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Abstract

The integration of multi-model and hybrid artificial intelligence (Al) systems has revolutionized materials research by
enabling the efficient analysis of complex datasets, the prediction of material properties, and the optimization of design
processes. This narrative review examines the architectures of these systems, including ensemble methods,
multimodal data fusion, and physics-informed neural networks. It evaluates their applications in areas such as alloy
design, nanomaterial synthesis, and battery management. Key trade-offs are discussed, encompassing computational
efficiency versus predictive accuracy, data scarcity versus model generalizability, and interpretability versus
performance in black-box models. Drawing on recent peer-reviewed literature, the review highlights how these Al
approaches accelerate materials discovery while addressing challenges such as uncertainty quantification and
scalability. By synthesizing current advancements, this work underscores the potential of hybrid Al to drive sustainable
innovation in materials science, with implications for future interdisciplinary research.
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Introduction

Materials research stands at the crossroads of innovation, where the demand for novel materials with tailored properties
—such as enhanced strength, thermal stability, or energy efficiency—drives scientific progress. Traditional methods,
relying on empirical experimentation and physics-based simulations, have been instrumental in advancing fields like alloy
development, nanotechnology, and energy storage [1, 2]. However, these approaches often suffer from high
computational costs, lengthy trial-and-error cycles, and limitations in handling high-dimensional data spaces [3]. The
advent of artificial intelligence (Al) has introduced transformative tools to overcome these barriers, particularly through
multi-model and hybrid systems that combine diverse algorithms, data modalities, and domain knowledge [4, 5].

Multi-model Al systems refer to frameworks that integrate multiple independent models, such as ensembles or stacking
methods, to leverage complementary strengths and mitigate individual weaknesses [6]. Hybrid Al, on the other hand,
fuses data-driven machine learning (ML) with physics-based models, creating architectures that embed scientific
principles into computational workflows [7, 8]. In materials research, these systems facilitate tasks ranging from property
prediction to inverse design, aiming to identify optimal material compositions across vast chemical spaces [9, 10].
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The objectives of this review are threefold: first, to delineate the key architectures of multi-model and hybrid Al systems
employed in materials research; second, to explore their applications across various subdomains, including structural
materials, nanomaterials, and functional devices; and third, to critically analyze the trade-offs involved, such as balancing
accuracy with computational resources or interpretability with complexity [11, 12]. By focusing on advancements, this
narrative synthesizes insights from diverse studies, highlighting how these Al paradigms accelerate discovery while
addressing inherent challenges like data heterogeneity and model robustness [13, 14].

This review is organized thematically, beginning with an overview of multi-model architectures, followed by hybrid
systems, specific applications, and a discussion of trade-offs. Through this lens, we aim to provide a comprehensive
framework for researchers to navigate the evolving landscape of Al-driven materials science. We aim to provide a

comprehensive framework for researchers to navigate the evolving landscape of Al-driven materials science (Table 1).

Table 1. Taxonomy of multi-model and hybrid Al architectures used in materials research

Architecture class = Core integration Typical inputs Representative Strengths Pri
mechanism materials tasks limitat
m
Bagging/Randomized Average/vote over  Tabular descriptors; Property prediction; Low variance; Car
ensembles diverse graph features screening stable under systen
bootstrapped noise [15] limited e
learners

Boosting ensembles  Sequential error- ~ Tabular descriptors; Strength/creep High accuracy Highe
correction of weak  engineered features prediction; process in structured burden;
learners optimization data [15] in s
rec
Stacking/Meta- Meta-learner fuses Mixed: tabular + Nanofluid property Learns optimal Comple;
learning base model sequence + graph prediction; multi-target combination; interpl
outputs regression calibration leaka
gains [2] poorl
vali
CNN-RNN (or CNN-  Feature fusion of Images + time series; Erosion/oxidation Captures Data-
LSTM) fusion spatial + temporal sensor streams kinetics; battery state coupled synchr
encoders estimation spatiotemporal  drift; late
dynamics [3, lee

16-25]
Multi-fidelity GPR Correlated Low-fid + high-fid Bandgaps; elastic Sample Often
fusion probabilistic fusion = simulation/experiment constants; defect efficiency; linear/
across fidelity tiers energies uncertainty- corri
aware [21] nonlinea
ris
Deep multi-fidelity Neural mapping Mixed fidelity + Nonlinear fidelity Handles Compt
extensions between fidelities embeddings coupling nonlinear stability/i
+ uncertainty head discrepancies chal
Multimodal Joint embeddings Images; spectra; text; Characterization; Cross-domain Missing
representation fusion across modalities graphs inverse design alignment; fragility

(early/late fusion) richer
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[17] moc

Diffusion + CLIP- Text/image- Text prompts + Photonics/metamaterials Fast Controlle
style conditioning conditioned structure/image inverse design exploration of  validatic
generative priors design hallu

manifolds [17] de

PINNs/Physics- Physical Sparse labels + PDE  Free energy; transport; Better Training
informed loss constraints in the constraints mechanics extrapolation; slow col
objective function physical con

plausibility [9] Misspe

Hybrid mechanistic + Coupled Sensor + model Battery SOH; real-time  Interpretability Inte:
deep learning mechanistic model states monitoring + adaptivity comple
with residual ML [20] propaga
mc
ML interatomic Learned potential =~ Atomic environments;  Large-scale atomistic Near-DFT Large
potentials (MLIPs)  replaces/augments QM labels simulation speed/accuracy der
QM balance [8] trans
fai
Evolutionary—neural Optimization Tabular + constraints  Geotechnical stability;  Global search; Computt
hybrids (e.g., ANN— heuristic tunes design optimization handles sensitivit
ICA) NN/parameters nonconvexity se

(14]

Main Text

Multi-model Al architectures have emerged as a foundational paradigm in contemporary materials research, reflecting a
shift from monolithic predictive systems toward distributed, cooperative intelligence frameworks. Rather than relying on a
single algorithmic perspective, these architectures orchestrate multiple learners—each optimized for distinct
representational or statistical competencies—to collectively model complex material phenomena. This aggregation
enables improved predictive robustness, mitigates individual model bias, and enhances uncertainty calibration across
heterogeneous datasets.

At the core of multi-model design lies the ensemble principle, in which diverse algorithms such as random forests,
gradient boosting machines, support vector regressors, and deep neural networks are combined through voting,
averaging, or weighted fusion [15]. In materials science contexts characterized by sparse, noisy, or multi-scale data,
ensembles reduce variance while preserving nonlinear sensitivity to compositional and structural features. For erosion
and corrosion modeling, for example, convolutional neural networks (CNNs) extract spatial degradation morphologies,
while recurrent neural networks (RNNs) encode temporal progression dynamics. Their fusion captures coupled
spatiotemporal degradation pathways, producing markedly higher predictive fidelity than either architecture independently
[16].

Stacking and meta-learning architectures

Among ensemble configurations, stacking architectures are among the most structurally sophisticated approaches. In
stacking, outputs from base learners are not merely averaged; instead, they are passed to a secondary meta-learner that
learns to combine predictions optimally. This hierarchical learning structure enables error correction across models and
adaptive weighting of predictive confidence.
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In nanofluid thermophysical property prediction, stacking frameworks integrating multilayer perceptrons (MLPs), gated
recurrent units (GRUs), and support vector regressors—mediated by linear or ridge regression meta-learners—have
achieved exceptional predictive alignment, with reported R2 values exceeding 0.99 [2]. Such performance gains arise
from the complementary sensitivities of base learners: feedforward networks capture nonlinear static mappings, recurrent
units encode sequential dependencies, and kernel methods preserve local similarity structures.

Beyond performance metrics, stacking introduces epistemic diversification—multiple hypothesis spaces coexist, reducing
the risk of interpretive lock-in to a single functional approximation.

Multi-fidelity learning and hierarchical data fusion

Materials datasets frequently span fidelity gradients—from low-cost empirical approximations to high-precision quantum
mechanical simulations. Multi-fidelity architectures address this heterogeneity by integrating datasets of varying accuracy
into unified predictive frameworks.

Gaussian process regression (GPR) is particularly prominent in this domain, offering probabilistic interpolation across
fidelity levels. By modeling correlations between low- and high-fidelity sources, GPR enables cost-efficient prediction of
properties such as semiconductor band gaps, elastic constants, and defect formation energies [21]. These frameworks
reduce dependence on computationally expensive density functional theory (DFT) calculations while preserving predictive
reliability.

However, classical multi-fidelity formulations often assume linear or stationary correlations between fidelity tiers, limiting
applicability in strongly nonlinear materials systems. This issue continues to motivate deep multi-fidelity extensions.

Multimodal architectures and cross-representation fusion

Moving beyond numerical tabular data, multimodal Al architectures integrate heterogeneous representational streams—
images, spectra, crystallographic graphs, textual synthesis protocols, and simulation outputs. These systems enable
cross-domain reasoning and alignment of representations.

In photonic and metamaterial design, diffusion generative models such as Stable Diffusion are coupled with contrastive
language—image pre-training (CLIP) embeddings to translate textual or parametric descriptions into structural optical
responses [17]. This fusion bridges semantic, visual, and physical domains, dramatically reducing simulation iteration
cycles.

Multimodal systems are especially powerful for inverse design tasks, where desired functional outputs (e.g., refractive
index distributions, band structures) are mapped backward to structural configurations. Generative diffusion frameworks
and variational autoencoders (VAES) explore vast latent design manifolds, enabling the discovery of non-intuitive
metamaterial geometries [16].

Hybrid Al systems: Integrating data-driven and physics-based models

While multi-model systems aggregate statistical learners, hybrid Al architectures integrate fundamentally different
epistemic paradigms: data-driven inference and physics-based modeling. These systems embed mechanistic constraints
into machine learning pipelines, enhancing interpretability, extrapolative stability, and scientific plausibility [18].

Physics-Informed Neural Networks (PINNSs)

Physics-informed neural networks exemplify this synthesis by embedding governing equations—such as Navier—Stokes
dynamics, diffusion kinetics, or thermodynamic free energy formulations—directly into neural loss functions. Rather than
learning purely from labeled data, PINNs optimize solutions that satisfy both empirical observations and physical laws [9].
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In molecular dynamics and phase transformation modeling, PINNs enable free-energy surface estimation under sparse
sampling regimes, reducing dependence on exhaustive simulations while preserving thermodynamic consistency.

Hybrid battery intelligence systems

Battery management systems illustrate hybridization at the cyber-physical interface. Equivalent circuit models encode
electrochemical behavior through differential equations, while deep neural networks learn degradation nonlinearities and
usage-dependent anomalies. Their integration supports high-precision state-of-health estimation, lifecycle forecasting,
and adaptive charging optimization [20].

When coupled with digital twin infrastructure, these hybrid systems enable real-time synchronization between physical
batteries and their predictive virtual replicas.

Machine Learning Interatomic Potentials (MLIPs)

Machine learning interatomic potentials represent another major hybrid frontier. These models learn atomic interaction
potentials from quantum-mechanical datasets, enabling large-scale simulations at near-DFT accuracy at an order-of-
magnitude lower computational cost [8].

Frameworks such as electrostatic embedding ML/molecular mechanics engines (e.g., emle-engine) enable hybrid
simulations where ML potentials operate within classical force-field environments. Enhanced sampling stability and error
reductions approaching 50% have been reported in complex molecular systems [7].

Evolutionary—Neural hybridization

In geotechnical and structural materials research, hybrid evolutionary—neural systems combine artificial neural networks
with optimization heuristics such as the imperialist competitive algorithm (ICA). These architectures optimize slope
stability predictions across nonlinear, multi-parameter terrains, balancing search efficiency with predictive resolution [14].

Similarly, a CNN-LSTM hybrid model captures high-temperature oxidation kinetics in superalloys, integrating
microstructural imagery and temporal oxidation progression [25].

Applications in materials discovery and optimization

The convergence of multi-model and hybrid Al architectures has accelerated discovery pipelines across diverse materials
domains.

Alloy and structural materials design

Ensemble frameworks augmented with feature selection algorithms enable targeted optimization of aerospace alloys,
predicting yield strength, creep resistance, and oxidation tolerance under extreme environments [13]. By ranking
compositional sensitivities, these systems guide experimental prioritization.

Sustainable cementitious and concrete systems

In civil materials engineering, hybrid Al models predict compressive and tensile strengths in recycled, nano-reinforced,
and geopolymer concretes. Gaussian noise injection and probabilistic augmentation enhance robustness under
compositional variability [3, 4, 26]. Stacking ensembles further optimizes geopolymer mix ratios, supporting sustainable
construction initiatives [18].

Energy storage and battery ecosystems

Hybrid Al-driven digital twins integrate CNN-LSTM estimators with cloud-edge infrastructures to monitor lithium-ion
battery performance in real time. These systems enable predictive maintenance, adaptive thermal regulation, and
lifecycle optimization [20, 27].
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Biomaterials and bio-integrated systems

Multimodal Al frameworks fuse genomics, proteomics, and scaffold imaging to design bioactive materials. Protein
structure predictors such as AlphaFold inform biomolecular scaffold assembly, accelerating regenerative medicine
innovations [1, 24].

Photonics and metamaterials

Diffusion-based multimodal generative systems predict electromagnetic modes and structural responses in photonic
crystals, reducing computational simulation burdens and enabling rapid prototyping [17].

Vision-Driven materials characterization

Hybrid machine vision systems integrate hyperspectral imaging with deep learning classifiers to detect compositional
heterogeneities in biomedical implants and manufactured materials. These architectures enhance defect-detection
sensitivity and non-destructive evaluation capabilities [8, 23].

Challenges in data handling and model integration

Despite their transformative potential, multi-model and hybrid architectures introduce substantial infrastructural and
epistemic complexities.

Multi-fidelity data alignment

Integrating heterogeneous fidelity tiers remains methodologically challenging. While Gaussian process correction
strategies align low- and high-accuracy datasets, many rely on linear covariance assumptions that fail under nonlinear
scaling regimes [21]. Deep kernel learning and hierarchical Bayesian fusion are emerging but computationally intensive
alternatives.

Physics—ML integration trade-offs

Embedding physical constraints improves extrapolation but increases model stiffness, training instability, and
computational overhead [3]. Hybrid interatomic potentials, for instance, require extensive quantum datasets to avoid
overfitting and ensure transferability across chemical spaces [8].

Sensor fusion and experimental coupling

Applications such as tool wear monitoring demonstrate hybrid Al robustness under multi-sensor integration, yet data
scarcity, synchronization errors, and calibration drift remain persistent limitations [22].

Human—model co-reasoning

Hybrid experimental Al systems that combine statistical inference with mechanistic simulation enhance reasoning depth
but demand domain expertise for validation and interpretation [22]. This creates operational bottlenecks in
interdisciplinary deployment contexts (Figure 1).
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Figure 1. Architectural landscapes and coupled trade-offs in multi-model materials Al systems

Synthesis perspective

Collectively, multi-model and hybrid Al architectures signal a maturation of materials informatics—from isolated predictive
models toward integrative intelligence ecosystems. Ensemble diversification enhances statistical resilience; multimodal
fusion expands representational reach; hybrid physics coupling restores mechanistic grounding.

Yet this architectural expansion introduces new coordination burdens: data harmonization, computational scaling,
interpretive traceability, and validation governance. Addressing these challenges will define the next frontier of Al-
accelerated materials discovery—where predictive power must be balanced with epistemic transparency and
infrastructural sustainability.

Results and Discussion
Trade-offs in multi-model and hybrid Al architectures

Multi-model and hybrid Al systems in materials research embody inherent trade-offs that influence their deployment and
effectiveness. One primary trade-off is between computational efficiency and predictive accuracy. Ensemble methods,
such as stacking or boosting, aggregate multiple models to enhance robustness, but they increase computational
demands by requiring the training and inference of several base learners [1, 2]. For instance, in predicting semiconductor
bandgaps, multi-fidelity ensembles that blend low- and high-fidelity data achieve high accuracy but require more
resources than single-model approaches [3]. Hybrid systems, integrating physics-based models like density functional
theory (DFT) with machine learning, mitigate this by embedding physical constraints, reducing data requirements while
maintaining interpretability [4, 5]. However, this fusion can introduce complexity, as seen in physics-informed neural
networks (PINNs) for crystal plasticity, where incorporating differential equations improves generalizability but slows
training convergence [6, 7]. Multi-model and hybrid Al systems in materials research embody inherent trade-offs that
influence their deployment and effectiveness (Table 2).

Table 2. Key trade-offs in multi-model and hybrid Al systems and practical mitigation levers
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Trade-off axis

Computational
efficiency «
Predictive
accuracy

Data scarcity <
Generalizability

Interpretability <
Performance

Scalability <
Specialization

Robustness <
Sensitivity

Constraint
strength <
Trainability

Multi-modality
richness «
Missing-modality
fragility

Fidelity blending
< correlation
assumptions

Why does it appear
in materials Al

More
learners/constraints
increase cost

Materials data are
sparse + biased

High-capacity models
are opaque

Broad screening vs
niche physics
accuracy

Need sensitivity to
subtle structure-
property signals but
robust to noise

Hard physics
constraints stiffen
optimization

Real datasets rarely
complete across
modalities

A low/high fidelity
relationship can be
nonlinear

Where it is most acute
(architectures/domains)

Stacking/boosting; PINNSs;
multi-fidelity fusion; real-time
twins [3, 6, 20, 21]

Deep multimodal; MLIPs;
OOD alloy spaces [8, 14, 24]

Diffusion/CLIP; deep fusion;
battery risk settings [8, 9, 17]

Large screening pipelines vs
physics-anchored
optoelectronics [16, 17]

Corrosion/erosion;
manufacturing sensors;
hyperspectral imaging [16,
22, 23]

PINNs; multiphysics
polymers; geotech PDEs
[22, 25, 26]

Imaging + spectra + text

GPR multi-fidelity bandgaps
(21]

Failure modes if
unmanaged

Slow
training/inference;
unusable latency

Overfitting; brittle
extrapolation

Unverifiable

predictions; safety

risk

Overgeneral tools

fail in niche
regimes

Spurious
correlations; drift
collapse

Nonconvergence;

unstable gradients

The model fails

when a modality is

missing

Bias from wrong
mapping

Mitigation levers
(conceptual +
implementable)

Distill ensembles;
sparse gating; early-
exit inference; fidelity-

adaptive training

Physics priors; multi-
fidelity augmentation;
active learning; domain
shift audits

Hybrid decomposition
(mechanistic core +
residual); feature
attributions +
counterfactual checks;
uncertainty reporting

Modular “plugin”
physics; task-specific
heads; hierarchical
model selection

Drift monitoring;
recalibration; sensor
fusion sanity checks;

temporal holdout

evaluation

Soft constraints;
curriculum constraints;
adaptive weighting;
surrogate PDE
residuals

Late fusion; modality
dropout training;
imputation with

uncertainty bounds

Deep multi-fidelity;
nonstationary kernels;
local correlation
models; residual
correction

Another key trade-off is between model interpretability and performance. Black-box multi-model architectures, like deep
neural networks in multimodal fusion for metamaterial design, deliver superior performance in handling heterogeneous
data (e.g., images and spectra) but lack transparency, complicating validation in critical applications such as battery
materials [8, 9]. Hybrid approaches address this by combining explainable physics models with Al, enabling trade-offs in
which interpretability is prioritized over marginal gains in accuracy [10, 11]. In high-entropy alloys phase prediction,
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ensemble learning models balance this by using feature importance rankings, though at the cost of increased ensemble
size [12, 13]. Data scarcity exacerbates these trade-offs; hybrid systems leverage domain knowledge to augment small
datasets, but multi-model ensembles may overfit without sufficient data, as observed in porous material simulations [14,
15].

Scalability versus specialization presents a further dilemma. Multi-model systems scale well for broad materials discovery,
such as screening vast chemical spaces for catalysts. Still, specialized hybrids excel in niche areas, such as
optoelectronic materials, where physics-informed constraints ensure domain-specific accuracy [16, 17]. Trade-offs in real-
time applications, such as additive manufacturing temperature prediction, highlight that hybrid PINNs offer long-horizon
forecasts but require careful hyperparameter tuning to avoid instability [18, 19].

Challenges in implementation and integration

Implementing multi-model and hybrid Al in materials research faces several challenges. Data heterogeneity and quality
remain paramount; multi-model systems require standardized datasets for effective fusion, yet materials data often vary in
fidelity and format, leading to biases in predictions for composites or nanomaterials [20, 21]. Hybrid systems, while robust
to sparse data through physical priors, struggle with multiphysics problems, such as coupling thermal and mechanical
behaviors in polymers, where incomplete physics models propagate errors [22, 23].

Model robustness and generalization pose significant hurdles. Multi-model ensembles can mitigate overfitting but fail in
out-of-distribution scenarios, such as extrapolating alloy properties beyond the trained compositions [3, 24]. Hybrid PINNs
enhance generalization by enforcing conservation laws, yet numerical stiffness in stiff PDEs, common in geotechnical
materials, can cause training failures [25, 26]. Ethical and responsible Al integration, particularly in structural materials,
demands addressing biases and ensuring fairness, as unchecked models may perpetuate errors in safety-critical designs
[1, 27].

Interdisciplinary collaboration and computational infrastructure present practical challenges. Bridging Al expertise with
materials-domain knowledge is essential for hybrid systems, yet standardized frameworks are lacking, hindering adoption

[8].

Future directions and opportunities

Future advancements in multi-model and hybrid Al for materials research should focus on adaptive architectures that
dynamically balance trade-offs. Neuro-symbolic hybrids, combining neural networks with symbolic reasoning, could
enhance interpretability while retaining performance, ideal for inverse design in functional materials [1, 4]. Federated
learning for multi-model ensembles would enable collaborative training on distributed datasets, addressing data privacy in
industrial applications [8, 12].

Integration with autonomous laboratories promises closed-loop discovery, in which hybrid models guide experiments in
real time, accelerating innovation in energy materials [16, 20]. Quantum-enhanced hybrids may tackle high-dimensional
problems, like molecular dynamics, overcoming classical computational limits [22, 25]. Large language models fine-tuned
for materials could automate knowledge extraction, augmenting multi-model predictions [5, 9].

Standardized benchmarks and explainable Al tools will be crucial for objectively evaluating trade-offs, fostering trust, and
wider adoption [13, 17]. Interdisciplinary education and open-source platforms will democratize access, driving
sustainable materials development [24, 27].

Conclusion
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Multi-model and hybrid Al systems have emerged as pivotal tools in materials research, offering architectures that
leverage complementary strengths to address complex challenges in discovery, prediction, and optimization. While multi-
model ensembles enhance robustness and accuracy through aggregation, hybrid approaches integrate physical
principles for improved generalizability and efficiency. However, key trade-offs—such as those between interpretability
and performance, or scalability and specialization—must be navigated to maximize impact. Despite implementation
challenges such as data scarcity and model robustness, future directions in adaptive hybrids, autonomous systems, and
guantum integration hold immense promise for accelerating sustainable innovation. By synthesizing recent advancements
[1-27], this review underscores the transformative potential of these Al paradigms, paving the way for interdisciplinary
progress in materials science.
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