicability of the generative framework,
transfer learning was implemented to adapt the pre-
trained B-CVAE to new blueprint designs with minimal
data (Figure 6a). The encoder and decoder weights
trained on grid structures were used as initialisation,
and the model was fine-tuned on images of 3D-
printed ginkgo leaf, hollow pentagram, and human
nose constructs. The fine-tuned B-CVAE can generate
realistic images that capture geometry-specific features
(Figure 6b—d). For ginkgo leaves, the model reproduced
the overall shape, with higher polymer concentrations
yielding more defined boundaries. For hollow penta-
grams, the generated images preserved the vertices in
a manner consistent with the real printed structures.
For human noses, the model captured bilateral sym-
metry despite the increased geometric complexity.
Across all blueprints, the generated images closely
matched the morphological characteristics of the corre-
sponding real-world constructs.

Parameter sweeping of the condition vector demon-
strated that the fine-tuned models retained physically
meaningful responses to changes in process and rheolo-
gical parameters (Figure 6e-f). Increasing E, produced
transitions from collapsed or spread structures to more
rigid geometries with high-fidelity edges. Variations in
1o induced gradual changes in boundary sharpness
and structural definition, with higher 7, yielding
improved shape retention. The parameter sweeping
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results for m, n, tan(8), and Dp,, are shown in Figure
S14. Decreasing tan () resulted in more elastic behav-
iour and reduced spreading, while increasing Dpy,
enhanced crosslinking density and structural integrity.
Latent traversals along selected active latent dimensions
for ginkgo leaf, hollow pentagram, and human nose
showed distinct features (Figure S15). Additionally, a
graphical user interface (GUI) was developed for the
generative Al framework to allow users to input ink com-
positions and processing variables and to generate on-
demand candidates for printing results (Figure 6g).

3. Discussion

This study introduces a conditional generative Al frame-
work for generating novel images of printing outcomes
in a visible-light-induced 3D bioprinting system. By con-
ditioning the generative model on rheological par-
ameters (1o, m, n, and tan (9)), irradiation intensity (E,),
and phenolic content (Dpy), images of 3D-printed con-
structs were generated to match experimental obser-
vations. In combination with a multi-task CNN
printability evaluator and SVR rheological predictors,
this framework can systematically explore and optimise
deposition morphologies, thereby reducing the need
for trial-and-error experiments.

The visible-light-induced 3D bioprinting system is
chosen for its rapid, cytocompatible, and extrusion-syn-
chronized gelation [38]. In this study, crosslinking is
achieved via Ru/SPS-mediated phenol coupling which
allows temporal crosslinking control by adjusting the
irradiation intensity (Figure 1a). Upon visible-light
irradiation at 450 nm, photoinitiator [Ru(bpy)s]** is
excited and transfers an electron to persulfate (5,03), gen-
erating the strong oxidants [Ru(bpy)s]** and sulfate radical
anions (SO3) [34]. These strong oxidants convert phenolic
groups on phenol-functionalized polymer (Polymer-Ph)
chains into phenoxy radicals, which undergo radical coup-
ling to form covalent crosslinks [39]. This photo-induced
crosslinking takes place under mild, liquid conditions
and is less vulnerable to oxygen inhibition, allowing for
continuous extrusion and quick gelation during printing
[40]. The ALG-Ph and HA-Ph composite inks, with
2.0 mM [Ru(bpy)s** and 2.0 mM Na,S;0g under 450 nm
visible-light irradiation, fall within previously reported
cytocompatible concentration and irradiation ranges for
cell-laden constructs [41,42], indicating that the present
framework is suitable for 3D bioprinting applications.

As a result, deposition morphology is strongly gov-
erned by ink rheology, phenolic content, and irradiation
intensity [9,10,43] (Figure 1b). To model this complex
bioprinting system, a 3-VAE-based generative model is
implemented (Figure 1c). Compared to the vanilla
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variational autoencoder (VAE), B-VAE introduces a regu-
larisation hyperparameter 8 on the KL divergence term
(Eqg. 4), which encourages the learning of a disentangled
latent space [35]. Such encouragement promotes learn-
ing of interpretable latent representations, in which each
dimension corresponds to meaningful features in the

data [44]. As a result, interpretable control can be
achieved through latent traversals, and sensitivity to
specific features can be isolated [37]. With the addition
of the condition vector, the output of the B-CVAE can
be constrained to desired conditions, such as rheological
and printing parameters (Figure 1d). The rheological



properties of inks were characterised using the Cross
Power Law parameters (Eq. 5) and loss tangent (Eq. 6),
which contain physical meanings: 1, represents appar-
ent viscosity at an extremely low shear rate, m is the criti-
cal transitional time for shear-thinning behaviour, n
denotes the degree of shear-thinning, and tan(d)
describes the elastic and viscous behaviour (Figure 1e).

The SVR predictive models define a quantitative link
between ink formulation and rheological parameters
(Figure 2a). SVR was selected for its effectiveness in
small datasets and its ability to model nonlinear relation-
ships via kernel functions [45]. The prediction surfaces
for Cross Power Law parameters (n,, m, n) and loss
tangent (tan (8)) captured smooth, composition-depen-
dent trends (Figure 2b-e) which suggests appropriate
fittings and generalizability. The distribution of exper-
imental data was diverse and comprehensive, which is
critical for the training of generative Al models (Figure
2f). The moderate negative correlations between Agg
and both viscosity-related parameters (particularly 7,)
and Dpy, suggest that multiple mechanisms could con-
tribute to improved shape retention, including resist-
ance to spreading and crosslinking-mediated structural
stabilisation (Figure 2g). The effect of E. on Agig is
limited (r=-0.16), which can be attributed to the
rapid crosslinking kinetics of the Ru/SPS system, where
a threshold irradiation level provides sufficient radical
generation to initiate gelation [41].

For the B-CVAE, the selection of 8 =5 based on the per-
dimension KL divergence analysis is a trade-off between
reconstruction loss and latent space disentanglement
(Figure 3d). A higher 8 value encourages stronger regular-
isation toward the prior distribution, thereby promoting
disentanglement but sacrificing reconstruction details
[37]. The observation in which only nine latent dimensions
remained active (KL > 0.5) under B8=5 suggests that the
essential morphological variations in the grid dataset
can be captured by a relatively compact representation.
The MSE (mean =0.007) and SSIM (mean = 0.839) on the
independent test set (Figure 3e-f) confirm that the
chosen B achieves good reconstruction and visual appear-
ance while preserving an interpretable latent structure.
For each ink formulation, the model accurately repro-
duced characteristics consistent with the experimentally
observed deposition morphology (Figure 3g). When indi-
vidual elements of the condition vector were swept, the
generated grids exhibited smooth, physically plausible
transitions (Figure 3h-m). These results indicate that the
B-CVAE learned physical meanings of each condition par-
ameter for deposition morphology.

Under the same conditions, the generated images
showed minor differences in pore structure and
filament appearance. The stochastic nature of generative
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models (which can be controlled through the sampling
temperature factor (T)) enables the Al framework to gen-
erate model-sampled variability under fixed conditions
(Figure 4a-d). This can support uncertainty-aware
screening by generating multiple samples under identi-
cal conditions; variations in predicted areas provide an
estimate of model-sampled morphological variability,
which can guide formulation screening [46]. However,
it is important to note that this variability should not
be interpreted as direct experimental repeatability
without validation using replicate prints under
matched conditions; a dedicated dataset containing
sufficient replicate prints at identical ink compositions
and irradiation intensities would be required to quanti-
tatively compare experimental and generated variability.
The UMAP projection of the latent vectors revealed that
samples with similar rheological properties and printing
parameters were clustered together. At the same time, a
distinct region characterised by low E. conditions
emerged (Figure 4e). These structures indicate that the
learned manifold organises experimentally relevant
deposition patterns into a structured, continuous
space. Moreover, latent traversals along selected latent
dimensions produced systematic changes in pore
filling/curling, filament width, colour intensity, and area
(Figure 4f-h), which align with trends observed in the
experimental grids (Figure 4i-k). Although it is difficult
to immediately associate each latent dimension with a
single physical or printing parameter from the visualisa-
tion, the presence of disentangled, interpretable direc-
tions suggests that the model captures a compact
representation of key morphological features. In prac-
tice, this allows fixing a particular latent dimension to
preserve one aspect of grid morphology while varying
the remaining dimensions to explore other aspects
(Figure 4l). This can be useful for removing unwanted
artifacts or adjusting positions in the generated images.

The in silico closed-loop Bayesian optimisation (BO)
system applies the B-CVAE to systematically optimise
the ink formulation and deposition morphology
(Figure 5a). By combining the generative model with
BO, candidate formulations can be efficiently evaluated
without physical experiments. The metric maps across
the composition space revealed trade-offs between
completeness, geometric fidelity, and construct area
(Figure 5c-d). A high probability of completeness was
achieved across a broad compositional range, but only
a narrow region exhibited high printability, as measured
by the Dice similarity coefficient (DSC) and the Hausdorff
distance (HD). The high stability of printability metrics
across irradiation levels (Figure 5e) indicates that
optimal conditions for each irradiation intensity yield
similar deposition morphologies (Figure 5f); any further
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improvement will reduce the probability of complete-
ness. Overall, the framework helps identify ink compo-
sitions and operational parameters that increase the
likelihood of successful printing.

The transfer learning results demonstrated that latent
representations learned from grid structures can be
applied to other blueprints in 3D bioprinting (Figure
6a-d). By initialising the encoder and decoder weights
from the pretrained model, fine-tuning required sub-
stantially fewer samples than training from scratch.
The fine-tuned models retained physically meaningful
responses to changes in the condition vector (Figure
6e-f), indicating that the underlying structure-property
relationships in the condition vector were captured
during the previous training. The adaptation to ginkgo
leaves, hollow pentagrams, and human noses demon-
strates that the framework can meet diverse design
needs in tissue engineering applications. Finally, the
graphical user interface (GUI) enhances usability by
enabling interactive input of conditions and immediate
visualisation of generated morphologies (Figure 6q).

Despite these advantages, the present framework is
subject to several limitations. The models were trained
on 2D images, which limits their ability to capture detailed
deformations. To better model volumetric structures, the
framework should be expanded to support 3D data
formats such as voxel grids and point clouds, and to
include new encoder architectures, such as PointNet [47],
which can directly process unordered point sets while pre-
serving local geometric features. Additionally, the dataset
was limited to the visible-light-induced bioprinting
system and a specific set of parameters, which may restrict
its applicability to other bioprinting configurations. The
current study focused on acellular hydrogel printing and
did not account for biological factors such as cell viability
and long-term proliferation, which are essential for tissue
engineering applications [48]. The closed-loop optimis-
ation was also performed in silico prior to printing and
did not provide real-time correction; coupling the trained
generative and evaluator models with in situ camera moni-
toring and layer-by-layer feedback control is an important
next step toward true closed-loop optimisation in bioprint-
ing [49]. Future work should incorporate 3D morphology,
in situ monitoring with real-time feedback control, and
additional variables such as cell viability and proliferation,
while diversifying bioinks and system parameters to
enhance the robustness and applicability of the generative
Al framework for 3D bioprinting.

4, Conclusion

In conclusion, a generative Al-guided framework was
created to model and optimise deposition morphology

in a visible-light-induced hydrogel printing system
intended for 3D bioprinting applications. The B-CVAE
model was conditioned on key rheological parameters,
irradiation intensity, and phenolic content. The model
can rapidly generate realistic, condition-dependent
images of printed grid structures while maintaining a dis-
entangled and interpretable latent space. By coupling the
generative model with a multi-task CNN-based printability
evaluator and SVR rheological predictors, the framework
enabled efficient in silico optimisation of ink formulations
with fewer experimental iterations. Furthermore, transfer
learning was shown to adapt the pretrained B-CVAE
model to new blueprint designs with limited training
data, highlighting the framework’s versatility and general-
izability. Although the present study focused on acellular
hydrogel printing, the bioink formulations and cross-
linking conditions employed are cytocompatible and
extensible to 3D bioprinting applications. This novel
approach can provide a foundation for data-efficient
design and screening tools in 3D bioprinting, facilitating
optimisation of bioink and printing conditions.

5. Experimental
5.1. Rheological measurement

Phenol-modified alginate (ALG-Ph; 0.124 mmol-Ph/g) and
phenol-modified hyaluronic acid (HA-Ph; 0.294 mmol-Ph/
g) were prepared using sodium alginate (ALG-I-1G; man-
nuronic acid/guluronic acid ratio ~ 0.7; molecular weight
~ 70 kDa; Funakoshi Co., Ltd., Tokyo, Japan) and sodium
hyaluronate (HA-HQ; molecular weight =~ 1,200-
2,200 kDa; Kewpie Corporation, Tokyo, Japan) based on
previous works [50,51]. 0.0-5.0% (w/v) ALG-Ph and 0.0-
3.0% (w/v) HA-Ph were dissolved in phosphate-buffered
saline (PBS (-); pH=7.4) to obtain [ALG-HA]-Ph composite
inks. Apparent viscosities were measured using a rhe-
ometer (HAAKE MARS IlII; Thermo Fisher Scientific Inc.,
Waltham, MA, USA) equipped with 40 mm parallel plates
over a shear rate range of 0.01-1,000 s~ for 360 s. G’
and G” were measured by applying oscillation-amplitude
sweeps within the linear viscoelastic region (LVR) at
1.0 Hz, with a gap size of 0.5 mm, at 22.5 °C.

5.2. Rheological predictor modelling
The shear-rate-dependent viscosity curves of inks were
modelled using the Cross Power Law, which is defined as:

T ©

where ¥ is the shear rate, n(y) is the apparent vis-
cosity as a function of the shear rate, 71, is the infinite-



shear-rate viscosity, 7, is the zero-shear-rate viscosity, m is
the time constant, and n is the shear-thinning index [52].
N 1S approximated as a small and constant number at
1073 Pas. The loss tangent is calculated based on:

!/
=
where G is the storage modulus, G” is the loss modulus,
and & is the phase angle.

The Cross Power Law parameters (1, m, n) and loss
tangent (tan(8)) were predicted using SVR based on
ink concentrations. SVR models were trained in scikit-
learn (version 1.7.0). The SVR dataset contained rheologi-
cal parameters (n,, m, n, and tan (8)) for 0.0-5.0% (w/v)
ALG-Ph and 0.0-3.0% (w/v) HA-Ph composite inks;
each rheological parameter contained 45 data points.
The data distribution for these rheological parameters
is presented in Figure 2f. Logarithmic transformations
were applied to m, m, and tan (8) to account for wide
ranges of values. The input data were standardised to
have a mean of zero and a standard deviation of one.
SVR models using radial basis function (RBF) kernels
were optimised via a 10-fold cross-validation (CV) grid
search to find the optimal regularisation parameter (C),
kernel coefficient (y), and epsilon-tube width (e) that
minimised MSE. Models were trained using 10-fold CV,
and performance was evaluated using R>, MAE, and
RMSE.

tan (8) = (6)

5.3. 3D printing

5x5 grid structures (single layer; 12x 12 % 0.4 mm)
were printed using a 3D bioprinter (BIO X; Gen 3; Bico
Group, Gothenburg, Sweden) with an extrusion rate of
2.0 pL/s and a horizontal moving speed of 20 mm/s.
An anchoring line connected to the grid structure was
printed prior to stabilising the initial extrusion. ALG-Ph
and HA-Ph containing 2.0 mM tris(2,2'-bipyridyl)ruthe-
nium(ll) chloride hexahydrate ([Ru(bpy)s]**; Tokyo
Chemical Industry Co., Ltd., Tokyo, Japan) and 2.0 mM
sodium persulfate (Na,S,0g; FUJIFILM Wako Pure Chemi-
cal Corporation, Osaka, Japan) were extruded through
27-gauge tapered nozzles (tip inner diameter: 0.2 mm;
TPND-27G-U; Musashi Engineering, Inc., Tokyo, Japan).
During printing, extruded inks were continuously irra-
diated with a monochromatic blue light source (CL-H1-
450-9-1-B; Asahi Spectra Co., Ltd., Tokyo, Japan) at a
wavelength of 450 nm with intensities ranging from
0% to 100% (0.001-13.571 W/m?. After printing,
images of the printed constructs were taken immedi-
ately. Hollow pentagrams, ginkgo shapes, and human
noses were printed under the same conditions as grid
structures.
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5.4. Data preprocessing

To eliminate background noise and artifacts, the printed
structures in the images were segmented using
Segment Anything Model 2 (SAM 2; version 2.1) [53]
and overlaid on a uniform white background using
OpenCV (version 4.10.0). For each sample, irradiation
intensity (E.), zero-shear-rate viscosity (1), time constant
(m), shear-thinning index (n), phenolic content (Dpy,), and
loss tangent (tan (8)) were assigned to a six-dimensional
condition vector; 1, and m were transformed using a log-
arithmic transformation due to wide orders of magnitude,
Dpy, using log1p (the natural logarithm of one plus the
input array) to accommodate zero-valued samples, and
all condition variables were z-score standardised (zero
mean, unit variance) using the mean and standard devi-
ation computed from the training split; the same scaler
was applied to the validation, test, and image generation.
No manual weights were applied to individual descriptors
following standardisation. To examine the relationships
among formulation, rheology, and process variables, a
Pearson correlation matrix was computed using rheologi-
cal parameters (1,, m, n, and tan (8)), Dpn, ALG-Ph and HA-
Ph concentrations, E, and Agig.

5.5. Generative Al modelling

The B-CVAE was implemented in PyTorch (version 2.6.0).
The encoder consisted of four 2D convolutional layers
(kernel size 4, stride 2) with batch normalisation and
rectified linear unit (ReLU) activations, which down-
sampled 128 x 128 Red-Green-Blue (RGB) images to 8 X
8 feature maps. The flattened feature maps were concate-
nated with a condition embedding obtained by passing
the six-dimensional condition vector through a fully con-
nected (FC) layer, and the resulting representation was
then mapped to the mean and logarithmic variance of
a Gaussian latent distribution (z € R*?). During training,
latent variables were sampled using the reparameteriza-
tion trick (Eq. 1) and concatenated with the condition
embedding before being projected to 256x8x8
feature maps. The decoder consisted of four stages of
bilinear upsampling and 3 X 3 convolutions with batch
normalisation and RelLU activations, followed by a final
3 % 3 convolution with sigmoid activation to reconstruct
128 x 128 RGB images.

The input images were split into training, validation,
and test sets (75/15/10%) before any preprocessing to
prevent data leakage (random seed =42). Models were
trained using the Adam optimiser [54] (learning rate:
1% 1073, batch size: 64), with early stopping (patience =
15) based on the validation loss. The objective function
combined the mean-squared reconstruction loss with a
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B-weighted KL (8=5) to promote a disentangled latent
representation. Base samples in the training set were aug-
mented by rotations (0°, 90°, 180°, 270°) and horizontal
flipping. For inks formulated without sodium persulfate
(NayS,0g), an additional condition-space augmentation
was applied by pairing the same images with condition
vectors at 0% and 100% intensity, with the phenolic
content set to 0. The data in the validation and test sets
were not augmented. For image generation, latent vari-
ables were sampled from a temperature-scaled standard
normal prior:

z~ N(0, T?I) 7)

with a sampling temperature factor T =0.7 with random
seeds of 42. This temperature scaling reduces sampling
variance in latent space, yielding more stable and repre-
sentative grid morphologies while preserving conditional
diversity.

5.6. Printability characterisation

The printability of the grid structure is characterised by
filament continuity (completeness), average filament
width, construct area, average Hausdorff distance (HD)
across all pores, and Dice similarity coefficient (DSC).

The grid construct is considered complete when all
grid lines are continuous within the reference construct;
otherwise, it is incomplete. The average filament width
was computed from grid-line widths sampled along
horizontal and vertical lines passing through the pore
midpoints of the reference construct. The grid construct
area is defined as the total foreground area, obtained by
thresholding the image to form a binary mask and
summing the foreground pixels.

The HD metric was used to quantify the deviation of
pores relative to the reference pore within grid struc-
tures. The HD between point sets A and B is defined as:

HD(A, B) = max{h(A, B), h(B, A)} (8)

where h(A, B) is the largest distance from any point in A
to its closest point in B, and h(B, A) is the largest distance
from any point in B to its closest point in A. HD between
sets A and B is the larger of these two distances.

The DSC metric was used to quantify similarity
between the printed grid constructs and the reference.
The DSC between sample X and sample Y is defined as:

21XNY]

DSC(X, Y) = ——
IXI+ 1Y

9)
where X and Y are the sets of foreground pixels in the
two samples, |X| and |Y| are the numbers of foreground
pixels, and |X N Y| is the number of foreground pixels
shared by both samples.

A multi-task CNN was trained to predict these metrics
from 128 x 128 grayscale images. The architecture con-
sisted of three convolutional layers (32, 64, and 128
filters, each with 3x 3 kernels, ReLU activation, and
max pooling), followed by shared dense layers (256
and 128 units) with L2 regularisation (1 x 107%. Two
output heads were used: a regression head for predict-
ing construct area, filament width, HD, and DSC, and a
classification head with sigmoid activation for complete-
ness. The dataset contains B-CVAE-generated images
(8,475 samples) and was split into training (70%), vali-
dation (20%), and test (10%) sets. Data augmentation
was applied to the training set using 4-fold rotations
(0°, 90°, 180°, 270°). The model was trained using the
Adam optimiser (learning rate=1 ><1O_3) with early
stopping (patience =20) and learning rate reduction
on plateau (factor = 0.5, patience =10).

5.7. Bayesian optimisation

Bayesian optimisation (BO) was employed to identify the
optimal ALG-Ph and HA-Ph concentrations that maximise
printability at each irradiation intensity (E.). BO is a sequen-
tial, model-based approach for optimising expensive black-
box functions. Given an objective function f(x), the goal is to
find the optimum x* = arg min f(x). In this framework, x
=[ALG-Ph % (w/v), HA-Ph % (v)\{//v)] represents the ink com-
position, and f is the printability loss derived from CNN-pre-
dicted metrics on B-CVAE-generated images. A Gaussian
process (GP) surrogate model was used to model the objec-
tive function and to select new sampling points using the
GP-Hedge acquisition strategy. For each E. interval (0-
100%, in 10% increments), the SVR model predicted rheolo-
gical properties (15, m, n, and tan (8)) from the candidate ink
composition, which were then used as conditions for the
B-CVAE to generate 30 images (random seed =42) per
evaluation (sampling temperature factor T=0.7). The
multi-task CNN evaluated each generated image, and the
averaged printability loss was computed as:

f(x) = wpsc(1 — DSC) + wip HD + wc(1 — pc)
+ wala + wwlw (10)

where p, is the predicted completeness probability, L, and
Lw are normalised quadratic penalties for construct area
and filament width (zero when within acceptable ranges
of 40-65 mm? and 0.3-0.5 mm, respectively), and an
additional penalty of 50 was applied when p. < 0.5, and w
are the corresponding weights (wpsc = 1.0, wyp = 1.0, wc
=5.0, wp =wy = 1.0). The BO was conducted using scikit-
optimize (version 0.10.2) with 200 iterations to support con-
vergence and 20 initial random samples per intensity level
(random seed =42).



5.8. Transfer learning

Transfer learning was performed by initialising the
B-CVAE (B=5; condition dimension: 6; latent dimen-
sion: 32) with pretrained weights and the condition
scaler from the grid model, then fine-tuning on
shape-specific datasets for 50 epochs using the Adam
optimiser (learning rate=1x 1073, batch size=16).
Data augmentation was applied to expand the limited
datasets. For hollow pentagram structures (106
samples), 5-fold rotational symmetry (0°, 72°, 144°,
216°, and 288°) was combined with horizontal
flipping. For ginkgo structures (69 samples), horizontal
flipping was applied. For human noses (90 samples), 4
rotations within £15° were applied.
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