
In the extreme environments relevant to deep geothermal and related subsurface 
applications, the central challenge extends beyond conventional durability 
as understood in ordinary civil engineering. Instead, the performance of 
construction materials is governed by the coupled action of thermal, chemical, 
and mechanical extremes, including high temperatures, elevated pressures, 
chemically aggressive brines, dissolved gases such as CO2 and H2S, and 
repeated thermo-mechanical loading. High-temperature geothermal wells 
are recognized as more demanding than typical oil and gas wells because 
they simultaneously expose materials to severe heat, corrosive chemical 
environments, and cyclic mechanical and thermal stresses (Figure 1a). In even 
more extreme conditions, superhot and supercritical geothermal systems may 
reach 500 °C, while supercritical geothermal fluids are commonly defined, 
for pure water, by temperatures above 374 °C and pressures above 22.1 MPa. 
Under these conditions, degradation processes of cementitious materials are 
markedly accelerated, and even minor cracks or interfacial defects can quickly 
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ABSTR AC T
Geopolymer composites are increasingly regarded as promising materials for 
infrastructure operating in extreme environments, including high-temperature, high-
pressure, chemically aggressive, and multi-hazard conditions. However, passive 
durability alone is not sufficient to ensure long-term performance under such coupled 
extreme conditions. Once cracking occurs, transport pathways can rapidly form for 
fluids, ions, and reactive species, leading to permeability increase, loss of sealing 
integrity, structural degradation, and premature failure. This Perspective argues that 
the central challenge is therefore not simply to improve the intrinsic stability of 
geopolymers, but to design them for functional resilience through self-healing under 
coupled thermal, chemical, and pressure-driven stresses. We further contend that 
many current self-healing strategies remain overly generic and often fail to account 
for the distinct demands of different extreme environments. To address this gap, we 
propose a shift from empirical trial-and-error and forward property prediction toward 
physics-informed, mechanism-aware AI frameworks capable of inverse design, 
multimodal data integration, and digital-twin-assisted adaptation. Such an approach 
could enable geopolymer composites that are not only durable, but also damage-
tolerant, recoverable, and better suited for long-term service in extreme environments.
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evolve into critical transport pathways for corrosive 
fluids, thereby compromising long-term integrity.[1-
5].
The central flaw in conventional thinking is the 
tendency to regard material durability in extreme 
environments as a static, intrinsic property, rather 
than as a dynamic response that evolves under coupled 
damage, transport, and environmental attack. That 
assumption may be acceptable in mild service, but 
it breaks down in high-temperature, high-pressure, 
chemically aggressive environments where cracking 
accelerates transport and transport accelerates further 
degradation. The key scientific gap, therefore, is not 
whether construction materials possess sufficient 
initial strength and stability, but whether they can 
retain or recover functional resilience after damage 
under the specific stressors that drive failure in extreme 
environments.[6, 7]
1 .1  THE DURABILIT Y GAP
Conventional cement remains structurally vulnerable 
in extreme geothermal service because its Ca-rich 
hydration products are susceptible to dehydration, 
decalcification, carbonation, and chemically assisted 
microstructural breakdown when heat, pressure, and 
aggressive fluids act together.[8] Recent geothermal 
well assessments show how quickly this becomes an 
integrity problem. The strength of ordinary Portland 
cement (OPC) samples decreased from 35 MPa to 5 
MPa, experiencing a dramatic strength loss of 86% 
during the 9-month exposure in the well.[7] In other 
words, OPC fails not simply because it is exposed 
to elevated temperature, but because its intrinsic 
degradation pathways are strongly amplified by 
the coupled thermal, chemical, and pressure-driven 
transport conditions of the service environment.
Calcium Aluminate Cements (CAC)-based systems 
and thermal shock resistant cement (TSRC) represent 
important advances beyond OPC, particularly because 
they were developed to withstand high temperature, 
thermal shock, and chemically aggressive well 
conditions. CAC formulations have shown much 
better performance retention than OPC/silica blends 
during long-term geothermal exposure, while TSRC 
has demonstrated high thermal-shock resistance and 
substantial strength recovery after repeated heating-
cooling cycles.[7, 9] However, they still largely 
represent optimized passive cement systems.
By contrast, geopolymer composites are a more 
promising long-term direction because their crosslinked 
aluminosilicate network provides a broader and more 

tunable platform for achieving low permeability, 
chemical stability, and adaptive sealing behavior 
under coupled thermal, chemical, and pressure-driven 
stresses in extreme conditions (Figure 1b).[6, 10, 11] 
However, these advantages should not be mistaken 
for true resilience. High-temperature exposure can 
drive shrinkage, densification, and microcracking in 
geopolymer networks,[12] while pressure-assisted 
fluid ingress can convert microstructural damage 
into sealing failure. In practice, the service life of a 
geothermal seal is seldom determined by the stability 
of the intact matrix alone; rather, it is ultimately 
governed by the initiation and propagation of cracks, 
debonding at interfaces, and the resulting evolution 
of permeability under sustained pressure and repeated 
thermal cycling. Consequently, the real durability 
gap lies in translating geopolymer stability to true 
resilience under extreme conditions. 

Although geopolymers often exhibit superior chemical 
resistance, many formulations remain susceptible 
to restrained shrinkage, early-age cracking, and 
localized brittle failure. Several studies have shown 
that alkali-activated slag and related systems can 
exhibit a markedly increased risk of cracking at high 
temperatures, especially when pore structure, activator 
chemistry, and curing history amplify capillary and 
autogenous stresses (Figure 2).[13-16] The implication 
is straightforward: the geopolymer composites can be 
highly durable in its intact state and still be a poor 
resilient material if it cannot limit crack opening or 
recover function once cracking occurs.
Self-healing research points toward a solution for 
permanent sealing capacity, particularly in demanding 
well environments, but much of the current literature 
is still too generic for truly extreme environments. 
In geopolymer systems, autogenous healing, 
microcapsule-based healing, bacteria-enabled healing, 
hollow fiber-assisted healing, shape memory materials 
(SMMs), superabsorbent polymers (SAPs), and 
mineral-forming additives have all shown promise, 
yet their effectiveness is highly conditional rather than 
universal. Reported healing efficiency depends strongly 
on crack width, water availability, activator chemistry, 
ionic composition, pH, and temperature.[14, 17, 18]. 
In addition, the healing subsystem itself may become 
the weak link: bacterial routes are constrained by high 
alkalinity, heat, and limited water availability, while 
SAPs-based and autogenous routes depend on fluid 
access, swelling behavior, and the continued formation 

Figure 1:  Illustration of (a) extreme environments for a geothermal well ,and (b) general geopolymerisation process[11] . 
Reprinted with permission,[11] open-access source (CC BY 4.0).

1 .2 THE RESILIENCE PARADOX
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of stable sealing products. These dependencies already 
complicate healing under ambient or moderately 
aggressive conditions, and they become even more 
restrictive when the target environment shifts to 
geothermal service involving 375–500 °C exposure, 
high pressure, and corrosive alkaline or supercritical 
brines.

Under such conditions, a strategy that performs well in 
laboratory crack-closure tests may no longer preserve 
viability, activation, or product stability in service. 
For that reason, the design objective in extreme 
environments cannot be visual crack closure alone. 
The more meaningful target is recovery of transport 
resistance, interfacial integrity, and long-term sealing 
reliability under the same coupled thermal, chemical, 
and pressure conditions that generated the damage in 
the first place.

2. THE MISSING LINK: WHY AI?

Once the problem is framed around damage-specific 
resilience rather than generic strength, the design 
challenge becomes combinatorial. The choice space 
for manufacturing geopolymer composites already 
spans precursor chemistry, Si/Al balance, Ca content, 
activator type and dosage, liquid-to-solid ratio, fibers, 
fillers, curing route, and interfacial architecture. 
Adding a self-healing function multiplies that space 
again through bacteria, carriers, capsules, SMMs, 
SAPs, mineral additives, crack-width control strategies, 
and trigger conditions. Then the extreme conditions 
multiply it once more: H2S-bearing brines, thermal 
cycling, sulfate or marine exposure, high pressure, 
fire, freeze-thaw, and supercritical water each favor 
different degradation and healing pathways. This is not 
a single-property optimization problem. It is a coupled 
search problem across chemistry, mechanism, and 
hazard profile. 

2 .1  COMPLE XIT Y OVERLOAD

Trial-and-error cannot navigate this space efficiently. 
Even when the target appears simple, such as maintaining 
strength after exposure to high temperature, the real 
objective is multidimensional: pumpability, set control, 
crack resistance, healing efficiency, permeability 
recovery, and long-term chemical stability must all 
be balanced. Machine learning has already begun to 
change how geopolymer are modeled, especially for 
property prediction and mixture optimization.[19, 20]
But the deeper value of AI in this context is not only 
faster regression on the strength data. It is the ability 
to structure the design space, expose hidden variable 
interactions, and prioritize the next informative 
experiment under severe data and cost constraints.

This transition is critical as the multi-dimensional 
variables governing geopolymer design under extreme 
conditions, specifically the non-linear couplings 

Figure 2:  SEM images of Geopolymer with a 1.5 Na2SiO3/
NaOH ratio (S/H) and a 0.5 alkali activator /fly ash ratio 
(A/F) at 25 °C and 400 °C. Reprinted with permission16, 
open-access source (CC BY 4.0).

Figure 3:  Approaches of self-healing for geopolymer composites.
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between activator chemistry, shrinkage susceptibility, 
and healing kinetics, surpass the traditional boundaries 
of empirical intuition. AI will not replace the mechanistic 
understanding of materials. It is valuable here because 
the design space has become too large and complex for 
intuition alone to navigate effectively. What the field 
needs is not more isolated formulations, but a workflow 
that can learn from sparse heterogeneous datasets and 
direct experiments toward stressor-relevant regions of 
composition-mechanism space (Figure 3).[21]

Most current AI work in geopolymer materials is still 
framed as a forward problem: given a formulation, 
predict strength or another target property. While 
useful, this approach is not sufficient for self-healing 
geopolymers intended for extreme environments. The 
more relevant challenge is inverse design Given a 
defined stressor profile and a required recovery metric, 
what matrix chemistry and healing strategy should 
be selected to deliver the desired performance? For 
example, an H2S-rich, high-pressure brine environment 
is unlikely to favor the same healing mechanism as 
repeated thermal cycling. The former is more likely 
to require chemically stable, non-biological healing 
chemistry together with dense, crack-limiting matrices, 
whereas the latter may benefit more from thermal-
expansion matching, fiber-assisted crack control, and 
healing pathways that remain effective during repeated 
crack opening and closure. These considerations should 
not be treated as downstream implementation choices, 
but as defining elements of the design target itself. [19-
22 ]
An actionable roadmap is now emerging for self-
healing geopolymer composites designed for extreme 
environments (Figure 4).[22] First, the target exposure 
must be defined explicitly, including the relevant 
extreme-condition factors such as high temperature, 
high pressure, corrosive alkaline or supercritical fluids, 
thermal cycling, or H2S-rich brines, together with the 
true failure criterion: permeability recovery, sealing 
retention, crack tolerance, or interface stability, rather 
than compressive-strength retention alone. Second, 
published data and new experiments should be organized 
into stressor-tagged datasets for self-healing geopolymer 

systems, rather than treated as generic composition–
property tables. Third, the design space should be 
constrained using chemistry-informed descriptors, 
thermodynamic screening, and physical plausibility, 
so that only realistic matrix–healing combinations 
are explored. Fourth, surrogate models and active-
learning workflows should be used to identify the most 
informative next experiments under defined extreme-
service conditions. Fifth, inverse or generative design 
should be used to propose geopolymer formulations 
and healing architectures tailored to specific damage 
scenarios, rather than merely interpolating among 
known mixtures. Finally, the resulting candidates must 
be validated under realistic multi-hazard protocols that 
reproduce the same thermal, chemical, and pressure 
conditions that drive damage in service. Without this 
closed-loop framework, AI will simply accelerate 
rediscovery of ambient-condition trends.
However, the limitations are real and should not 
be hidden. Data scarcity is severe, especially for 
crack-sealing recovery under geothermal conditions. 
Reproducibility is weakened by inconsistent precursor  
reporting, incompatible healing metrics, and poor 
exposure standardization. Interpretability matters 
because safety-critical infrastructure cannot rely on 
opaque recommendations. Scale-up is also nontrivial: a 
lab-scale self-healing concept must still satisfy pumping, 
storage, trigger reliability, cost, and long-duration 
exposure requirements. But these are not arguments 
against AI-guided self-healing design. They are 
precisely the reasons the field needs a more disciplined, 
closed-loop, evidence-based design strategy.

3. THE NEW PERSPECTIVE — PHYSICS-IN-

FORMED, MECHANISM-AWARE AI

 

Building on the durability and self-healing concepts 
introduced in the preceding sections, the central 
argument of this Perspective is that geopolymer 
design must move beyond correlation-based property 
prediction toward mechanism-aware AI. Current 
machine-learning studies in geopolymer research have 
been valuable for estimating compressive strength, mix 
proportions, and processing windows, but most remain 
trained on sparse, heterogeneous literature datasets and 

2 .2 FROM PREDICTION TO SYNTHESIS

Figure 4: General workflow of machine learning (ML) in geopolymer science. Reprinted with permission,21 open-access 
source (CC BY 4.0).
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are rarely structured around degradation, healing, or 
service-life adaptation under extreme environments. As 
a result, they are better at interpolation across known 
recipes than at reasoning about how a material should 
respond to thermal shock, acid or sulfate ingress, CO2-
rich subsurface exposure, or repeated pressurization 
cycles. [10, 23, 24] 
The proposed shift is to couple data-driven learning 
with the chemistry and physics already known to 
govern alkali-activated systems[25]. In geopolymers, 
dissolution of aluminosilicate precursors, oligomer 
formation, polycondensation, pore-solution evolution, 
and temperature- and moisture-dependent transport 
jointly determine both mechanical integrity and 
healing capacity. A useful AI model should therefore 
embed chemical reaction kinetics, thermodynamic 
admissibility, and transport constraints rather than 
treat mix design as an unconstrained black box. PINNs 
offer a credible foundation for this direction because 
they can enforce governing equations during training, 
incorporate sparse experimental data, and infer latent 
state variables that are difficult to measure directly. 
For geopolymers, that means models in which reaction 
extent, gel formation, ionic transport, crack closure, and 
healing-product precipitation are learned together under 
physical constraints, rather than as isolated regression 
targets.[26-29] 
In this framing, AI no longer merely predicts 
performance; it becomes a surrogate for coupled chemo-
thermo-mechanical evolution. A mechanism-aware 
model could, for example, learn when a formulation 
that maximizes initial stiffness also amplifies thermal 
incompatibility, or when a matrix chemistry that 
improves acid resistance suppresses the mobility 
needed for autogenous or encapsulated healing. This 
is particularly important for geopolymers intended 
for fire-prone infrastructure, aggressive wastewater or 
marine exposure, and wellbore or geothermal service, 
where durability and recoverability are not independent 
objectives. The scientific opportunity is to recast the 
classic durability-resilience tradeoff as a dynamic 
co-optimization problem in which chemistry, pore 
architecture, healing strategy, and exposure history 
evolve together.[6, 30-32] 
A second conceptual pivot is the digital twin. Rather 
than assuming that a geopolymer is fully characterized 
at the time of casting, a digital-twin framework treats the 
material and structure as continuously updated systems. 

Sensor streams from acoustic emission, distributed 
fiber optics, temperature and humidity probes, and 
related structural-health-monitoring modalities can be 
assimilated into a virtual replica that updates the internal 
damage state, healing state, and remaining performance 
margin in real time. For self-healing geopolymers, this 
is especially powerful because healing is inherently 
path-dependent: crack width, moisture availability, 
alkali mobility, reaction products, and repeated loading 
all influence whether recovery is partial, delayed, or 
sustained. A digital twin can therefore act as the bridge 
between laboratory understanding and field adaptation.
[33-35] 
The third pivot is multimodal integration within 
autonomous optimization loops. Future geopolymer 
discovery should not rely on one dataset type alone. 
Composition, precursor mineralogy, activator chemistry, 
curing profile, pore-network descriptors, spectroscopy, 
microscopy, mechanical response, durability 
trajectories, sensing time series, and even life-cycle 
carbon metrics should be fused into a single learning 
workflow. In adjacent areas of materials science, 
multimodal learning and self-driving laboratories are 
already showing how closed-loop experimentation 
can accelerate inverse design and multi-objective 
optimization. Applied to geopolymers, the analogous 
workflow would use mechanism-aware surrogates to 
propose candidate formulations, automated experiments 
to test them, digital twins to evaluate field-relevant 
adaptation, and optimization engines to update the next 
design cycle. The outcome is not just a stronger binder, 
but a geopolymer system that learns toward durability, 
recoverability, and sustainability simultaneously.[24, 
36-38] 

4. STRATEGIC ROADBLOCKS & THE PATH 

FORWARD

If Section 3 defines the conceptual architecture, the 
next question is what prevents its realization. The first 
roadblock is the data foundation itself. Geopolymer 
datasets remain fragmented across precursor classes, 
activator chemistries, curing schedules, specimen 
geometries, and test protocols. Most published 
databases emphasize early-age strength, while long-
term durability, repeated damage-healing cycles, and 
sensor-rich exposure histories are rarely reported in a 

Figure 5:  Inverse design as the conceptual bridge from target properties to candidate materials. Adopted with 
permission,[22] open-access source (CC BY 4.0).
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standardized form. Self-healing studies are even more 
heterogeneous, often differing in crack-generation 
methods, healing duration, environmental conditions, 
and recovery metrics. Under these conditions, even 
sophisticated AI models risk learning publication 
artifacts rather than transferable mechanisms[10, 39, 40] 
The second roadblock is mechanistic incompleteness. For 
mechanism-aware AI to be credible, geopolymer science 
must provide better state variables and constraints than 
bulk strength and porosity alone. What is needed are 
datasets and models that track reaction progress, gel 
chemistry, transport evolution, thermal incompatibility, 
crack morphology, and healing-product formation across 
time. Without these intermediate descriptors, AI cannot 
robustly distinguish whether failure was controlled by 
chemistry, transport, thermal mismatch, or interfacial 
instability. This is especially limiting in extreme 
environments, where high temperature, corrosive fluids, 
and confining pressure can re-order the dominant 
degradation pathway over time.[26 27, 30, 31] 
The third roadblock is deployment. Digital twins for civil 
materials are advancing rapidly, but harsh-environment 
geopolymer applications require sensing systems that 
survive corrosion, thermal gradients, pressure cycling, 
and long maintenance intervals. Sensor survivability, 
calibration drift, bandwidth, and interoperability with 
materials databases remain unresolved barriers. Just 
as important, infrastructure owners will not adopt 
AI-guided materials without trustworthy uncertainty 
quantification, interpretable failure forecasts, and 
validation protocols that connect laboratory coupons to 
structural components and field assets. In other words, 
the challenge is not only model accuracy, but epistemic 
credibility.[33-35] 
The path forward should therefore be strategic rather 
than incremental. First, the field needs benchmark 

datasets that jointly report precursor chemistry, 
activator composition, curing history, crack geometry, 
exposure protocol, sensor outputs, healing metrics, and 
embodied-carbon indicators in interoperable formats. 
Second, AI development should prioritize hybrid 
models that combine thermodynamic calculations, 
transport relations, and PINN-style constraints with 
active-learning experiments. Third, validation should be 
hierarchical: paste to mortar, mortar to concrete, concrete 
to element, and element to monitored pilot deployment. 
Fourth, optimization objectives must be explicitly multi-
objective, balancing residual strength, permeability 
recovery, damage tolerance, cost, constructability, and 
life-cycle emissions. Framed this way, the research 
agenda becomes a coordinated platform for discovery 
rather than a collection of disconnected prediction 
studies.[24, 36, 41, 42]  

5. CONCLUDING OUTLOOK

The most important implication of this Perspective is that 
the future of geopolymer research should not be defined 
by static property prediction alone. The field is ready 
to move from asking which formulation performs best 
under one prescribed test, to asking which self-healing 
strategy can sense damage, adapt its internal chemistry, 
recover function, and remain stable across evolving 
extremes. Physics-informed, mechanism-aware AI 
provides the intellectual framework for that transition 
because it connects first-principles understanding with 
real-time data, rather than forcing a choice between 
them. In that sense, self-healing geopolymers should 
be viewed not simply as alternative binders, but as 
candidate adaptive material systems.[28, 40, 41] 
Looking ahead, the key goal is not simply to create 
substitutes for conventional cement, but to establish 

Figure 6: Roadmap for closed-loop deployment of self-healing geopolymers, showing standardized multimodal datasets, 
physics-informed model training, autonomous experimentation, digital-twin updating from acoustic emission and fiber-
optic sensing, uncertainty-aware decision support, and translation to standards-ready field implementation.
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geopolymer-based materials as resilient sealing systems 
for extreme environments. In geothermal and related 
subsurface applications, long-term performance will 
depend less on the stability of the intact matrix alone 
than on the ability to control cracking, preserve interface 
integrity, and restore sealing under coupled thermal, 
chemical, and pressure-driven stresses. Achieving this 
will require a shift from passive durability toward 
stressor-specific self-healing, supported by AI-guided 
design frameworks that can connect damage scenario, 
healing mechanism, and geopolymer chemistry in a 
targeted way. The real promise of AI-guided self-healing 
geopolymers is therefore not only better materials 
optimization, but a route toward more adaptive, 
resilient, and reliable infrastructure for extreme-service 
conditions.[6, 31, 41, 42]  
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