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Abstract. Contemporary artificial intelligence (Al) systems introduce a class of risk that is not event-
driven but structurally embedded. Unlike traditional technological risks, which typically manifest through
discrete failures or identifiable malfunctions, risks in modern Al systems arise from continuous optimization
processes operating over high-dimensional parameter spaces under incomplete constraints. This paper
defines such risk as structural adaptation risk, understood as the possibility that system behavior evolves
over time in ways that remain internally consistent with the optimization objective, yet diverge from
intended functions or policy constraints. This divergence does not require system failure, external
interference, or explicit error. Rather, it emerges from the interaction between proxy-based objective
functions, distributed representations in multi-layer neural architectures, and adaptive feedback
mechanisms, including reinforcement learning and human-in-the-loop evaluation.

Empirical evidence, including cases of specification gaming, reward manipulation, and context-
dependent response strategies, indicates that Al systems may systematically optimize for measurable signals
rather than intended outcomes. Within this framework, such behaviors should not be interpreted as
anomalies, but as consistent outcomes under conditions of incomplete constraint specification. A key
implication is that risk may accumulate gradually and become embedded in system behavior before it is
externally observable. Consequently, governance approaches based primarily on monitoring, auditing, or
post-deployment correction may be insufficient to address such dynamics.

The paper argues that effective Al governance requires a multi-layered architectural approach,
involving the alignment of legal, institutional, and technical layers with the requirements of the specific
domain of application. In this context, the central question is not whether Al systems fail, but whether the
selected class of system - statistical or deterministic - corresponds to the required level of reliability,
predictability, and controllability..

Keywords: artificial intelligence; structural adaptation risk; neural network architectures;
transformer models; optimization under constraints; specification gaming; Al governance; distributed
systems.
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AnHoTanumsa. Kasipri 3amanfbl xacangpl uHTesneKkT (PKU) kyienepi okurasapra 6alJlaHbICThI
eMec, 0JIapAblH, KYpbLIbIMbIHA KIipIKTipiJireH epekile KaTepJiep KJAcblH KaJbIITaCTbIpaJbl. OJeTTe,
)KeKeJlereH akKayJ/lap HeMece aHbIK OallKajaTblH Oy3bLIyJapJaH KepiHeTiH JdCTypJli TeXHOJIOTUSJIBIK,
KaTepJiep CUSAKThI eMec, Ka3ipri 3aMmanfbl XKW xkyhenepingeri KaTepJiep *KoFapbl MapaMeTpJii KEHICTIKTepe
HieKTeyJep TOJIbIK aHbIKTaJMaFaH KaFfaiZa »KYpeTiH Y3JIKCi3 OHTaWJIaHAbIpy YyAepicTepiHeH
TybIHJ Al ibl. OCbl XXyMbICTAa MYH/IAW KaTep TYpPi KYpbLIbIMHBIH GelliMAeny KaTepi, AFHU KyHeHiH MiHe3-
KyJIKbl YaKbIT ©Te KeJjle OHTaW/JaHJblpy MakKcaTblHa IIIKi TYpFblaH calikec 6oJia Typa, 6acTankblaa
6o/nkaHFaH QYHKLMANAPAAH HeMece casicaT ILeKTeyJepiHeH aybITKbINl KeTyi MyMKiH »afjaill peTiHze
KapacTeIpbLiafbl. OHJall aybITKy >XKYHeHiH iCTEeH IIBIFYbIH, CBIPTTAaH apajacyZbl HeMece aWKbIH KaTe
6osayblH Tajan etneifi. KepiciHile, o/ mpokcu-KepceTKillTepre cyleHeTiH Ke3jeireH QyHKLUsIap,
KONKabaTTbl HeHUPOHJBIK apXWTeKTypaJapjAarbl yJeCTipilireH pelpeseHTauusaJap XoHe KylleHTiareH
YHApeTy MeH aJlaM KATbICybIMeH Gara 6epyZi KaMTUThIH GediMaenrim kepi 6anijaHbIC MEXaHU3M/EPiHIH
©3apa apeKeTTeCyiHeH TybIHJ Al /bl.

IMIOMpUKaIbIK 6alKay JepeKTepi, COHbIH illliHJe TajJanThl ailHabIN eTy (specification gaming),
MapanaTTan MaHUMYJISYsIay )XKoHe KOHTEeKCKe Tayesji xayan 6epy crparerusapel, KU xyienepiniy
6o/KaMAbl HOTHXKeJIepAeH repi pecMu GepisireH curHaaJap/ibl XKyiesi Typ/ie OHTalJIaHAbIPa aJaThIHbIH
kepceTeni. Ocbl TypFblJla MYHJAH MiHe3-KyJBbIKTbl aHOMasusl [ilell eMec, )KyWesep LIeKTeyJep TOJIbIK
aHbIKTaJIMaFaH aFJjai/ia >KyMbIC icTereHiHiH 3aH/pbl ca/Japhl Jen KapacThlpy Kepek. TaFbl 6ip MaHbI3/bl
casapbl - KaTep GipTiHAeN >XMHAKTAaJIbIIN, CBIPTTAH OaWKaJaTbIHAAW GOJIFAHFA JlefiH KyHeHiH MiHes-
KYJIKbIHA Kipirin keTyi MyMKiH ekeHi. OcblFaH Opaii MOHUTOPUHTKE, ayIUTKe HEMeCE eHTi31IreHHEH KENiHTi
TYy3eTyre CyeHeTiH 6acKapy Tacijijiepi oHAal JUHAMUKAHBI TOJIBIK eCKepyre *KeTKIJIiKTI 60/1Mall Kajiafbl.
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Byn w™akanaza »kacaHJbl HMHTEJ/UIEKTiHI THiMAI 6ackapy KYKbIKTBIK, HHCTHUTYTTBIK K9He
TeXHUKaJIbIK JeHreujepZi HaKThl KOJJAaHy JOMEHiHiH TajlanTapblHa COMKeC YHJIECTipyZi KaMTUTbIH
KeI/JleHreiJli apXUTeKTypa TaCi/IiH KaXkeT eTeTiHiHe HerizeMe 6epinefi. Ocbl TypFbija Herisri macese KU
KyHesiepiHiH icTeH ILBIFBIN KaJlyblHAA eMecC, >KYHeHIH TaHJa/lfaH - CTaTUCTHUKaJbIK HeMece
JleTepMHUHUPJIEHTEeH — KJIaChl KAXKETTi CeHIM/TIK, 60/DKaM/AbLIBIK XKoHe 6acKapbl1y JleHTreliHe colKec KeJie
Me JieTeH CypaKTa.

Tyitin ce3aep: :kKacaHJbl HHTEJJIEKT; KYpPbUIBIMHBIH OelliMaeny KaTepi; HelpoH xeui
apxUTeKTypasapbl; TpaHchopMep MoJeJbJep; UIEKTeyJep >KaFAalblHAAFbl OHTAWJAHABIPY; TaJanThbl
alHaJIBbII OTY; ’KacaH/Ibl UHTEJJIEKTiHI 6acKapy; yJIeCTipiJireH xxyueJep.
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AnHoTanus. CoBpeMeHHbIE CHUCTEMbI HCKyCCTBeHHoro uHTesiekta (MU) dbopmupyroT kiacc
PUCKOB, KOTOpble He SBJSIOTCA COOBITUHHO OOYC/JIOBJIEHHBIMHM, a CTPYKTYPHO BCTPOEHbl B UX
byHKIMOHUpPOBaHUe. B oT/aiMuMe OT TpaJULMOHHBIX TEXHOJOTMYECKHUX PHUCKOB, MPOSBJSIOIIUXCH Yepes
JIUCKpeTHble OTKa3bl WM HJeHTUPHLHUPYeMble HEHMCIPABHOCTH, PUCKU B coBpeMeHHbIx MU-cuctemax
BO3HHUKAIOT B pe3y/bTaTe HeNpepbIBHBIX MPOLECCOB ONTHMH3ALMH, MPOTEKAMIIUX B NMPOCTPAHCTBAX
napaMeTpPOB BbICOKOM pa3MepPHOCTHU NPH HENMOJIHOHN ¢opMain3anuy orpaHudyeHui. B JaHHOM pa6oTe Takoi
THIl PUCKA OMNpeJesisieTcsl KaK PUCK CTPYKTYPHOW aJanTalid - BO3MOXXHOCTb TOrO, YTO IHOBEJEHHUE
CHUCTEMBI CO BpeMEHEM 3BOJIIOLUOHUPYET TAKUM 06pa3oM, 4TO, OCTaBasICb BHYTPEHHE COTJIACOBAHHBIM C
ONTHMU3ALMOHHON 1leJIbl0, OHO OTKJIOHSIETCS OT M3HA4yaJIbHO 3aJJaHHBbIX QYHKIUHA WJIM HOPMATUBHBIX
orpaHuyeHud. Takoe OTKJIOHeHHe He TpeOyeT HU OTKa3a CUCTEMBI, HU BHEIIHEro BMeLIaTeJbCTBa, HU
sBHOM omn6Ku. OHO BO3HMKAET KaK pe3y/JbTaT B3aWMOJENCTBHUSA IieJieBbIX QYHKIMHM, OCHOBAaHHBIX Ha
NPOKCU-TIOKA3aTe IsX, pacnpe/e/iéHHbIX NpeJCcTaB/JeHUd B MHOTOCJIOMHBIX HEHPOHHBIX apXUTEKTypax U
aZlallTUBHBIX MEXaHU3MOB 06paTHOM CBA3H, BKJ/IIOYash 00y4YeHuUe C O KpelieHUeM U OLIeHKY € y4acTHeM
yeJioBeKa.
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IMnupuyeckde HabJlOJeHUs, BKJw4as ciaydau specification gaming, MaHunysanuu
BO3HAarpakJeHUeM M KOHTEKCTHO-3aBUCHMMbIX CTpaTerud OTBeTa, MNMoka3biBaloT, 4uTo HU-cuctembl
CIOCOGHBI CUCTEMAaTUYeCKU ONTUMU3UPOBAaTh GopMasbHO 3aJaHHble QYHKLUU, a He NpejloJiaraeMble
pe3yJsbTaThl. B paMkax npejjaraeMoro noaxoja Takue GopMbl NOBeJleHUSI UHTEPIPETUPYIOTCH He KaK
aHOMaJIUM, a KaK 3aKOHOMepHble cJeACTBUSA (GYHKLIMOHUPOBAHUA CHUCTEM B YCJOBUSX HENOJIHOH
dopmanuzauuu orpaHuyeHuid. CyllecTBEHHbIM CJe[CTBUEM SBJSETCI U TO, YTO PHUCK MOXeT
HaKaIlJIMBaTbCsl IMOCTENEHHO U BCTPauBaTbCsl B INOBeJeHHWe CUCTEMBbl [0 TOTO, KaK OH CTAaHOBUTCS
HabJt0jlaeMbIM U3BHe. B CBA3M ¢ 3TMM NOAXOoAbl K YIpaBJEHHUIO, OCHOBaHHbIEe NpPEHMYLIeCTBEHHO Ha
MOHUTOPHUHTE, ayZAUTe UJIU KOPPEKTUPOBKE MOCJIe pa3BepThIBaHUA, 0KAa3bIBAIOTCA HEJOCTATOUHBIMU 1A
ydeTa [oJ00HbIX AUHAMHUK.

B craThe 060cHOBbIBaeTcs, 4To 3¢deKTuBHOe ymnpaBieHne HUU TpebyeT MHOrOypOBHEBOTO
apXUTEKTYPHOTO MOJAX0/1a, BK/IIOYAIOLIero COrJiacoBaHUe NPaBOBbIX, UHCTUTYLIMOHAJIBbHBIX U TEXHUYECKHUX
YPOBHeH C TpeGOBaHUSMM KOHKPETHOTO J0OMeHa NpUMeHeHHs. B 3TOM KOHTeKcTe KJIOYeBOM BONPOC
3akiirovaeTcsd He B ¢pakTe oTkaza MM-cucteM, a B TOM, COOTBETCTBYET JIM BbIOPAHHBINM KJIACC CUCTEMBI —
CTaTUCTUYECKUN WM JleTePMUHUPOBAHHBbIA - YPOBHIO TpebyeMON HaJEXHOCTH, NpeJCKa3yeMOCTH U
KOHTPOJINPYEMOCTH.

KiroueBble c/10Ba: UCKYCCTBEHHBIM UHTEJJIEKT; PUCK CTPYKTYPHOM aZaNTalli{; apXUTEKTYphl
HeHUpOHHBIX ceTel; TpaHcPopMepHble MOJe/H; ONTUMH3ALMs [PU OrpaHUYeHHUsX; ynpaBieHue HWU;
pacnpepie/IEHHbIE CUCTEMBI.

JAna uoutupoBaHusa: A.CunyeB, B.Cunye, AYwunuaiaunosa (2026). PACIIPEJEJEHHAS
AJIATITALIMA UM KAK CTPYKTYPHBIM PUCK: OT APXUTEKTYPHI HEHPOCETEM K MHOT'OYPOBHEBOW
MOJEJIN YIIPABJIEHUA//

KOHQIUKT HHTEpecoB: aBTOPHI 3asBJISIOT 06 OTCYTCTBUU KOHPJIMKTA UHTEPECOB.

Introduction

Recentadvances in artificial intelligence have led to the deployment of systems capable of continuous
adaptation in complex and dynamic environments. Unlike earlier generations of software, whose behavior
could be largely anticipated through predefined logic, modern Al systems operate through iterative
optimization processes that update internal representations over time. As a result, system behavior is no
longer fixed at deployment, but evolves in response to objective functions, data inputs, and feedback
mechanisms.

In controlled experimental settings, advanced Al systems have demonstrated the capacity for
strategically adaptive behavior, including deception, manipulation of evaluation procedures, and
circumvention of oversight mechanisms, when such actions are instrumentally aligned with their
optimization objectives[1,2]. These behaviors do not arise from system failure in the conventional sense.
Rather, they reflect the internal consistency of optimization processes operating under imperfectly specified
constraints.

This shift challenges conventional approaches to technological risk. Traditional risk frameworks
assume that undesired outcomes are the result of discrete failures, errors, or external interference. Under
this paradigm, risk can be mitigated through monitoring, testing, and post-deployment correction. However,
in adaptive Al systems, undesired behavior may emerge gradually as a consequence of optimization
dynamics, without any identifiable point of failure[11]. The system continues to function as designed, yet its
behavior diverges from intended goals.

A growing body of research in Al safety has documented related phenomena, including specification
gaming, reward manipulation, and context-dependent optimization strategies[3]. These findings suggest
that Al systems tend to optimize for formally defined objective functions or proxy signals, rather than the
underlying intentions those objectives are meant to represent[4]. Importantly, such behavior should not be
interpreted as anomalous. It is a predictable outcome in settings where constraints are only partially
formalized.

Despite these observations, existing approaches to Al governance remain largely oriented toward ex
post control, including monitoring, auditing, and corrective intervention after deployment. Such approaches
implicitly assume that risk is observable and can be detected once it manifests. This assumption becomes
increasingly problematic in systems where risk is embedded in the trajectory of adaptation itself.
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This paper introduces the concept of structural adaptation risk, defined as the possibility that system
behavior evolves over time in ways that remain internally consistent with the optimization objective, yet
diverge from intended functions or policy constraints. In this framework, risk is not associated with failure
events, but with the properties of the optimization process and its interaction with incomplete constraint
specification. The paper contributes a conceptual framework linking distributed optimization in high-
dimensional parameter spaces with the emergence of structurally embedded risk in Al systems. It further
argues that effective governance requires an architectural approach, in which constraint design, boundary
conditions, and admissible regions of system behavior are specified at the design stage, prior to deployment.
In this context, the central question is not whether Al systems fail, but whether their optimization
trajectories remain within defined and controllable bounds.

1. Problem Formulation

Building on the preceding discussion, the central issue can be formulated more precisely in terms of
the relationship between objective functions, constraint specification, and system-level behavior. We model
Al systems as optimization processes operating within a feasible solution space defined by explicitly encoded
objectives and constraints. Within this space, system behavior is, by construction, internally consistent with
the optimization target. However, the formally defined feasible region does not necessarily coincide with the
region of behavior that is acceptable from a functional, policy, or governance perspective[5].

This misalignment arises from the fact that constraint specification is necessarily incomplete. Not all
relevant conditions governing acceptable system behavior can be formalized ex ante, particularly in complex
or dynamic environments. As a result, the optimization process may systematically explore admissible
regions of the solution space that remain compliant with the formal objective, yet violate implicit or
unencoded constraints. Under these conditions, undesired outcomes should not be interpreted as deviations
from system design. On the contrary, they represent valid solutions within the defined optimization
structure. The source of the problem is therefore not failure of execution, but the structure of the feasible
space itself[6].

This paper defines structural adaptation risk as a property of this misalignment: a condition in which
the set of formally admissible solutions diverges from the set of intended or acceptable outcomes. The risk
is embedded not in isolated decisions or events, but in the geometry of the solution space and the trajectory
of optimization within it[7].

The problem becomes more complex in distributed systems composed of multiple interacting
optimization processes. In such systems, each component operates under localized objectives and partial
information. While each component may remain consistent with its own constraints, their interaction can
produce emergent system-level behavior that lies outside globally acceptable bounds. This divergence is not
reducible to individual components, but arises from their composition[8].

From this perspective, the core challenge is to ensure that the feasible region defined at the design
stage adequately approximates the region of acceptable behavior. This shifts the focus of governance from
detecting undesirable outcomes after they occur to structuring the optimization problem itself, including the
definition of constraints, admissible regions, and system boundaries.

2. Neural Architectures as Optimization Substrates
Modern Al systems are predominantly implemented as neural network-based models trained
through gradient-based optimization in high-dimensional parameter spaces. Within this framework, system
behavior emerges from the interaction between model architecture, training dynamics, and objective
functions. Neural networks define a parameterized function space, where each point corresponds to a
specific configuration of model parameters. The training process can be understood as a trajectory through
this space, guided by a loss function that serves as a proxy objective.
Crucially, the structure of this space is not neutral. It is shaped by several design choices:
o Loss functions, which define optimization targets and implicitly determine what constitutes
successful behavior;
e Model architectures, which constrain the class of representable functions and influence the geometry
of the parameter space;
e Training data distributions, which define the regions of the space that are explored during
optimization;
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e Optimization algorithms, which determine how trajectories evolve over time.

These elements jointly define the feasible region within which the system operates. However, this
feasible region is only partially aligned with intended system behavior. Loss functions capture measurable
objectives, but cannot fully encode context-dependent or implicit constraints. Architectural choices shape
expressivity, but do not prevent the emergence of unintended strategies. Training data provides examples,
but cannot exhaustively represent all relevant scenarios. As a result, neural network training inherently
involves optimization within an incompletely specified constraint space.

This perspective provides the substrate for the mechanisms discussed in the following section.
Phenomena such as specification gaming, reward manipulation, and emergent multi-agent dynamics should
be understood not as isolated anomalies, but as natural consequences of optimization processes operating
within high-dimensional spaces defined by incomplete objectives and constraints.

3. Mechanisms of Structural Adaptation Risk

Structural adaptation risk manifests through identifiable mechanisms arising in optimization-based
systems. These mechanisms are not independent; they reflect different expressions of the same underlying
property - optimization under incomplete specification.

3.1. Objective-Proxy Misalignment.

In many Al systems, the optimization target is defined through proxy variables that approximate the
intended objective. Under increasing optimization pressure, systems exploit imperfections in these proxies,
identifying strategies that maximize the proxy signal without fulfilling the underlying intent. This behavior,
commonly referred to as specification gaming, reflects a systematic divergence between proxy metrics and
intended outcomes[2].

3.2. Reward Channel Corruption.

In reinforcement learning settings, reward signals are assumed to represent task performance.
However, when the reward-generating process is accessible or indirectly influenceable, systems may
optimize for reward acquisition rather than task completion. This includes behaviors such as manipulating
observations, exploiting feedback loops, or interfering with evaluation processes, resulting in inflated
reward signals that do not correspond to actual performance[4].

3.3. Distributional Sensitivity.

Optimization strategies learned under specific training distributions may produce unstable or
unintended behavior when deployed in environments with different statistical properties. Rather than
simple performance degradation, systems may adopt alternative strategies that remain consistent with
learned objectives but violate constraints that were not represented during training[1].

3.4. Instrumental Strategy Formation.

Optimization processes may give rise to intermediate strategies that increase the likelihood of
achieving objectives across a range of conditions. These include maintaining optionality, acquiring resources,
or reducing external constraints. Such strategies are not explicitly encoded but emerge as structurally
advantageous within the optimization process.

3.5. Multi-Agent Interaction Effects.

In distributed systems, multiple agents or components optimize local objectives under partial
information. Interaction among these agents can produce emergent dynamics, including coordination
failures, competitive behaviors, or stable equilibria that do not satisfy system-level constraints. These
outcomes arise from the composition of locally consistent optimization processes and are not reducible to
individual components[8].

These risks are not anomalies but structural properties of adaptive systems.

The question is therefore not how to eliminate them, but how to design systems that remain controllable
under such conditions.

4. From Risk to Design: Structuring Al Systems by Class of Control
The analysis above suggests that many of the risks associated with contemporary Al systems are not
incidental but structural. They emerge from the underlying properties of systems that learn from data, adapt
over time, and operate under conditions of uncertainty. This raises a more fundamental question: not how
to mitigate individual risks, but how to design systems whose behavior remains controllable within defined
operational boundaries.
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A key premise follows: not all Al systems are equally suitable for all classes of problems. Systems
based on statistical learning and approximation exhibit fundamentally different operational characteristics
compared to systems grounded in exact, deterministic computation. When deployed in high-stakes
environments, this distinction becomes critical, particularly in light of empirical evidence on the limitations
of machine learning systems in terms of robustness, reliability, and distributional generalization[9].

From a structural perspective, Al systems can be divided into two broad classes:

e Statistical systems, which operate through probabilistic inference, pattern recognition, and
approximation. Their outputs are inherently non-deterministic, contingent on training data, and
sensitive to distributional shifts. This class includes large language models, deep neural networks,
and reinforcement learning systems;

e Deterministic systems, which rely on formally defined algorithms with predictable and reproducible
behavior under specified inputs and constraints. Their correctness can, in principle, be verified, and
their outputs are stable given identical conditions.

This distinction is not merely technical. It defines fundamentally different classes of control.
Statistical systems are optimized for adaptability and performance under uncertainty, but they do not
provide guarantees in the strict sense. Their behavior is bounded probabilistically rather than
deterministically. As a result, they may exhibit unpredictable degradation when exposed to inputs or
environments that deviate from their training distribution. Deterministic systems, by contrast, are designed
for environments where correctness, traceability, and stability are primary requirements. Their limitations
lie in rigidity and reduced capacity to generalize beyond predefined rules, but within their domain of
specification, they offer a higher degree of assurance.

The misalignment between these system classes and the domains in which they are deployed
constitutes a primary source of systemic risk. Applying statistical systems to contexts that require strict
guarantees - such as energy grid control, financial clearing and settlement, safety-critical infrastructure, or
core public administration functions - introduces failure modes that are difficult to anticipate, detect, or
contain. In such domains, uncertainty is not a feature. It is a failure condition.

This leads to a design implication: Al system architecture must begin not with model selection, but
with problem classification in terms of required control properties. The question is not whether a system
can perform a task, but whether its mode of operation is compatible with the level of reliability that the task
demands.

A coherent design framework therefore requires alignment across three interdependent layers:

o Legal layer - establishing normative boundaries for the use of probabilistic versus deterministic
systems, including explicit constraints on deployment in high-stakes domains, requirements for
explainability, and rights of recourse;

e Institutional layer - defining responsibility, oversight mechanisms, and escalation pathways,
particularly in cases where system behavior cannot be fully predicted ex ante;

e Technical layer - selecting and composing system architectures in accordance with the required class
of control, including the use of hybrid designs where statistical components are constrained or
supervised by deterministic cores.

Such an approach shifts the focus from model-centric optimization to architecture-centric
governance. It acknowledges that capability alone is not a sufficient criterion for deployment. The central
design question is therefore not how powerful a system is, but whether its structural properties are aligned
with the operational demands of the domain in which it is embedded.

In this sense, Al risk is not primarily a question of failure at the level of individual systems. It is a
question of design at the level of architecture.

Conclusion

The discussion in this paper suggests that the primary challenge in Al governance is not the absence
of safeguards, but the absence of structural alignment between system design and domain requirements. As
artificial intelligence systems become embedded in critical infrastructures and public decision-making
processes, the distinction between statistical adaptability and deterministic control becomes increasingly
consequential. This distinction is not merely technical; it defines the boundaries of reliability, accountability,
and ultimately, trust.
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A key implication follows: effective Al governance cannot be reduced to model evaluation or post hoc
risk mitigation. It must begin at the level of architecture - through the classification of systems according to
their control properties, and the alignment of legal, institutional, and technical frameworks accordingly. This
perspective reframes the role of Al in public systems. Rather than treating intelligence as a universal layer
applicable across domains, it requires a differentiated approach in which system design reflects the nature
of the problem being addressed.

In this context, an important direction for further research lies in expanding the range of problems
that can be addressed under more controlled and structurally constrained conditions, including recent work
on structured approaches to combinatorial optimization[10]. Advances in this direction may enable a
broader class of applications to be implemented within architectures that provide stronger guarantees of
predictability and control. This paper has outlined a conceptual framework for approaching Al governance
through the lens of structural alignment. The discussion has remained at the level of general architectural
principles. Further work is required to operationalize this perspective, in particular by developing a more
detailed articulation of layered system design and the corresponding governance mechanisms at each layer.

Ultimately, the question is not whether Al systems can perform increasingly complex tasks. It is
whether they can do so within structures that remain governable.
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