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Abstract

The integration of artificial intelligence (Al) into materials discovery processes introduces dynamic elements that
reshape traditional paradigms of scientific inquiry. This manuscript explores the conceptual role of surprise—
understood as unexpected deviations in predictive models or exploratory outcomes—uwithin Al-driven frameworks for
identifying novel materials. Through an interpretive lens, it examines how surprise serves as a steering mechanism in
iterative learning cycles, influencing the balance between exploiting known material properties and exploring
uncharted compositional spaces. The synthesis of recent literature highlights emergent patterns in which Al systems,
by encountering anomalous data or unanticipated correlations, facilitate shifts in the conceptual understanding of
material behaviors. A proposed framework delineates the interaction dynamics between surprise signals, algorithmic
adaptability, and epistemic feedback loops, emphasizing trade-offs in uncertainty management and knowledge
integration. This analysis underscores systems-level insights into how surprise enhances the resilience of discovery
pipelines, fostering integrative perspectives on material innovation without positing empirical validations. Ethical
considerations arise in interpreting surprise as a catalyst for paradigm evolution, prompting reflections on the
epistemic boundaries of Al-assisted science. Overall, this work contributes to a nuanced appreciation of surprise as an
intrinsic component in the conceptual architecture of Al-enabled materials research, inviting broader discourse on its
interpretive implications.

Keywords Epistemic feedback, Conceptual integration, Atrtificial intelligence, Materials discovery, Surprise dynamics,
Uncertainty interpretation

*Correspondence:

Claire Martin

claire.martin@gmail.com

1 Department of Computational Materials Research, Faculty of Engineering, University of Lyon, Lyon, France

2 Department of Artificial Intelligence Systems, Faculty of Engineering, University of Strasbourg, Strasbourg, France

Introduction

The advent of artificial intelligence (Al) in materials science has fundamentally altered the landscape of discovery, shifting
from labor-intensive empirical methods to computationally intensive, data-driven approaches. This transition invites a
reevaluation of core conceptual elements that underpin scientific progress, particularly those involving unpredictability and
novelty. At the heart of this exploration lies the notion of surprise, which emerges not merely as an anomaly but as a
pivotal interpretive force in navigating the complexities of material design and synthesis. In Al-driven contexts, surprise
manifests as discrepancies between predicted and observed properties or as serendipitous revelations in high-
dimensional data spaces, thereby influencing the trajectory of research endeavors [1, 2].

Historically, materials discovery has relied on human intuition and systematic experimentation, where unexpected findings
often spurred breakthroughs. With Al's integration, these processes are amplified by machine learning algorithms that
process vast datasets to identify patterns and predict material performances. Yet, this amplification introduces new
dynamics: Al systems, while efficient in optimizing within known parameters, encounter surprises that challenge their
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underlying assumptions. Such surprises—ranging from outlier predictions in neural networks to novel phase behaviors
uncovered in generative models—serve as interpretive signals, prompting adjustments in conceptual models of material
systems [3, 4]. This manuscript delves into these dynamics, interpreting surprise as a mechanism that bridges algorithmic
efficiency with epistemic depth, without venturing into methodological specifics.

The conceptual significance of surprise in Al-driven materials discovery extends beyond mere error correction. It
encapsulates the tension between deterministic modeling and the inherent stochasticity of natural systems. For instance,
in exploring alloy compositions or nanomaterial structures, Al tools may reveal unanticipated synergies that redefine
stability criteria or functional attributes. These revelations underscore trade-offs in discovery strategies: prioritizing
exploitation of refined predictions versus embracing exploratory divergences that surprise, fosters [5, 6]. By interpreting
these trade-offs, one gains insights into how surprise enhances the adaptability of Al frameworks, enabling more holistic
integration of multidisciplinary knowledge.

Furthermore, the epistemic role of surprise invites reflections on the boundaries of knowledge generation. In traditional
science, surprises often lead to paradigm shifts, as seen in historical serendipitous discoveries. In Al contexts, this is
mirrored through feedback structures where anomalous outcomes inform model retraining, thereby evolving the
conceptual understanding of material possibilities [7, 8]. This interpretive approach highlights how surprise acts as a
catalyst for systems-level coherence, mitigating the risks of over-reliance on predictive accuracy and promoting a
balanced view of innovation.

The literature synthesis reveals patterns where surprise is implicitly woven into Al applications, such as active learning
loops that select experiments based on uncertainty metrics. These metrics, while operational, conceptually represent
surprise as quantifiable deviations that influence the direction of materials research [9, 10]. Ethical dimensions emerge
here, as the interpretation of surprise could be biased towards certain material classes, raising questions about inclusivity
in discovery pipelines.

This manuscript structures its analysis around these themes, beginning with a theoretical background that synthesizes
recent advancements. It then proposes a conceptual framework that interprets the interplay of surprise within Al-driven
ecosystems. Through this lens, surprise is viewed not as a disruption but as an integrative element that enriches the
conceptual fabric of materials science [11, 12]. The focus remains steadfastly on analytical implications, avoiding any
prescriptive or empirical claims.

In framing this discussion, it is essential to consider the broader implications for scientific epistemology. Al's capacity to
handle complexity introduces surprise as a recurring motif, challenging linear notions of progress. Interpretively, this
suggests that discovery is a dialogic process between human oversight and machine-generated insights, where surprise
mediates the synthesis of novel ideas [13, 14]. As materials demands grow—for energy storage, catalysis, or quantum
computing—the role of surprise becomes increasingly central, offering pathways to conceptual resilience.

The interpretive value of surprise also lies in its ability to reveal hidden interdependencies within material systems. For
example, Al models might uncover unexpected correlations between atomic arrangements and macroscopic properties,
prompting a reevaluation of foundational concepts such as entropy and bonding theories [15, 16]. These insights foster a
deeper appreciation of materials as dynamic entities, subject to emergent behaviors that surprise and elucidate.

Ultimately, this introduction sets the stage for a conceptual exploration that positions surprise as a key interpreter of Al's
transformative potential in materials discovery. By weaving together analytical threads from diverse sources, it aims to
illuminate the subtle dynamics at play and contribute to an enriched discourse on the future of scientific innovation [17,
18]. Table 1 synthesizes how surprise operates across distinct stages of Al-driven materials discovery, highlighting its
evolving epistemic roles and interpretive implications.

Table 1. Conceptual roles of surprise across ai-driven materials discovery
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Discovery stage Manifestation of surprise Conceptual function Epistemic implication
Data representation Unexpected correlations, Signals misalignment between Reveals limits of prior
and curation sparsity effects, anomalous the assumed descriptors and the knowledge embedded in
clusters latent structure datasets
Model training and Outlier predictions, high Acts as an interpretive alert Encourages reconsideration
inference epistemic uncertainty, rather than a prediction failure of representational
divergence across models adequacy
Exploration and Emergence of candidates Expands exploration beyond Mitigates epistemic inertia
search outside dominant material optimization trajectories and overfitting to known
classes regimes
Feedback and Surprise-driven retraining or Enables recursive refinement of Promotes adaptive
adaptation reweighting discovery logic epistemic learning
Conceptual Reinterpretation of material Catalyzes shifts in explanatory ~ Supports paradigm evolution
integration behavior frameworks without empirical disruption

Theoretical Background and Literature Synthesis
Evolution of artificial intelligence in materials science

The incorporation of artificial intelligence (Al) into materials science represents a fundamental conceptual transition from
hypothesis-driven experimentation toward data-centric modes of scientific reasoning. Early computational approaches in
the field largely framed Al as a predictive instrument—an auxiliary tool designed to accelerate established workflows by
mapping predefined descriptors to target properties. In this phase, supervised learning dominated, reinforcing a relatively
linear epistemic structure in which material knowledge was assumed to pre-exist in data and merely awaited efficient
extraction [19, 20].

More recent developments, however, reveal a deeper reconfiguration of how materials discovery itself is conceptualized.
Contemporary Al systems increasingly operate within generative, self-organizing, and unsupervised paradigms, where
material spaces are not simply queried but actively restructured through learned representations. This shift reframes
discovery as an adaptive process, mediated by algorithmic interpretation rather than direct physical intuition. Latent
embeddings, generative models, and representation-learning architectures now function as epistemic intermediaries,
constructing internal geometries that reorganize compositional, structural, and functional relationships across material
classes.

The literature increasingly emphasizes that this evolution introduces recursive feedback structures into the discovery
process. Al models do not merely consume data but shape the trajectory of future data acquisition through iterative
refinement, selective attention, and adaptive exploration strategies [21, 22]. These feedback dynamics blur traditional
distinctions between prediction, hypothesis generation, and validation. As a result, materials discovery emerges as a co-
evolutionary system in which algorithmic inference and material knowledge mutually condition one another.

At a conceptual level, this progression enables the integration of heterogeneous material domains—such as polymers,
ceramics, alloys, and perovskites—within shared representational spaces. Rather than treating these domains as
ontologically distinct, Al-mediated frameworks promote a unifying abstraction layer in which similarities and discontinuities
are negotiated through learned structure. This synthesis suggests that Al is no longer merely accelerating materials
science but actively reshaping its epistemic foundations.
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Conceptualizing surprise in discovery contexts

Within this evolving paradigm, the notion of surprise assumes a central theoretical role. In scientific contexts, surprise is
not simply an emotional or psychological reaction but an epistemic signal indicating misalignment between expectation
and observation. In Al-driven materials research, surprise is formalized through mechanisms such as uncertainty
quantification, anomaly detection, and divergence measures, which flag departures from learned regularities [23, 24].

Conceptually, surprise functions as a steering logic within high-dimensional material spaces. Rather than being treated as
noise or error, surprising outcomes are increasingly interpreted as productive disruptions—signals that challenge
entrenched assumptions embedded within both data and models. This reorientation positions surprise as an engine of
conceptual renewal, prompting reconsideration of material behaviors that may have been previously marginalized or
obscured.

Synthesis across the literature reveals recurring patterns in which surprise facilitates epistemic shifts. In studies of
functional and emergent materials, unexpected behaviors often arise from higher-order interactions or coupled
phenomena that elude conventional descriptors [25, 26]. When surfaced through Al systems, such surprises compel
analytical re-examination of stability, performance, and structure—property relationships, expanding the interpretive scope
of materials science beyond established frameworks.

However, this conceptual elevation of surprise also raises ethical and epistemological concerns. Al models encode
inductive biases through training data, architectural choices, and objective functions. As a result, what appears as
“surprising” may reflect the limitations or blind spots of the model rather than intrinsic material novelty. The literature
increasingly cautions that surprise can both expose and amplify these biases, underscoring the need for reflexive
interpretation rather than uncritical celebration of unexpected outcomes.

Uncertainty and exploration dynamics

Closely intertwined with surprise is the concept of uncertainty, which occupies a foundational role in Al-mediated
exploration. Uncertainty is not merely a measure of predictive confidence but a proxy for epistemic incompleteness—
highlighting regions of material space where knowledge is sparse, unstable, or poorly constrained. In this sense,
uncertainty provides a quantitative scaffold upon which surprise becomes interpretable.

Active learning and adaptive sampling strategies explicitly leverage uncertainty as a decision signal, guiding exploration
toward regions that promise maximal informational gain while balancing computational and experimental costs [1, 3].
Conceptually, this transforms materials discovery into a dynamic negotiation between the exploitation of established
knowledge and exploration of uncharted regimes. Surprise often emerges at the boundary of this negotiation, where
uncertainty peaks and established patterns dissolve.

The literature emphasizes that high-uncertainty regions frequently coincide with surprising material candidates, revealing
properties or behaviors that resist interpolation from known data [5, 7]. These encounters catalyze feedback loops in
which conceptual models are revised, descriptors are reweighted, and representational spaces are reshaped. Such loops
enhance system-level resilience by preventing premature convergence and mitigating the risk of overfitting discovery
processes to historically dominant material classes.

From an interpretive standpoint, the interplay between uncertainty and surprise foregrounds the trade-offs inherent in Al-
driven exploration. Excessive focus on uncertainty may lead to fragmented or directionless search, while insufficient
attention risks reinforcing epistemic inertia. Within this balance, surprise operates as an equilibrating force—neither fully
random nor entirely deterministic—guiding discovery toward regions of conceptual novelty while maintaining coherence
within the broader scientific narrative.
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Serendipity and algorithmic adaptability

Serendipity occupies a distinctive conceptual position adjacent to surprise, yet it introduces an additional dimension of
contextual reusability. While surprise denotes a deviation from expectation within a given representational frame,
serendipity refers to the productive re-alignment of such deviations with unforeseen questions, applications, or domains.
In Al-mediated materials discovery, serendipity emerges not merely from anomalous outputs but from the adaptability of
algorithmic systems to reinterpret those outputs under shifting objectives or interpretive lenses.

Within materials informatics, this adaptability is particularly evident in generative and representation-learning models,
where the generation of unconventional structures or compositions may acquire value beyond their original optimization
targets [9, 11]. The literature suggests that such models implicitly support serendipitous discovery by maintaining flexible
latent spaces that allow re-projection of learned structures into alternative property regimes or functional contexts.
Conceptually, this reframes serendipity as a systems-level property—arising from the interaction between model
openness, objective fluidity, and interpretive responsiveness—rather than as a purely stochastic event.

The synthesis of recent studies highlights the role of steering logics that either enable or suppress serendipity. Algorithmic
pipelines that emphasize rigid optimization or narrow performance metrics tend to constrain the interpretive space in
which surprising outputs can be reassigned meaning. In contrast, adaptable pipelines—characterized by multi-objective
reasoning, exploratory sampling, or human-in-the-loop reinterpretation—create conditions under which serendipitous
findings can be absorbed and repurposed. This adaptability broadens the conceptual scope of discovery pipelines,
enabling them to serve not only as search engines but also as generators of unanticipated scientific trajectories.

Ethical reasoning becomes salient when considering how serendipity influences decisions about resource allocation and
research prioritization. Open-ended exploration, often justified by the promise of serendipitous breakthroughs, competes
with directed, goal-oriented searches that promise predictable returns. The literature frames this tension as a trade-off
between efficiency and epistemic openness, underscoring the need for integrative frameworks that recognize surprise-
driven serendipity as a legitimate scientific asset rather than an inefficiency to be minimized [13, 15].

Integration of multidisciplinary insights

The convergence of Al and materials science is inherently multidisciplinary, drawing upon concepts, methods, and
interpretive norms from chemistry, physics, applied mathematics, and computer science. Within this convergence,
surprise serves as a conceptual bridge, facilitating the transfer of insights across disciplinary boundaries. Unexpected
patterns identified through Al often gain explanatory or practical significance only when reinterpreted through
complementary disciplinary frameworks.

Literature synthesis reveals recurring instances in which surprises originating in one domain catalyze advances in others.
For example, computational anomalies in predicted material behaviors may prompt new physical interpretations, while
unexpected structure—property correlations may inspire chemical reclassification or novel synthesis pathways [17, 19].
These cross-domain translations suggest that surprise operates as a mechanism of conceptual coupling, enabling
fragmented bodies of knowledge to coalesce around shared interpretive challenges.

At a systems level, this integrative role of surprise is reinforced by hybrid Al-human feedback structures. Al systems
surface surprising candidates or relationships, while human experts contextualize, reinterpret, and redirect these findings
based on domain-specific intuition and theoretical understanding [21, 23]. This iterative exchange transforms surprise into
a collaborative signal—one that invites reinterpretation rather than definitive conclusion.

The literature increasingly emphasizes that such feedback-mediated integration enhances epistemic coherence. Rather
than fragmenting discovery across disciplinary silos, surprise-driven interactions promote holistic views of material
innovation, where computational abstraction and physical interpretation evolve in tandem. In this sense, surprise
contributes not only to novelty generation but to the structural integration of knowledge itself.
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Challenges in interpreting surprise

Despite its generative potential, surprise introduces significant conceptual and interpretive challenges within Al-driven
discovery systems. A central difficulty lies in distinguishing genuine novelty—indicative of previously unrecognized
material behavior—from artifacts arising due to noise, data sparsity, or model miscalibration. The literature repeatedly
emphasizes that not all surprises are epistemically meaningful; some merely reflect instability in representation or
amplification of uncertainty [25, 27].

This challenge foregrounds a critical trade-off between model robustness and sensitivity. Highly robust models may
suppress surprising deviations, favoring stability and consistency, while highly sensitive models may over-amplify
anomalies, conflating noise with insight. Analytical strategies proposed in the literature seek to navigate this tension
through layered interpretation, uncertainty conditioning, and iterative validation, rather than through binary acceptance or
rejection of surprising outputs.

Ethical considerations further complicate the interpretation of surprise. Unequal access to advanced Al tools,
computational resources, or interpretive expertise may skew who can recognize, validate, or capitalize on surprise-driven
discoveries. In this context, surprise risks reinforce existing epistemic inequalities, where only well-resourced actors can
translate unexpected outcomes into recognized knowledge. The literature calls for reflexive governance structures that
account for these asymmetries, emphasizing transparency and inclusivity in interpretive practices.

Interaction dynamics between surprise and model calibration offer opportunities for conceptual refinement. Iterative
feedback—where surprising outputs inform model adjustment and recalibration—can mitigate misinterpretation by
aligning algorithmic sensitivity with epistemic intent [28-30]. Through such dynamics, surprise becomes neither an
uncritical indicator of novelty nor a disruptive anomaly, but a carefully mediated signal within a broader interpretive
system. Table 2 summarizes key trade-offs and interpretive risks associated with leveraging surprise in Al-driven
materials discovery, alongside their conceptual consequences.

Table 2. Trade- offs and interpretive risks in surprise-driven discovery

Dimension Productive role of surprise Associated risk Conceptual consequence

Model sensitivity Detects subtle deviations and Over-amplification of noise Blurring of novelty vs. instability
emergent behaviors

Robustness Maintains stable discovery Suppression of meaningful Epistemic conservatism
trajectories anomalies
Exploration Encourages open-ended inquiry Resource dilution Tension between efficiency and
strategy epistemic openness
Interpretive Prompts human-Al dialogue Overreliance on Delegation of epistemic judgment
authority algorithmic signals
Ethical Highlights underexplored Unequal access to Al Reinforcement of epistemic
distribution materials interpretation inequality

Taken together, these challenges position surprise as a double-edged element in materials Al: a catalyst for innovation
and integration, yet one that demands careful epistemic stewardship. Its productive role depends not on its frequency, but
on the conceptual frameworks and feedback structures through which it is interpreted and acted upon.

Proposed conceptual framework
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The proposed framework interprets the role of surprise in Al-driven materials discovery through a systems-level lens,
emphasizing interaction dynamics, trade-offs, and epistemic feedback structures. At its core, the framework delineates
surprise as an emergent signal within iterative discovery cycles, mediating between predictive stability and exploratory
divergence. This interpretation avoids prescriptive elements and focuses instead on the analytical implications for
conceptual integration in materials research.

Central to the framework is the conceptualization of surprise as a multifaceted interpreter: it arises from discrepancies in
Al-generated predictions, anomalous data correlations, or unexpected synergies in material simulations. These
manifestations trigger feedback loops that adaptively reshape the discovery landscape, balancing the dynamics of
knowledge consolidation and expansion [2, 4, 6]. Ethically, this invites reasoning on how surprise influences the epistemic
boundaries of Al-assisted inquiry, highlighting trade-offs in prioritizing certainty over novelty.

The framework structures these elements into interconnected components: (1) Input Interpretation Layer, where raw
material data and Al models intersect to generate initial predictions; (2) Surprise Detection Nexus, which analytically flags
deviations as interpretive cues; (3) Adaptive Response Mechanism, fostering integration of surprises into refined
conceptual models; and (4) Epistemic Feedback Circuit, ensuring systems-level coherence through iterative reflections.
These components interact dynamically, with surprise acting as a steering logic that navigates trade-offs between
algorithmic efficiency and conceptual depth [8, 10, 12].

Analytical implications include enhanced resilience in discovery pipelines, where surprise mitigates the risks of conceptual
stagnation by promoting diverse interpretive pathways. For instance, in navigating complex material spaces, surprise
facilitates the integration of multidisciplinary insights, revealing hidden interdependencies that enrich systems-level
understanding [14, 16, 18]. Figure 1 presents a conceptual framework for identifying, analyzing, and responding to
epistemic surprise in materials Al.
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Figure 1. Framework for managing epistemic surprise in Al-augmented materials science
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This diagrammatic representation underscores the interaction dynamics, in which surprise propagates through the
system, fostering analytical reevaluation [20, 22, 24]. Systems-level insights emerge from these flows, interpreting
surprise as a catalyst for conceptual evolution in materials discovery.

Further, the framework explores ethical and epistemic reasoning, viewing surprise as a prompt for reflective practices that
ensure inclusive knowledge generation [26, 28, 29]. Trade-offs in managing surprise—such as sensitivity thresholds—
affect the overall interpretive robustness, inviting broader discourse on Al’'s conceptual role.

In summary, this framework offers an integrative perspective, interpreting surprise as an intrinsic element that enhances
the conceptual architecture of Al-driven materials discovery [31].

Analytical implications

The interpretive analysis of surprise within Al-driven materials discovery yields several systems-level insights that
illuminate the broader conceptual landscape. One key implication concerns the interaction between surprise and
uncertainty management, in which surprise serves as an interpretive filter to distinguish meaningful anomalies from
stochastic noise. This dynamic suggests that Al systems, through their encounter with surprising outcomes, facilitate a
more nuanced integration of probabilistic elements into conceptual models of material behavior [1, 3, 5]. Analytically, this
implies a shift towards resilient frameworks that accommodate variability, enhancing the epistemic robustness of
discovery processes by revealing underlying feedback structures.

Furthermore, the trade-offs inherent in leveraging surprise highlight ethical reasoning in resource allocation and
knowledge prioritization. For instance, emphasizing surprise-driven exploration may redirect conceptual focus towards
underrepresented material classes, potentially mitigating biases embedded in training data [7, 9, 11]. This implication
underscores how surprise acts as a steering mechanism, promoting equitable interpretive practices across diverse
material domains and fostering integrative perspectives that bridge gaps in multidisciplinary understanding.

Systems-level insights also emerge from considering the feedback loops amplified by surprise, in which iterative
adaptations converge on emergent properties. Surprise, in this context, is interpreted as a catalyst for reevaluating
interdependencies, such as those between atomic-scale interactions and macroscopic functionalities, without imposing
linear causalities [13, 15, 17]. The analytical value lies in recognizing these loops as enhancers of conceptual depth,
allowing for a holistic view of materials as adaptive systems responsive to unexpected inputs.

Ethical dimensions further enrich these implications, as the interpretation of surprise raises questions about epistemic
accountability in Al-human collaborations. Trade-offs between automated efficiency and human interpretive oversight
become apparent, with surprise prompting reflections on the boundaries of delegated decision-making [19, 21, 23]. This
analytical lens reveals opportunities for strengthening conceptual integrity, ensuring that surprise contributes to
sustainable innovation rather than transient disruptions.

Overall, these implications interpret surprise as an intrinsic element that enriches the analytical fabric of Al-driven
discovery, offering pathways to more adaptive and inclusive conceptual paradigms [13, 25, 27].

Results and Discussion

The conceptual exploration of surprise in Al-driven materials discovery invites a deeper discussion on its integrative role
within epistemic ecosystems. Interaction dynamics between surprise and algorithmic learning reveal patterns in which
unexpected deviations foster conceptual realignments, interpreted as opportunities to expand the interpretive horizons of
materials science [2, 4, 6]. This discussion emphasizes how such dynamics navigate trade-offs in predictive fidelity versus
exploratory breadth, with surprise emerging as a balancing force that integrates disparate knowledge streams.
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Systems-level insights from the literature synthesis suggest that surprise enhances the resilience of discovery
frameworks by highlighting feedback structures that adapt to conceptual uncertainties. For example, in synthesizing
insights across computational and theoretical domains, surprise facilitates the coalescence of fragmented interpretations,
promoting a unified epistemic narrative [8, 10, 12]. Ethically, this raises considerations about the interpretive power of
surprise in shaping research trajectories, potentially influencing the prioritization of certain material innovations over
others.

Further analytical depth is gained by examining the epistemic feedback circuits enabled by surprise, in which anomalous
findings prompt reflective integration that refines conceptual understanding. Trade-offs here involve the tension between
immediate corrective actions and long-term epistemic evolution, with surprise steering towards the latter for greater
conceptual sustainability [14, 16, 18]. This perspective underscores the value of surprise in mitigating conceptual silos,
encouraging cross-pollination of ideas in Al-assisted environments.

The discussion also touches on ethical reasoning surrounding the management of surprise, particularly in contexts of
data scarcity or model opacity. Interpreting surprise as a signal of epistemic vigilance underscores the need for
transparent feedback mechanisms that ensure inclusive interpretation [20, 22, 24]. Analytical implications extend to the
broader scientific community, where surprise-driven insights could redefine collaborative paradigms, fostering
environments that value interpretive flexibility.

In integrating these elements, the discussion positions surprise as a pivotal interpreter in the conceptual architecture of
materials discovery, inviting ongoing discourse on its dynamics and implications [26, 28-31].

Conclusion

In synthesizing the conceptual role of surprise in Al-driven materials discovery, this manuscript interprets it as a
fundamental steering logic that enriches epistemic and analytical dimensions. Through interaction dynamics and
feedback structures, surprise facilitates integrative insights, balancing trade-offs in exploration and exploitation while
prompting ethical reflections on knowledge generation. This interpretive approach underscores systems-level resilience,
positioning surprise as an enhancer of conceptual innovation in materials science.

Ultimately, the analysis contributes to a nuanced understanding of how surprise shapes the conceptual landscape,
offering pathways for deeper epistemic integration without empirical assertions.
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