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Abstract

In recent years, GPU-accelerated inference supporting generative workloads has begun to
destabilize the operational assumptions that underpinned cloud-native software systems.
Engineers who once reasoned about reliability, capacity, and performance through statelessness,
horizontal scalability, and elastic compute increasingly confront stateful, hardware-constrained
workloads shaped by finite accelerator capacity and tightly coupled execution domains. This
study examines how these structural conditions reorganize the operational mental models

through which distributed production systems are regulated.

The study treats operational mental models as cognitive infrastructure within socio-
technical control loops. Inherited cloud-native abstractions structure how practitioners interpret
telemetry, coordinate action, and select interventions. Under sustained accelerator constraint,
these abstractions increasingly diverge from system dynamics. This divergence is conceptualized
as cognitive debt: a form of model—constraint misalignment that produces recurring patterns of

intervention mismatch, metric misinterpretation, and cross-role coordination friction.

Drawing on literature analysis, qualitative coding of technical artifacts, and reflexive
practitioner observation, the study identifies a coordinated reorganization of operational
reasoning. A recurring condition of operational double vision emerges, in which practitioners
alternate between elasticity-oriented microservice logic and a constraint-oriented regulatory
frame termed Al-factory cognition. Within this emerging frame, concepts such as model
residency, execution-domain coupling, goodput, and cost-per-token become central to system

regulation.



The findings suggest that GPU-accelerated inference does not merely extend cloud-native
infrastructure but reconfigures the control logic through which distributed systems are governed.
By articulating cognitive debt as model—constraint divergence and identifying mechanisms of
regulatory realignment, this study contributes a conceptual framework for understanding how
operational control structures reorganize under sustained hardware constraint in contemporary

Al-driven production environments.
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Chapter 1 - Introduction

1.1 Context and Motivation

In recent years, the operational landscape of internet software systems has shifted,
particularly for engineers responsible for cloud-native production environments. This shift is
closely associated with the growing centrality of generative, inference-driven workloads.
Whereas earlier large-scale systems were dominated by retrieval-oriented interactions—search,
ranking, static classification—contemporary applications increasingly rely on continuous
machine learning model execution to generate responses in real time. As GPU-accelerated
inference becomes embedded in core production paths, it introduces operational constraints that

differ from those assumed in traditional cloud-native architectures.

Cloud-native operations evolved around a set of assumptions about control and scale.
Systems were decomposed into loosely coupled, stateless services; compute was treated as
elastically provisioned; and reliability was achieved through redundancy and rapid replacement.
Over time, these assumptions became embedded in shared operational mental models that
structured how engineers interpreted telemetry, reasoned about failure, and selected

interventions.

GPU-accelerated inference introduces a different configuration of constraints. Generative
workloads require sustained model residency in device memory, sensitivity to accelerator
topology, and high utilization targets tied to economic efficiency. Empirical studies document
accelerator contention and scheduling complexity in large-scale GPU clusters (Ye et al., 2024;

Kokolis et al., 2024). In practice, availability is further shaped by hardware procurement lead



times and regionally bounded capacity. Under such conditions, abstractions such as
interchangeable instances and on-demand elastic provisioning no longer consistently align with

system behavior.

Industry reporting reflects the scale of this transition. NVIDIA (2024) and Gartner (2024)
describe rapid expansion in generative inference deployment and increasing demand for
accelerator resources. Systems research on LLM serving similarly frames inference as a
throughput-dominant production workload (Narayanan et al., 2021; Zhou et al., 2024).
Collectively, these trends indicate that GPU-accelerated inference is becoming a primary

operational workload rather than a peripheral specialty.

For practitioners operating GPU clusters and distributed serving systems, this
development alters how scaling, reliability, and performance are conceptualized. Interventions
that once relied on horizontal expansion or restart-based recovery must now account for these
constraints. Hardware scarcity, economic targets, and organizational coordination increasingly

interact within the same operational frame.

This chapter introduces the cognitive dimension of this transition. It argues that as
inference becomes central to production systems, inherited operational mental models no longer
fully regulate system behavior. The resulting misalignment—developed in subsequent sections

as cognitive debt—provides the foundation for the analysis that follows.

1.2 Problem Background

Cloud-native operations emerged as a response to unreliable commodity hardware,

unpredictable demand, and the need for continuous deployment. Technologies such as Docker



and Kubernetes abstracted physical infrastructure into programmable resources, enabling
engineers to reason about services rather than machines. Over time, these abstractions stabilized
into a coherent control logic: resilience through disposability, scalability through replication, and
recovery through automated restart. These practices became embedded in shared operational
mental models that shaped how telemetry was interpreted and which interventions were

considered appropriate.

GPU-accelerated inference introduces structural constraints that challenge these
assumptions. Accelerator capacity is finite, execution is often tightly coupled across devices, and
expansion is limited by hardware availability rather than on-demand provisioning. Under these
conditions, abstractions such as interchangeable instances and elastic scaling no longer

consistently align with system behavior.

These tensions appear across several operational dimensions. Scheduling and resource
allocation must account for topology and coupling rather than treating compute as uniformly
fungible. Observability practices must extend beyond service-level metrics, as systems may
remain within latency and error bounds while underlying accelerator efficiency degrades.
Reliability similarly expands beyond availability, as systems can remain reachable while

operating with reduced utilization or elevated cost-per-token.

These shifts also affect organizational coordination. Performance outcomes increasingly
depend on interactions among model design, scheduler placement, hardware topology, and
economic constraints, reducing the clarity of traditional boundaries between application,

platform, and infrastructure roles.



These conditions suggest that GPU-accelerated inference reshapes not only system
architecture but the regulatory assumptions through which distributed systems are governed. As
inherited cloud-native abstractions persist under accelerator-bound conditions, misalignment
accumulates. This misalignment forms the basis for the construct developed in this study as

cognitive debt.

1.3 The Cognitive Shift: Competing Operational Control Logics

The central argument of this work is that GPU-driven inference introduces a competing
operational control logic that destabilizes assumptions embedded in cloud-native practice. As
inference workloads move into core production paths, engineers increasingly operate within two
partially incompatible mental models: elasticity-oriented microservice reasoning and what this
study terms Al-factory cognition. These operational mental models function as cognitive control
structures, shaping how feedback is interpreted, how reliability is defined, and which

interventions appear rational.

1.3.1 Microservice Thinking as a Regulatory Logic

Microservice thinking emerged alongside DevOps and cloud-native tooling as a way to
manage uncertainty in large-scale distributed systems. Systems were decomposed into loosely
coupled services that could be independently deployed and replaced, allowing operators to

stabilize behavior through flexible, localized interventions.

Within this approach, reliability is achieved through redundancy and rapid replacement.

Compute is treated as elastic, and services are designed to be interchangeable. When



performance degrades, the typical response is to scale out or restart components, with the

expectation that the system will quickly return to a stable state.

This model has proven highly effective for many production systems, particularly those
built around stateless, request-driven workloads. Its effectiveness, however, depends on
underlying assumptions about resource availability, independence of components, and the low

cost of intervention.

1.3.2 Al-Factory Cognition as an Alternative Control Regime

GPU-accelerated inference operates under a different set of constraints than traditional
cloud-native systems. Rather than a collection of interchangeable services, the system more
closely resembles a constrained production process shaped by limited hardware capacity and

tightly coordinated execution.

Within accelerator-bound systems, scaling is not always available on demand, and
common interventions such as restarting components can disrupt system performance rather than
stabilize it. Consequently, familiar signals and responses do not always carry the same meaning.
A system may appear available while operating inefficiently, with performance shaped by

coordination and resource use rather than capacity alone.

In this context, stability is less about redundancy and rapid replacement and more about
maintaining consistent, efficient operation within fixed limits. The focus shifts from managing

individual services to managing end-to-end system behavior under constraint.



1.3.3 Contrasting Regulatory Assumptions

These two mental models encode fundamentally different control assumptions.

Table 1-1. Dimensions of Regulatory Assumptions - Microservices vs. Al-Factory

Dimension Microservice Thinking Al-Factory Cognition
Base unit of regulation Independent service or pod End-to-end inference pipeline
Failure philosophy Failure is expected; restart and  Failure disrupts continuous flow;
retry prevent and contain
Resource model Elastic, abstract, infinite Scarce, hardware-constrained,

cost-sensitive

Metric of success Uptime, latency, deployment  Utilization, cost-per-token, time to
velocity first token, goodput
Cultural structure DevOps led autonomy Interdisciplinary, pipeline-oriented
collaboration
Operational metaphor “Cloud as fabric” “Factory as line”

Table 1.1 summarizes key differences between elasticity-oriented and constraint-oriented
control logic. It highlights how assumptions about capacity, intervention, and reliability shift
under accelerator-bound conditions. These distinctions provide a conceptual frame for the

analysis, with their empirical grounding developed in later chapters.

1.3.4 Conceptual Framing: Constraint and Cognitive Debt



The preceding discussion suggests that these conditions alter how distributed systems are
interpreted and governed. Two concepts provide an initial orientation for examining this shift:

structural constraint and cognitive debt.

Accelerator-bound inference environments operate under structural constraint. In
elasticity-oriented systems, compute is treated as provisionable on demand, supporting flexible
interventions such as scaling and restart. In contrast, GPU-accelerated inference is shaped by
finite capacity, coupled execution, and utilization-sensitive economics, limiting the range of

effective interventions and changing how stability is maintained.

This shift introduces the potential for cognitive debt. Cognitive debt refers to the
accumulated misalignment between inherited operational mental models and the structural
dynamics they are used to regulate. Whereas technical debt concerns deferred changes to
systems, cognitive debt reflects the persistence of assumptions that no longer adequately

represent system behavior as conditions evolve.



Figure 1.1. Socio-Technical Control Reorganization Under Accelerator Constraint
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Figure 1 provides a conceptual model that orients the analysis. It illustrates how structural
constraint shapes the intervention space, while interpretive mental models influence how system
state is understood and acted upon. When inherited assumptions persist under changing
conditions, divergence between model and system may emerge, prompting subsequent

realignment of interpretation and action.

These distinctions provide the conceptual foundation for examining how operational
reasoning changes under constraint. They guide the analysis that follows, while their meaning is

further developed through the empirical findings presented in later chapters.

1.4 Research Purpose and Significance

The purpose of this study is to develop an emergent theory explaining how accelerator
constraints reorganize the operational mental models engineers use to regulate distributed
production systems. Rather than proposing new serving architectures or optimization techniques,
the study examines how practitioners interpret feedback, define reliability, and select
interventions when GPU-accelerated inference introduces structural conditions that no longer
align with inherited cloud-native assumptions. The focus is therefore not only on technical
change, but on the operational consequences of a shift from elasticity-oriented service

environments to accelerator-constrained production systems.

This problem matters because operational instability in inference environments does not
arise solely from tooling gaps or implementation defects. It can also arise when engineers
continue to interpret system behavior through assumptions developed for fungible, loosely
coupled, and rapidly replaceable service architectures. Under sustained accelerator constraint,

those assumptions may become unreliable guides for diagnosis and intervention. As a result,



misalignment can emerge between the control logic practitioners use and the structural realities

of the systems they are attempting to govern.

This study examines that misalignment through the concept of cognitive debt, defined
here as the divergence between inherited operational mental models and evolving system
dynamics. The significance of the study lies in making this emerging problem visible. As
inference becomes more central to production, understanding how structural constraint reshapes
operational reasoning becomes important for explaining changes in reliability practice,

observability priorities, intervention logic, and cross-role coordination.

1.4.1 Theoretical Significance

The problem is theoretically significant because it sits at the intersection of distributed
systems, socio-technical regulation, and interpretive control. Engineers do not merely observe
production systems from outside them; they participate in the feedback loop through the
interpretations that guide intervention. When the structural conditions of infrastructure shift, the
mental models through which practitioners define stability, identify disturbance, and justify
action may also need to shift. Examining that process extends inquiry into how complex systems

are governed under changing material constraints.

1.4.2 Practical Significance

The problem is practically significant because organizations operating GPU-accelerated
inference at scale must regulate systems whose performance, cost, and reliability are increasingly
shaped by scarce accelerators, coupled execution, and utilization-sensitive economics. In such

environments, inherited assumptions about scale-out, restart safety, and resource fungibility may

10



no longer provide adequate guidance. Understanding where these assumptions lose fit is
important for interpreting telemetry correctly, selecting appropriate interventions, and

coordinating across infrastructure, platform, and model-serving roles.

1.4.3 Methodological Significance

The problem is also methodologically significant because many consequential aspects of
inference operations are not fully visible through technical metrics alone. Tacit reasoning,
interpretive habits, and evolving operational heuristics are often central to how engineers manage
instability, yet these are difficult to capture through purely technical or performance-centered
analysis. A practice-centered, grounded, and reflexive approach is therefore well suited to

examining how operational reasoning changes as a new infrastructure regime emerges.

Taken together, these considerations establish the significance of the research problem: as
GPU-accelerated inference reshapes the structural conditions of production systems,
understanding how operational reasoning adapts becomes important for both the study and
practice of distributed systems governance. The next chapter turns from the importance of the

problem to the specific gaps in existing literature that this study addresses.

1.5 Research Question and Sub-Questions

The central research question guiding this study is:

How do GPU-accelerated inference workloads destabilize and transform the
operational mental models engineers rely on to regulate reliability, capacity, and

performance in distributed production systems?

11



To refine this inquiry, three sub-questions focus the analysis:

(SQ1) What recurring shifts in regulatory reasoning emerge as engineers move from

elasticity-oriented microservice logics toward accelerator-bound inference environments?

(SQ2) How do metaphors and shared abstractions function as cognitive tools for

constructing and stabilizing new operational control models?

(SQ3) Where does cognitive debt—misalignment between inherited assumptions and
system realities—become visible across engineering roles as inference workloads converge with

DevOps practices?

These questions are exploratory and generative. Using grounded theory informed by
reflexive practitioner observation and socio-technical analysis, the study identifies recurring
shifts in operational reasoning and develops provisional explanatory relationships. The aim is not
to prescribe technical solutions, but to articulate how cognitive control structures reorganize

under constraint and to generate hypotheses for further empirical investigation.

1.6 Conceptual Framing, Scope, and Research Position

This study examines governance of GPU-accelerated inference systems operating within
cloud-native orchestration environments. The unit of analysis is the socio-technical layer through

which engineers interpret telemetry, diagnose system behavior, and select interventions.

The argument developed in this study applies most strongly to environments operating
under sustained accelerator constraint. In contexts where compute remains abundant and loosely

coupled, elasticity-oriented abstractions may continue to function effectively. The reorganization

12



examined here therefore emerges under specific structural conditions—finite accelerator
capacity, tightly coupled execution, and utilization-sensitive economics—rather than being

intrinsic to machine-learning workloads themselves.

The analysis draws on technical literature, operational artifacts, and practitioner
observation within GPU inference environments. The aim is theoretical transferability rather than
statistical generalization: the study develops conceptual explanations that may illuminate similar

dynamics in other accelerator-constrained systems.

As an embedded practitioner, the researcher occupies a dual role as both participant and
observer. This position provides direct access to operational reasoning while also requiring
reflexive interpretation. Practitioner experience is therefore treated as empirical material subject

to systematic analysis rather than as authoritative explanation.

This chapter has introduced the central conceptual framing of the study: GPU-accelerated
inference reorganizes the cognitive control structures through which distributed systems are
governed. As elasticity-oriented assumptions encounter sustained hardware constraint, regulatory
realignment becomes necessary. When inherited mental models lag behind changing conditions,
cognitive debt emerges as a form of model—constraint divergence within the operational control

loop.

The remainder of the thesis develops this argument. Chapter 2 situates the study within
existing research and identifies relevant gaps. Chapter 3 outlines the methodological approach.
Chapter 4 presents empirical patterns of operational reasoning, and Chapter 5 synthesizes these

findings into provisional theoretical propositions.

13
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Chapter 2 - Literature Review

2.1 Overview

Recent systems research has examined the operational challenges associated with GPU-
accelerated inference in cloud-native environments. A substantial body of work addresses
optimization problems in GPU scheduling, batching strategies, memory management, and
topology-aware workload placement (Zhou et al., 2024). These studies typically conceptualize
inference as a resource allocation and performance optimization problem, emphasizing improved

utilization and latency control under hardware constraint.

Additional work on large-scale ML clusters and accelerator management highlights
contention dynamics, scheduling complexity, and execution-domain coupling in multi-GPU
environments. Collectively, this literature advances architectural and algorithmic techniques for

operating inference workloads efficiently at scale.

However, comparatively little attention has been paid to how these structural constraints
reshape operational reasoning. While prior research documents technical adaptations to
accelerator-bound execution, it rarely examines how practitioners reinterpret feedback,
recalibrate intervention strategies, or reorganize control assumptions in response to constraint-
dense production environments. This gap motivates the present study’s focus on operational

mental models as cognitive infrastructure within GPU-accelerated inference systems.

2.2 GPU-accelerated inference in cloud-native environments

15



Recent systems research on GPU-accelerated inference in cloud-native environments
tends to follow two broad strands. One line of work treats inference as a mechanism for
enhancing platform control, embedding GPU-aware simulation or reinforcement learning within
orchestration frameworks to improve autoscaling and resource allocation (e.g., Zhang et al.,

2025). In this framing, inference functions as an augmentation to existing elastic control systems.

A second strand focuses directly on the deployment and optimization of inference
workloads, addressing GPU scheduling, batching strategies, memory management, model
parallelism, and topology-aware placement (Zhou et al., 2024). Related efforts incorporate
accelerator management into cloud-native control planes through vendor-provided operators and
tooling (Oliveira, 2025). These studies emphasize performance optimization and resource

efficiency within large-scale GPU environments.

Across both strands, inference is primarily conceptualized as a technical optimization
problem—how to schedule, allocate, and scale workloads efficiently. While this literature
advances architectural and algorithmic techniques, it pays comparatively less attention to how
accelerator constraints reshape operational reasoning, feedback interpretation, and intervention
logic in production settings. Empirical accounts of how practitioners reorganize control
assumptions under scarcity and coupling remain limited, motivating the present study’s focus on

operational mental models as regulatory infrastructure within accelerator-bound systems.

Recent systems research on large language model serving highlights how inference
workloads introduce operational characteristics that diverge from conventional microservice
environments. Work on distributed inference architectures demonstrates that throughput

efficiency depends heavily on batching dynamics, KV-cache behavior, and scheduling decisions

16



across GPU clusters (Narayanan et al., 2021; Kwon et al., 2023). Serving frameworks such as
Orca and vLLM show that request scheduling and memory management policies can
significantly influence latency and throughput tradeoffs in transformer inference pipelines
(Kwon et al., 2023). These findings reinforce the view that inference systems operate under
structural constraints—such as memory residency, batch coherence, and accelerator coupling—
that are not fully captured by elasticity-oriented autoscaling models commonly used in cloud-

native microservice architectures.

Industry discourse increasingly frames GPU-accelerated inference infrastructure as an
“Al factory,” emphasizing throughput and lifecycle integration rather than general-purpose
elasticity (NVIDIA, 2024). In this framing, the core output of the system is not merely
availability but productive inference—intelligence measured through token throughput and
efficiency across the Al lifecycle. This study adopts the Al-factory concept as a cognitive and
operational metaphor to analyze how reliability regulation changes when inference becomes the

central production activity.

2.3 Observability and reliability of GPU workloads

The evolution from service-level monitoring toward full-stack observability is
particularly visible in GPU-accelerated inference systems. Recent work extends instrumentation
into accelerator-level execution, including eBPF-based tracing within GPU kernels to capture
fine-grained performance signals such as memory contention and synchronization behavior
(Yang et al., 2025). These efforts reflect broader attempts to surface device- and fabric-level

dynamics that are not visible through traditional cloud-native metrics.

17



Recent industry analyses suggest that the broader cloud-native ecosystem is actively
adapting observability practices in response to Al-driven infrastructure demands. Observability
trends reported by the Cloud Native Computing Foundation indicate growing emphasis on
workload-specific telemetry, infrastructure-level instrumentation, and cost-aware monitoring as
organizations deploy large-scale Al and GPU workloads in production environments. These
shifts reflect recognition that traditional service-level monitoring—focused primarily on latency,
error rates, and uptime—is insufficient for managing accelerator-bound systems whose
performance depends on utilization efficiency, resource contention, and hardware-level behavior.
As Al workloads become integrated with cloud-native platforms, observability is evolving from
application-centric monitoring toward multi-layer visibility that incorporates hardware metrics,
economic efficiency signals, and workload-specific performance indicators (Barroso et al., 2018;
Suthar, 2025). This ecosystem shift reinforces the argument that observability itself is becoming

a regulatory interface through which engineers reinterpret system health under constraint.

Cloud providers similarly report the need for GPU-aware dashboards and inference-
specific alerts that track utilization, memory pressure, queue depth, and model-level latency in
production environments (Feng, 2024). Industry analyses emphasize cost- and utilization-
sensitive observability as increasingly important in accelerator-centric systems (Barroso et al.,

2018; Suthar, 2025).

While this literature advances instrumentation and telemetry, it remains primarily
technology-centric. The focus is on improving visibility into accelerator behavior rather than
examining how such signals reshape operational reasoning or intervention strategies. The
implications of these observability shifts for socio-technical regulation remain comparatively

underexplored.
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2.3.1 Resilience engineering and adaptive capacity

Resilience engineering provides an additional perspective on operational regulation in
complex systems. Rather than defining reliability solely as failure avoidance, resilience
engineering emphasizes the capacity of socio-technical systems to adapt to changing conditions

and sustain functioning under disturbance (Hollnagel, Woods, & Leveson, 2006).

From this perspective, stability emerges from adaptive adjustments made by practitioners
in response to evolving constraints. Operational teams continuously reconcile trade-offs among
competing objectives such as efficiency, throughput, and safety (Hollnagel, 2012). Failures
frequently arise not from isolated technical defects but from mismatches between system

dynamics and the assumptions guiding operational control.

Research on high-reliability organizations similarly emphasizes the importance of
ongoing adjustment and collective interpretation in maintaining system stability (Weick &
Sutcliffe, 2007). In such environments, operators routinely revise their understanding of system

behavior as conditions change.

This perspective aligns closely with the phenomenon examined in the present study.
When infrastructure constraints shift—such as the introduction of accelerator scarcity and
execution-domain coupling—existing control assumptions may lose validity. The resulting
divergence between operational models and system dynamics can be understood as a form of

adaptive lag within the socio-technical control loop.

2.4 Convergence of HPC scheduling and DevOps orchestration
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Several research efforts explore hybrid approaches that integrate cloud-native
orchestration with high-performance computing (HPC) schedulers. High-Performance
Kubernetes (HPK) translates Kubernetes workloads into Slurm scripts to enable execution within
shared supercomputing partitions (Chazapis et al., 2024). Conversely, projects such as Slinky
introduce Slurm operators that allow batch jobs and Kubernetes pods to coexist within common
resource pools (Wickberg et al., 2025). Although often motivated by training workloads, these
mechanisms are increasingly relevant to GPU-accelerated inference services operating under

constrained accelerator inventories.

Other frameworks, such as Ray, provide programmatic schedulers for distributed
inference that operate partially outside standard Kubernetes abstractions, offering fine-grained
control over GPU placement and execution topology (Moritz et al., 2018). In these systems,

placement and execution-domain coupling are treated as primary design considerations.

Research on GPU cluster scheduling similarly indicates that deep learning workloads
expose resource constraints that differ from those assumed in conventional cloud schedulers.
Large-scale GPU clusters often exhibit heterogeneity in accelerator type, interconnect topology,
and memory availability, which complicates resource allocation and placement decisions (Jeon et
al., 2019; Ye et al., 2024). Inference workloads further amplify these challenges because
throughput depends on coordinated execution across GPUs and stable batching behavior. As a
result, scheduling policies must consider accelerator topology, memory locality, and workload

coupling rather than treating compute resources as fungible units.

Prior work on cluster scheduling and deep learning workloads acknowledges tension

between elastic, service-oriented schedulers and fixed-resource, throughput-oriented systems

20



(Schwarzkopf, 2018; Ye et al., 2024). However, this tension is generally framed as a technical
optimization problem rather than as a reorganization of operational control structures. The
literature largely focuses on improving placement and resource efficiency, with comparatively
less attention to how such hybrid regimes reshape feedback interpretation, intervention logic, or

organizational coordination. This socio-technical dimension remains underexplored.

2.5 Socio-technical Dynamics in DevOps, MLOps, and Operational

Sensemaking

Research on DevOps consistently links high-performing software organizations to socio-
technical factors such as collaboration, automation, and shared ownership. Rather than separating
tooling from culture, this literature emphasizes how automation practices stabilize coordination
and embed recovery patterns into system design (Azad et al., 2025; Beyer et al., 2016). Large-
scale DORA studies similarly associate high-trust cultures with sustained performance and cross-
team integration (Forsgren et al., 2018; DeBellis & Peters, 2022). Much of this work, however,
implicitly assumes elastic infrastructure, disposable services, and inexpensive failure recovery.
Automation practices such as restart-based remediation and autoscaling are therefore treated as
stable control mechanisms under conditions of abundant compute and loosely coupled service

architectures.

MLOps scholarship extends this socio-technical perspective to machine learning systems
by emphasizing lifecycle management for models and data. Research highlights CI/CD
extensions that incorporate data validation, continuous training, and monitoring for model drift
(Amershi et al., 2019; Lwakatare et al., 2020), while industry guidance emphasizes governance

of evolving datasets and model deployment pipelines (Google Cloud, 2024a). Although this
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literature introduces new feedback cycles associated with machine learning systems, it largely
centers on model and data workflows rather than on the infrastructure constraints shaping
compute-intensive inference environments. Recent industry discourse around “GenOps”
similarly frames generative-Al operations as an extension of DevOps practices, acknowledging
characteristics such as GPU scarcity and model residency but primarily addressing tooling and

workflow adaptation (Google Cloud, 2024b).

A complementary body of research examines the interpretive processes through which
practitioners coordinate operational control in complex technical environments. Sensemaking
theory conceptualizes system operation as an ongoing process in which actors construct shared
interpretations of ambiguous signals in order to guide action (Weick, 1995). In distributed
infrastructure environments, engineers frequently rely on narratives and interpretive frames when
diagnosing incidents or coordinating intervention. Observability signals rarely provide a
complete causal explanation; practitioners must construct provisional interpretations while

evidence remains incomplete (Klein et al., 2006; Weick et al., 2005).

Studies of incident response further demonstrate that diagnosis in distributed systems is
typically collaborative and iterative. Multiple teams construct and revise explanations through
communication channels such as incident chats, dashboards, and runbooks (Allspaw, 2012).
Application engineers, platform operators, and infrastructure specialists may initially interpret
the same signals differently, producing competing explanations of system behavior. Effective
stabilization therefore depends on coordination processes that allow teams to converge on a

shared model of system state.
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Together, these strands highlight that distributed systems operations are fundamentally
socio-technical processes in which system regulation depends not only on instrumentation and
automation but also on collective interpretation and coordination. However, existing DevOps and
MLOps literature pays comparatively little attention to how hardware constraints reshape the
interpretive frameworks through which practitioners understand system behavior. In particular,
the interaction between accelerator-bound infrastructure and established operational control
assumptions remains underexamined. The present study addresses this gap by focusing on
operational mental models as a component of socio-technical regulation in GPU-accelerated

inference systems.

2.6 Conceptual metaphors and analogical reasoning in technical operations

Across engineering, organizational studies, and human—computer interaction, conceptual
metaphors and mental models are widely recognized as mechanisms that shape reasoning in
complex systems. Research in cognitive linguistics argues that metaphors structure
understanding by foregrounding certain properties and obscuring others (Lakoff & Johnson,
2003). Studies of analogical reasoning further show that such representations influence problem
solving and intervention strategies in technical contexts (Gentner & Gentner, 1983; Norman,

2013).

Within software engineering, metaphorical framing has played a notable role in shaping

99 ¢¢ 9 ¢

cloud-native practice. Concepts such as “microservices,” “stateless services,” “pets versus
cattle,” and CI/CD “pipelines” encode assumptions about modularity, disposability, and

scalability (Kratzke, 2018; Turnbull, 2014; Humble & Farley, 2010; Beyer et al., 2016). DevOps
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research suggests that shared abstractions facilitate coordination and reinforce common

expectations about reliability and recovery (Forsgren et al., 2018; Zhou et al., 2022).

In contrast, metaphorical framing in GPU-accelerated inference contexts remains less
stabilized. Industry discourse introduces terms such as “Al factories” and “model pipelines,” but
these are not yet systematically examined in scholarly research. Academic work on high-
performance computing and LLM serving largely emphasizes architectural and scheduling
efficiency rather than practitioner cognition (Schwarzkopf, 2018; Ye et al., 2024; Sun et al.,

2024).

Although prior studies demonstrate that metaphors shape how systems are conceptualized
and governed, there is limited empirical investigation of how metaphorical framing influences
operational reasoning in accelerator-bound production environments. In particular, little work
examines how inherited cloud-native abstractions adapt—or fail to adapt—under accelerator-
bound conditions. This gap motivates the present study’s focus on metaphor-mediated reasoning

as a component of socio-technical regulation in accelerator-bound systems.

2.6.1 Cognitive systems engineering and joint human—machine control

Cognitive systems engineering (CSE) provides a complementary framework for
analyzing how humans and technical artifacts jointly regulate complex systems. CSE treats
operators as integral components of the control loop rather than external observers, emphasizing
how cognitive processes interact with instrumentation, automation, and system structure

(Hollnagel & Woods, 2005).
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Within this framework, operational mental models function as internal representations
that guide interpretation of system state and selection of control actions. When system dynamics
change, these internal models must adapt to maintain alignment between perception and
intervention (Woods & Hollnagel, 2006). Misalignment between operator models and system

behavior can lead to intervention mismatch or delayed stabilization.

Research in CSE also highlights the importance of external representations—dashboards,
alarms, diagrams, and runbooks—in shaping how practitioners understand and regulate system
behavior (Norman, 2013). Such artifacts structure the cognitive work of operations teams by

foregrounding certain signals and obscuring others.

The present study builds on this tradition by examining operational mental models as
components of distributed system regulation. Cognitive debt can be interpreted within the CSE
framework as model—plant divergence: the internal representations guiding control actions no

longer accurately reflect the dynamics of the system being regulated.

2.7 Identified Research Gaps

Existing research provides substantial guidance on the technical optimization of GPU-
accelerated inference—batching, scheduling, topology-aware placement, memory management,
and high-throughput serving architectures. This literature primarily treats inference as a
performance and resource-allocation problem, where the objective is to improve utilization and

reduce latency under hardware constraint.

However, three gaps remain underexplored.
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First, relatively little research examines how accelerator-bound constraints reshape the
operational reasoning that regulates production systems. While technical adaptations are well
documented, fewer studies analyze how practitioners reinterpret feedback, revise intervention

logic, or recalibrate reliability criteria when elasticity assumptions become structurally misfitted.

Second, socio-technical research on DevOps and MLOps emphasizes culture,
coordination, and process, but tends to treat infrastructure constraints as a background condition
rather than a primary driver of cognitive and regulatory reorganization. The convergence of
hardware topology, model architecture, and economic viability in GPU-accelerated inference
environments creates new cross-role coupling that is not fully captured in conventional DevOps

frames.

Third, although metaphor and mental-model research explains how shared abstractions
stabilize complex technical work, there is limited application of this lens to accelerator-bound
inference operations. Specifically, the relationship between inherited cloud-native metaphors
(e.g., statelessness, disposability, elasticity) and the emergence of alternative constraint-oriented

metaphors (e.g., flow, stations, work-in-progress, yield) remains under-theorized.

These gaps motivate the present study’s focus on operational mental models as cognitive
infrastructure: how regulatory control logics shift as engineers move from elasticity-oriented
microservice reasoning toward accelerator-bound inference environments, and where

misalignment becomes visible as cognitive debt.
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2.8 Contribution of the Present Study

This study addresses the gaps identified in the preceding review in three specific ways.
First, it shifts attention from optimization within accelerator-bound systems to the reorganization
of operational reasoning under accelerator constraint. Rather than asking only how to schedule,
serve, or scale inference workloads more efficiently, it examines how practitioners reinterpret
feedback, recalibrate intervention logic, and redefine reliability when elasticity-oriented

assumptions lose structural fit.

Second, the study extends socio-technical analysis of DevOps, MLOps, and operational
sensemaking into an infrastructure regime where hardware topology, model behavior, and
economic viability become tightly coupled. In doing so, it examines how regulatory realignment
unfolds across operational roles rather than treating infrastructure constraint as a purely technical

background condition.

Third, the study applies mental-model and metaphor scholarship to inference operations
by examining how inherited cloud-native abstractions persist, narrow in fit, and are gradually
refactored under sustained accelerator constraint. This makes it possible to theorize cognitive
debt not simply as misunderstanding or operator error, but as patterned divergence between

inherited control assumptions and the structural dynamics of the systems being governed.

The contribution of the present study is therefore explanatory and gap-filling rather than
prescriptive. It does not propose a new serving architecture or operational standard. Instead, it
addresses an under-theorized layer of the literature: how operational control models reorganize
when distributed systems transition from elastic compute assumptions toward accelerator-

constrained production environments.
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2.9 Chapter Summary and Methodological Implications

This chapter reviewed existing research on cloud-native systems, distributed inference
infrastructure, and operational practices in large-scale software environments. Across these
literatures, substantial attention has been given to system design, performance optimization, and
reliability engineering. Prior work provides detailed accounts of how to scale services, improve
throughput, and manage resource efficiency within both elastic and accelerator-constrained

environments.

However, less attention has been paid to how practitioners interpret and regulate these
systems in practice. While existing research explains how inference systems can be optimized, it
does not fully account for how engineers revise their operational reasoning as structural
conditions change. In particular, the shift from elasticity-oriented architectures to accelerator-
constrained inference environments introduces conditions—such as finite capacity, execution

coupling, and utilization-sensitive economics—that challenge inherited control assumptions.

The gap identified in this chapter therefore concerns the transformation of operational
mental models. Existing literature does not adequately explain how engineers reinterpret system
behavior, redefine stability, and adjust intervention strategies when familiar heuristics lose

effectiveness under new infrastructural constraints.

Addressing this gap requires a methodological approach capable of examining cognition
as it is enacted in practice. Because these interpretive processes are often tacit and embedded
within routine operational work, they are not directly observable through system metrics or

architectural artifacts alone. The following chapter therefore outlines an interpretive research
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design that examines how operational reasoning is constructed, applied, and revised within GPU-

accelerated production environments.
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Chapter 3 - Methodology

3.1 Overview

Building on the gap summarized in §2.9, this chapter outlines the methodological
approach used to examine how operational mental models evolve within GPU-accelerated
production systems. The focus is on how engineers interpret feedback, define reliability, and

select interventions in practice.

The study examines operational reasoning as it is enacted in practice. Reflexive
autoethnography provides first-hand observation of situated decision-making within GPU
inference operations, while composite narrative inquiry synthesizes recurring patterns across

operational episodes into anonymized accounts.

Together, these methods support the analysis of operational reasoning as a component of
socio-technical system regulation. This chapter describes how empirical observations were

generated, analyzed, and transformed into the categories developed in Chapters 4 and 5.

3.2 Research Design and Rationale

This study adopts a qualitative interpretive research design to examine how operational
mental models evolve within GPU-accelerated inference environments. The unit of analysis is
not system architecture alone but the regulatory reasoning through which engineers interpret

feedback, diagnose system behavior, and select interventions in production contexts.

Operational reasoning in distributed systems is socially and practically constituted.

Engineers interpret telemetry, prioritize signals, and select interventions under conditions of
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uncertainty; these decisions shape system behavior and subsequent feedback. Because these
interpretive processes are frequently tacit and embedded in routine operational work, they are not
directly recoverable from quantitative metrics or system artifacts alone. An interpretive design is

therefore required to examine cognition-in-practice within technical operations.

The research design integrates three complementary methodological components.

First, analytic autoethnography provides the primary empirical perspective. As an
embedded practitioner in GPU inference operations, the researcher documents situated decision
contexts, interpretive shifts, and evolving intervention logic as they occur within production
systems. Reflexive journaling and operational artifact collection capture how engineers reason

about system behavior under accelerator constraint.

Second, the study employs constructivist grounded theory (Charmaz, 2014) as the
analytic logic. Grounded theory supports the development of explanatory categories through
iterative engagement between empirical material, analytic memoing, and abductive
interpretation. Coding procedures follow grounded theory conventions, including open coding,

axial category development, and selective integration.

Third, composite narrative inquiry functions as a representational strategy. Rather than
presenting isolated operational incidents, composite narratives synthesize recurring decision
structures and regulatory tensions across multiple episodes. This enables analytic abstraction

while preserving confidentiality and avoiding reconstruction of identifiable production events.

Within this configuration, analytic autoethnography provides the empirical vantage point,

grounded theory provides the analytic logic, and composite narrative provides the presentation
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form. Together, these elements support an interpretive investigation of how operational mental

models reorganize under accelerator constraint.

3.3 Methodological Foundations in Prior Research

The methodological approach adopted in this study draws on established traditions within
qualitative research, human—computer interaction, and software engineering studies that examine

cognition and practice within technical environments.

Analytic autoethnography has been employed in studies of professional practice where
the researcher is embedded within the system under examination (Ellis et al., 2011; Adams et al.,
2014). In software engineering and infrastructure operations, this approach provides access to

situated decision processes that are not fully visible in formal documentation or system logs.

This work aligns with broader traditions of practice-based and reflexive research in
software engineering, where attention is directed toward how engineers interpret system behavior
and coordinate action within socio-technical contexts (Zhou et al., 2022; Marasco et al., 2022).
These studies emphasize the role of interpretation, collaboration, and situated judgment in

operational work.

Constructivist grounded theory provides a well-established framework for developing
theory from empirical material in emerging domains (Charmaz, 2014). The method supports
iterative category development through constant comparison and analytic memoing, making it

suitable for contexts where stable theoretical models have not yet consolidated.

Composite narrative inquiry complements this approach by enabling patterns of

experience to be represented in synthesized form while preserving anonymity (Adams et al.,
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2014). In technical operations research, composite narratives allow recurring decision structures

to be presented without reconstructing identifiable production incidents.

Together, these traditions provide the methodological foundation for the analytic

procedures described in this chapter.

3.4 Data Sources and Collection

3.4.1 Reflexive Journal and Field Notes

Primary empirical material consists of a structured operational journal documenting
ongoing participation in GPU-accelerated inference environments. Entries record decision
contexts, intervention strategies, and interpretive reasoning as they occurred within production

systems. The journal captures:

control decisions under hardware constraint,

e incident and degradation events,

e rollout and recovery strategies,

e cross-team coordination around capacity and reliability,
e reinterpretation of observability signals, and

e shifts in operational heuristics over time.

Entries were anonymized and abstracted to foreground recurring decision patterns rather

than organizational specifics.

3.4.2 Technical Artifacts
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Secondary data includes sanitized operational artifacts that contextualize decision-making

processes. These include:

incident retrospectives,

e architectural diagrams,

e configuration diffs,

e observability dashboards,
e deployment logs, and

o runbooks or internal discussion summaries.

These artifacts served as triangulation sources, anchoring reflexive accounts in
documented operational conditions and enabling comparison between stated intervention

strategies and observed system outcomes.

3.4.3 Reflexive Memos

Throughout analysis, reflexive memos documented evolving interpretations and analytic

categories. Memos captured:

e cmerging themes,

e shifts in interpretive assumptions,
e recurring decision tensions, and

e refinements in conceptual framing.

Memos were written iteratively alongside journal entries and revisited during coding and
synthesis. They served as an analytic mechanism for testing emerging categories against new

observations and identifying cases that did not conform to developing interpretations.
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3.4.4 Sampling Strategy and Corpus Delimitation

This study used purposive, theoretically guided sampling rather than statistical sampling.
Materials were included when they captured operational situations where GPU-accelerated
inference under constraint clearly shaped how engineers diagnosed issues, chose interventions,
allocated capacity, interpreted observability, or coordinated across roles. Inclusion criteria were:
(a) direct relevance to inference-serving or closely related production operations; (b) evidence of

decision-making under constraint; and (c) enough context to support comparison across episodes.

Materials were excluded if they focused on routine maintenance without clear
interpretive tension, training-only workflows outside the scope of production inference, duplicate
representations of the same event, or cases that could not be meaningfully abstracted without

losing analytic value.

Sampling and analysis proceeded together. As categories began to take shape, additional
materials were selected to deepen underdeveloped areas, test disconfirming cases, and refine
category boundaries, consistent with constructivist grounded theory. Categories were treated as
sufficiently developed when new materials added examples but no longer changed the core

properties, boundaries, or explanatory role of the categories.

3.5 Grounded-Theory Coding Procedures

3.5.1 Analytic Workflow and Category Development

Analysis proceeded abductively through a structured but iterative sequence designed to

move from situated operational observation to theoretically interpretable categories. Although
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grounded theory does not treat analysis as a strictly linear pipeline, the study followed a
recurring analytic workflow that guided engagement with the empirical material and supported

traceable abstraction from operational episodes to conceptual interpretation.

First, operational episodes were documented through reflexive journaling and
contextualized with technical artifacts such as incident retrospectives, configuration changes,
deployment logs, runbooks, and observability dashboards. These materials formed the primary
empirical corpus for examining how engineers interpreted feedback, diagnosed system behavior,
and selected interventions within GPU-accelerated production systems. Technical artifacts were
treated as qualitative texts and coded for how failures, performance changes, and interventions

were framed, allowing comparison between documented intent and observed outcomes.

Second, initial coding identified salient decision points, interpretive tensions, and
intervention rationales across these materials. This stage focused on recurring patterns of
operational reasoning, including restart reflexes, resource allocation decisions, batching
adjustments, metric reinterpretation, and cross-role coordination frictions. Particular attention
was given to episodes in which intervention outcomes diverged from expectation, since these
moments often revealed misalignment between inherited operational assumptions and the

structural dynamics of accelerator-bound systems.

Third, related codes were linked into higher-level relational categories that reflected
underlying regulatory dynamics. For example, codes associated with restart hesitation, KV-cache
preservation, and cold-start cost were integrated into the broader category of state residency as a
control variable. Other code groupings captured patterns such as constraint-driven shifts in

reliability criteria or changes in metric prioritization that altered intervention choice.
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Fourth, integrative synthesis consolidated these relational categories into higher-level
interpretive constructs representing distinct modes of operational reasoning under accelerator
constraint. These constructs became the analytic basis for the regulatory dimensions presented in
Chapter 4. Throughout this process, categories were refined through constant comparison across
journal entries, artifacts, and analytic memos to determine whether they represented recurring

reasoning patterns rather than isolated observations.

Finally, the resulting interpretive dimensions were synthesized into provisional
theoretical propositions describing patterns of regulatory realignment under constraint. Codes
and categories were iteratively revised and integrated into composite narratives to support
analytic abstraction while preserving confidentiality. This workflow therefore connects empirical
observation to theoretical explanation while maintaining traceability between raw artifacts,

coded interpretations, and the conceptual constructs developed in the study.

3.5.2 Construction of Composite Narratives

Composite narratives synthesized recurring regulatory situations across operational
episodes. Rather than recounting single incidents, narratives aggregated patterns of decision-

making, attribution, and adaptation across deployments.

Narrative construction involved:

e grouping field notes and artifacts around shared tensions,
e synthesizing anonymized experiences across contexts,
e abstracting individual decisions into generalized control situations, and

e identifying recurring inflection points in reasoning.
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This process enabled theoretical abstraction while preserving confidentiality.

3.5.3 Attention to Metaphors and Operational Mental Models

Because metaphorical framing can influence how technical systems are interpreted, the
analysis tracked shifts in language and analogy across episodes. Coding examined the

emergence, persistence, and modification of metaphors used to describe system behavior.

Metaphors were analyzed as interpretive devices shaping how feedback signals were
understood and how interventions were justified. Changes in metaphorical framing were treated

as indicators of evolving operational reasoning.

3.5.4 Analytic Trustworthiness and Category Stabilization

To strengthen analytic credibility, several procedures were used to support
trustworthiness in the grounded-theory analysis. These procedures address how interpretive
categories were developed, evaluated, and stabilized across the heterogeneous data sources used

in the study.

First, categories were developed through constant comparison across multiple artifact
types, including reflexive journal entries, technical artifacts, and analytic memos. Observations
from one data source were repeatedly compared against others to evaluate whether a pattern
represented a localized interpretation or a recurring operational dynamic. This comparison
process allowed provisional codes to be revised or collapsed when evidence did not support

stable conceptual distinctions.
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Second, category stabilization occurred through iterative analytic memoing. Memos
captured evolving interpretations, theoretical linkages, and boundary conditions of emerging
categories. During analysis, memos were revisited alongside new data to test whether the
category remained explanatory across additional operational episodes. Categories were retained
only when they consistently accounted for multiple instances of similar regulatory reasoning

across different artifacts.

Third, attention was given to weak-fit and disconfirming cases. When observations
diverged from an emerging category, they were examined to determine whether they represented
contextual exceptions, incomplete abstraction, or an alternative explanatory pattern. In several
instances, such counterexamples led to refinement of category boundaries rather than simple

confirmation of initial interpretations.

Fourth, triangulation across artifact types strengthened analytic confidence. Reflexive
field notes captured contemporaneous reasoning during operational events, while technical
artifacts such as deployment logs, incident retrospectives, runbooks, and observability
dashboards provided external reference points for interpreting those decisions. Analytic claims
were therefore grounded not only in retrospective interpretation but also in documented

operational context.

Finally, the goal of the analysis was theoretical transferability rather than statistical
generalization. The categories developed in this study are intended as conceptual tools that may
illuminate similar regulatory dynamics in other accelerator-bound environments. Transferability

is supported by providing sufficient analytic detail—through coding traceability, composite
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narratives, and explicit mapping of codes to findings and propositions—to allow readers to

assess the applicability of the framework to their own operational contexts.

Together, these procedures support the interpretive rigor of the analysis by demonstrating
how categories emerged through iterative comparison, were refined through analytic memoing

and disconfirming cases, and were grounded across multiple forms of operational evidence.

3.5.5 Coding Dependability and Reliability Procedures

Because this was a single-researcher interpretive study, coding reliability was addressed
through dependability, consistency, and auditability rather than intercoder agreement statistics.
Coding began with an initial open-coding pass, followed by iterative refinement of code

definitions during axial and selective analysis.

Earlier materials were revisited throughout the process to check whether codes were
being applied consistently over time and across different types of artifacts. When later readings
suggested drift or overextension, code definitions were refined, collapsed, or clarified through

analytic memos.

Dependability was further supported by maintaining a clear audit trail, including dated
memos, evolving code definitions, explicit code-to-category-to-finding mappings, and
traceability examples provided in Appendix A. Constant comparison across journals, technical
artifacts, and reflexive memos served as an additional reliability check, ensuring that emerging
claims remained grounded across multiple sources rather than relying on any single type of

material alone.

40



3.6 Reflexivity and Researcher Position

3.6.1 Insider—Researcher Role

As an embedded practitioner, the researcher occupies a dual position within the socio-
technical systems examined in this study. This role provides direct access to operational
reasoning as it unfolds in production contexts, while also situating the researcher within the

processes under analysis.

Embedded participation introduces risks of overfamiliarity and unexamined assumptions.
To mitigate these risks, reflexive memoing and analytic distancing techniques were employed

throughout the research process. These included:

e documenting shifts in interpretive assumptions,

e distinguishing contemporaneous observation from retrospective interpretation,

e cross-checking interpretations against technical artifacts and relevant literature, and
e cvaluating whether observed patterns reflected broader dynamics or local practice.

Reflexivity thus served both as a methodological safeguard and as a structured means of

examining how interpretive reasoning evolved over time.

To mitigate the interpretive risks associated with insider research, the analysis treated
practitioner experience not as privileged authority but as empirical material subject to systematic
examination. Operational judgments recorded in reflexive journals were therefore analyzed
alongside technical artifacts—including incident retrospectives, configuration changes, and

observability records—to evaluate whether interpretations were consistent with documented
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system behavior. Reflexive memos were used to distinguish contemporaneous observations from
later analytic interpretations, allowing evolving reasoning to be examined rather than assumed to
be stable. In this configuration, practitioner access functioned as a data-generation mechanism
rather than an analytic conclusion. Interpretations were required to remain accountable to
observable operational artifacts and to recurring patterns across episodes, reducing the risk that

conclusions reflected idiosyncratic personal experience rather than shared operational dynamics.

3.6.2 Reflexive Procedures Across the Study

Reflexivity was treated as an ongoing analytic practice rather than something addressed
only in a final positionality statement. Contemporaneous field notes were kept separate from
later interpretive memos to distinguish immediate operational perception from retrospective

theoretical explanation.

Following key incidents, planning discussions, or deployment changes, the researcher
recorded three elements: an initial field account, a second-pass interpretive memo, and a
reflexive note identifying prior assumptions, role-based perspectives, and potential
overidentification with locally preferred explanations. These interpretations were then checked
against available technical artifacts, including dashboards, deployment records, configuration

changes, and retrospective documents.

Reflexive practice also included deliberate attention to boundary and disconfirming
cases, particularly situations in which restart-based remediation remained stabilizing or
elasticity-oriented reasoning continued to hold. This helped reduce confirmation bias and
clarified that the framework developed in this study applies most strongly under sustained

accelerator constraint, rather than across all machine learning workloads.
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This approach strengthens methodological clarity without requiring a full rewrite, as it
makes the existing design more legible in terms commonly expected in qualitative research: how
materials were interpreted, how analytic judgments were examined, and how reflexivity was

systematically incorporated.

3.6.3 Ethical Considerations

This study does not involve interviews, recruitment of participants, or the collection of
identifiable third-party data. Empirical material consists of reflexive autoethnographic
journaling, publicly available literature, and generalized operational artifacts with identifying
details removed. Organizational names, system identifiers, and proprietary configuration details

were abstracted to prevent indirect identification.

Composite narratives were constructed to synthesize recurring regulatory situations

without preserving traceable sequences of events.

Institutional Review Board (IRB) consultation was pursued to confirm the study’s
classification under university policy. Based on that consultation, the project was determined to

qualify for exempt status.

3.7 Limitations

Several constraints shape the interpretation of the findings presented in this study.

3.7.1 Subjectivity and researcher positionality

As an autoethnographic inquiry, the analysis is shaped by the researcher’s situated

experience as an embedded practitioner within GPU inference operations. Observations and
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analytic categories reflect specific operational contexts and decision environments. Although the
study draws on practitioner experience, analytic claims are grounded in recurring patterns across

multiple operational episodes and artifact types rather than in isolated experiential accounts.

3.7.2 Context dependence and organizational variation

GPU inference operations vary across organizations in workload composition, hardware
configuration, scale, and institutional priorities. Accordingly, the findings are not presented as
statistically generalizable claims about all inference systems. Instead, they are intended to
support theoretical transferability by offering conceptual constructs that may illuminate

analogous dynamics in other accelerator-bound contexts.

3.7.3 Abstraction and analytic generalization

Composite narrative inquiry involves abstraction. Individual operational episodes were
synthesized to highlight recurring patterns, which necessarily smooths over local variation. The
resulting narratives should therefore be understood as analytic representations rather than

exhaustive empirical accounts of all possible inference practices.

3.7.4 Absence of formal systems modeling

Although the thesis employs systems-theoretic language, it does not construct formal
mathematical models or quantify causal relationships between operational reasoning and

performance outcomes. The analysis is interpretive and explanatory rather than predictive.
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3.7.5 Temporal sensitivity and ecosystem volatility

The study is situated within a period of rapid evolution in Al tooling, accelerator
architectures, and orchestration frameworks. Changes in technology may alter specific
implementation practices. The findings should therefore be interpreted as capturing reasoning
patterns within a particular developmental phase rather than as a finalized or stable industry

condition.

Taken together, these limitations delimit the scope of the study and clarify its interpretive

orientation.

This chapter described the interpretive methodological approach used to examine
operational reasoning in GPU-accelerated production systems. By combining reflexive
autoethnography, thematic coding within a grounded-theory framework, and composite narrative
synthesis, the study traces how practitioners interpret feedback and make intervention decisions

in evolving infrastructure contexts.

Rather than treating operational change solely as a technical phenomenon, the
methodology focuses on decision-making patterns and shifts in interpretive framing. Through
iterative coding and abstraction, recurring themes were identified and synthesized into

analytically coherent accounts.

Chapter 4 presents the findings derived from this process, detailing the patterns of

operational reasoning that emerged across accelerator-bound environments.
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Chapter 4 - Findings

4.1 Overview

This chapter presents the central findings of the study. It examines how operational
control structures reorganize in distributed production systems operating under sustained
accelerator constraint. Across the empirical material examined in this study practitioners
repeatedly encountered situations in which operational assumptions inherited from elasticity-
oriented cloud systems no longer aligned with the structural dynamics of accelerator-bound

inference environments.

To analyze these shifts, the findings are organized by regulatory dimension rather than
technical layer. Each section examines a distinct component of the socio-technical control loop

that undergoes reconfiguration under accelerator constraint. These dimensions include:

e Scarcity: the shift from elastic provisioning to finite allocation

e Continuity: the recalibration from disposability toward residency preservation

e Observability: the transition from request-centric monitoring to utilization- and cost-
sensitive feedback

e Reliability: the reframing of stabilization from redundancy-based recovery to flow
preservation

e Degradation: the emergence of quality modulation as a regulatory instrument

e Temporality: the expansion of the control horizon from short-loop response to long-loop
capacity governance

e Metaphor: the refactoring of cognitive frames used to interpret system behavior

46



Each section therefore analyzes how operational reasoning adapts as practitioners

encounter persistent accelerator scarcity, execution-domain coupling, and utilization-sensitive

economics. Composite narratives are used to illustrate these patterns while preserving

confidentiality and maintaining analytic focus on recurring regulatory dynamics rather than

isolated operational incidents.

Table 4-1. Mapping Sub questions (Ch. 1) — Findings (Ch.4) — Propositions (Ch.5).

Sub question (Ch.1)

Primary Findings (Ch.4)

Primary Propositions (Ch.5)

SQ1. What recurring shifts in
regulatory reasoning emerge
as engineers transition from
elasticity-oriented
microservice governance
toward scarcity- and
coupling-constrained
inference production?

SQ2. How do metaphors and
shared abstractions function
as cognitive tools that either
stabilize or destabilize
operational understanding
under constraint?

SQ3. Where does cognitive
debt become visible across
roles as inference workloads
converge with conventional
DevOps practices?

§4.2 Operational Double
Vision

§4.3 Scarcity as regulatory
reorientation

§4.4 Disposability —»
Continuity

§4.5 Observability as
feedback re-mediation

§4.6 Reliability: redundancy
— flow preservation

§4.7 Degradation as
regulatory design

§4.8 Temporal reorientation
§4.11 Patterns (esp. “unit of
regulation” shift)

§4.9 Metaphorical framing in
operational reasoning
§4.9.1 Worked example: “load
balancing” = “flow control”
§4.10 Regulatory learning /
bricolage

§4.11 Metaphor refactoring

§4.2 Operational Double
Vision (frame switching)
§4.5 Observability as
boundary object (cross-role
interpretation)

§4.11.2 Composite episode:
Cross-role attribution
breakdown

Debt-signature summaries
across §4.3-§4.9 (where
mismatches accumulate)

P1 Constraint reorients
stabilization mechanisms

P2 Intervention logic
recalibrates under coupling
P3 Metric reorientation
mediates regulatory
realignment

P4 Unit of regulation expands
under execution-domain
coupling

P6 Metaphor refactoring
facilitates control realignment
(secondary linkage: P5, as
metaphor persistence
contributes to cognitive debt)

P5 Cognitive debt increases
under structural misfit
(secondary linkage: P2-P4,
because misfit often appears
first as intervention, metric,
and unit-of-regulation errors)
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Table 4.1 summarizes how the findings presented in this chapter relate to the research

questions introduced in Chapter 1 and the theoretical propositions developed in Chapter 5.

4.2 Operational Double Vision: Managing Competing Control Logics

Across multiple operational incidents and planning discussions recorded in the reflexive
journal, engineers described switching between incompatible reasoning frames depending on the
subsystem involved. One entry noted that restarting a stateless API pod resolved a latency
anomaly, whereas similar restarts in the GPU inference tier repeatedly degraded throughput
because in-memory state was lost. These episodes form the empirical basis for what this study

terms operational double vision.

A reflexive journal entry captured this tension during an inference-tier incident:

“Stateless services were scaling normally, but the inference tier felt different.
Restarting a API side pod restored health, but restarts on the GPU was making
things worse. We realized we couldn’t apply the same remediation logic to systems

that behaved fundamentally differently.”

Operational double vision refers to a state of sustained regulatory duality in which GPU-
accelerated inference does not immediately replace elasticity-oriented cloud-native control logic.
Instead, engineers operate within two competing internal control models—elastic microservice
reasoning and constraint-oriented inference reasoning—and must continuously determine which

model governs a given subsystem.
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The organizing principle of this finding is model selection within the control loop. When
engineers interpret telemetry and select interventions, they implicitly activate one of two

regulatory logics:

e Elasticity-oriented logic, in which services are fungible, state is externalized, and
restart-based recovery stabilizes the system.
e Constraint-oriented logic, in which state residency, topology coherence, and execution-

domain integrity determine system stability.

Under elasticity-oriented reasoning, restart and rescheduling are low-cost corrective
actions. Stability is achieved through redundancy and rapid replacement (Humble & Farley,
2010; Beyer et al., 2016). Under constraint-oriented reasoning, the same interventions may
destroy economically consequential in-memory state or degrade entire execution domains
(Narayanan et al., 2021; Zhou et al., 2024). The regulatory meaning of “restart this pod”
therefore depends not on the tool (e.g., Kubernetes) but on the structural characteristics of the

subsystem being regulated.

Composite narratives analyzed in this study show that practitioners often shift between
these reasoning frames within the same operational episode. Teams may apply elasticity-oriented
logic while stabilizing stateless tiers, then immediately adopt constraint-oriented reasoning when
diagnosing inference tiers. The intervention vocabulary remains syntactically identical, yet its
regulatory implications differ fundamentally. The distinction is not technological but structural:
which internal model accurately represents the system dynamics of the subsystem being

regulated.
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Operational double vision therefore reflects not merely cognitive flexibility but model—
plant divergence across subsystems. When elasticity-oriented reasoning is applied to tightly
coupled inference tiers, intervention mismatch occurs—an expression of cognitive debt.
Reflexive practices inherited from elastic environments continue to be applied even when
accelerator constraint alters their stabilizing effects. Conversely, applying constraint-oriented
caution too broadly within stateless tiers can unnecessarily reduce resilience. Effective regulation
depends on selecting the control model that matches the structural characteristics of the

subsystem.

Over time, practitioners develop selective activation heuristics. Restart reflexes are
tempered in residency-sensitive tiers; chaos practices are scoped more narrowly; and execution-
domain awareness increasingly informs intervention decisions. These adjustments do not
eliminate regulatory duality. Rather, they stabilize it. Operational double vision becomes an
adaptive competence within hybrid distributed environments where elasticity and constraint

coexist.

In summary, operational double vision represents a structural feature of GPU-integrated
distributed systems: two regulatory logics remain simultaneously active, and system stability
depends on correctly matching operational mental models to subsystem constraint profiles. This
finding establishes the cognitive context within which the subsequent regulatory dimensions—

scarcity, continuity, observability, and reliability—are reorganized.

Figure 4.1. Comparative Regulatory Logics Under Differing Structural Constraints

50



Comparative Regulatory Logics Under Differing Structural Constraints

Elasticity-Oriented Control Regime Constraint-Oriented Control Regime
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Figure 2 summarizes the distinct control regimes in comparative form. Rather than
representing isolated practices, the figure synthesizes recurring patterns observed across
inference deployments. It distinguishes regimes in terms of interpretive assumptions, primary
feedback variables, and dominant stabilization mechanisms. This typology clarifies the structural

divergence that produces operational double vision and cognitive debt.

4.3 Scarcity as Regulatory Reorientation: Capacity Under Constraint

Across capacity planning discussions, architecture reviews, and incident reflections
analyzed in this study, practitioners repeatedly described situations in which demand for

inference capacity exceeded the available accelerator inventory. Planning artifacts consistently

51



framed GPU availability as a bounded resource governed by reservation cycles, procurement
timelines, datacenter power constraints, and regional allocation limits rather than as an elastic
pool of interchangeable compute. In one planning memo, for example, an engineer noted that
additional replicas could not be provisioned because the available GPU inventory had already
been reserved for the quarter. Similar references appeared across operational materials, where
teams described model deployments, feature launches, and latency targets as contingent on finite

accelerator allocations.

These observations reveal a structural condition that distinguishes GPU-accelerated
inference environments from the cloud-native architectures in which most contemporary
operational practices were formed. In conventional microservice systems, compute capacity is
typically treated as an elastic substrate. Autoscalers provision replicas in response to load, and
stabilization is achieved through horizontal expansion of stateless services. Physical
infrastructure constraints remain largely invisible to operators, abstracted behind uniform APIs

and provisioning interfaces.

In accelerator-bound inference environments, this abstraction erodes. Because accelerator
supply is limited and tightly coupled to specialized hardware infrastructure, capacity expansion
often occurs on capital investment timelines rather than operational timescales. As a result, the
operational problem confronting practitioners shifts from provisioning additional compute to

managing scarce accelerator time within fixed capacity envelopes.

This shift introduces a regulatory reorientation in how system behavior is interpreted and
governed. When compute can no longer be expanded on demand, the control logic that

previously stabilized distributed systems becomes structurally misaligned with the environment
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in which it operates. Autoscaling, replica restart, and load redistribution—core stabilization
mechanisms in elasticity-oriented systems—may fail to resolve disturbances when the
underlying constraint is hardware scarcity rather than software saturation. Instead, operational
reasoning must reorganize around allocation, prioritization, and preservation of scarce

accelerator capacity.

The organizing principle of this finding can therefore be described as capacity as a
constrained state space. Under sustained accelerator constraint, the feasible intervention space
available to practitioners contracts. Rather than assuming that additional degrees of freedom can
be created through scale-out, operators must treat accelerator capacity as a bounded domain in
which workloads compete for limited resources. In this environment, regulatory stability depends
less on elastic expansion than on disciplined allocation of accelerator time across competing

tasks.

This scarcity condition also alters how practitioners interpret system disturbances.
Latency spikes, throughput degradation, or deployment delays are no longer interpreted solely as
symptoms of software misconfiguration or transient load imbalance. Instead, they are frequently
traced to the underlying limits of accelerator availability, topology coherence, or execution-
domain completeness. Operational interventions therefore shift from provisioning logic toward
resource governance strategies such as workload prioritization, scheduling coordination, and

model portfolio management.

The sections that follow examine how this scarcity condition manifests across several
operational dimensions. §4.3.1 describes the collapse of the elastic compute abstraction and the

emergence of accelerators as finite infrastructure assets. §4.3.2 examines how multi-node
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inference architectures transform accelerator fabrics into tightly coupled execution domains that
redefine the operational unit of regulation. §4.3.3 explores how practitioners construct shared
capacity narratives that coordinate technical constraints with economic and organizational
decision-making. Together, these patterns illustrate how sustained accelerator scarcity

reorganizes the regulatory logic through which distributed inference systems are governed.

Within accelerator-bound systems, capacity ceases to function as a background
infrastructure abstraction and becomes a foreground variable in operational decision-making.
Stabilization depends not on unlimited expansion but on careful allocation within constrained
hardware envelopes. This scarcity-driven reorientation establishes the structural foundation for
the subsequent shifts examined in this chapter, including changes in continuity management,

observability interpretation, and reliability governance.

4.3.1 From Elastic Abstraction to Finite Accelerators

In elasticity-oriented environments, compute functions as a stabilizing abstraction.
Autoscalers provision replicas in response to load, and physical constraints are largely masked
behind uniform APIs (Kratzke, 2018; Schwarzkopf, 2018). Scaling outward serves as the

dominant corrective action.

In GPU-accelerated inference systems, this abstraction collapses. Accelerator availability
is bounded by chip supply, procurement cycles, power density limits, cooling capacity, and
regional allocation quotas. These limits are structural rather than transient. As inference demand

accelerates relative to hardware supply (NVIDIA, 2024; Gartner, 2024), capacity expansion
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shifts from an operational reflex to a capital-governed process measured in quarters rather than

minutes.

Under such conditions, compute ceases to behave as an elastic utility and becomes a
negotiated asset. Feature launches, model upgrades, and latency targets are constrained by
available accelerator inventory. Capacity planning moves from background automation to
foreground governance. Intervention logic must now account for finite hardware envelopes

rather than assuming responsive scale-out.

The regulatory consequence is clear: expansion is replaced by allocation. The internal
control model must represent capacity as bounded and strategically managed. When elasticity-
oriented assumptions persist despite structural scarcity, cognitive debt manifests in unrealistic

expectations about throughput, recovery, and growth.

One capacity-planning memo recorded the shift from elastic expectations to hardware

allocation constraints:

“We have far more CPU instances available than we need, but there are no GPUs, they
are already reserved for the quarter. Any increase in traffic means reallocating workloads, not

adding replicas.”

This statement illustrates how accelerator scarcity reorganizes the control model. Rather
than provisioning additional compute, teams must treat GPU capacity as a finite asset requiring

allocation discipline.
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4.3.2 Multi-Node Execution Domains as Control Boundaries

Scarcity intensifies as inference workloads exceed single-device capacity. Large language
models and multimodal architectures frequently require model parallelism across multiple GPUs
or nodes (Brown et al., 2020; Ye et al., 2024; Shazeer et al., 2017). In these deployments, high-

bandwidth interconnects bind accelerators into tightly coupled execution domains.

Here, the effective unit of regulation shifts from the individual node to the execution
fabric. Collective operations synchronize shards; performance is constrained by the slowest
participant; and topology coherence determines throughput stability. A degraded or rescheduled

node can propagate disruption across the entire pipeline.

Elastic cloud environments habituate engineers to relatively smooth scaling curves, in
which additional replicas produce approximately proportional capacity gains. GPU-accelerated
inference systems frequently violate this expectation. Throughput may exhibit threshold behavior
tied to batch coherence, topology alignment, or execution-group completeness. Partial loss of an
accelerator domain can produce disproportionate performance collapse rather than linear
degradation. When regulatory reasoning remains calibrated to elasticity-era scaling intuition,
intervention strategies may overfit prior assumptions and underestimate nonlinear constraint
effects. This overfitting reinforces model—system divergence under sustained accelerator

coupling.

In this regime, redistribution logic inherited from microservice architectures becomes
destabilizing. Rescheduling or rebalancing replicas across heterogeneous interconnect paths may

preserve nominal availability while degrading synchronization efficiency and reducing goodput.
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What appears locally healthy at the scheduler layer may manifest as systemic inefficiency at the

inference layer.

Regulatory reasoning therefore expands to include fabric integrity and topology
preservation. Intervention granularity shifts from node-level mobility to domain-level coherence.
Constraint-oriented heuristics—such as gang scheduling, placement affinity, and fabric-aware
allocation—emerge as stabilizing mechanisms. The control model must treat accelerator fabrics

as cohesive production domains rather than fungible compute pools.

4.3.3 Capacity Narratives as Regulatory Sensemaking

As scarcity becomes structural, teams construct shared interpretive frameworks—
capacity narratives—that align technical limits with economic and organizational priorities.
These narratives link demand forecasts, model portfolios, budget constraints, and accelerator

inventories into coherent regulatory accounts.

Capacity narratives are visible in planning artifacts, architecture reviews, and incident
retrospectives. They explain why certain models are delayed, why fallback variants are
provisioned, or why deployments are geographically constrained. Although grounded in
quantitative metrics, these narratives function as boundary objects (Star & Griesemer, 1989),

stabilizing coordination across engineering, finance, and product domains.

Under elastic assumptions, capacity remains implicit. Under scarcity, it becomes explicit
and contested. Decisions about model selection, quantization strategy, and rollout timing are

conditioned by finite accelerator domains. Routine elastic interventions—aggressive
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redeployment, uniform scaling, wholesale model swaps—are re-evaluated in light of limited

inventory and cold-start cost.

Capacity narratives therefore do more than describe infrastructure limits; they reorganize
regulatory reasoning. The central question shifts from “Can we scale?”” to “How should
accelerator time be allocated?” This shift reinforces a scarcity-aware, accelerator-bound control

regime layered atop inherited cloud abstractions.

Scarcity reorients the control loop by reducing available degrees of freedom and
transforming capacity into a bounded regulatory variable. Compute is no longer an elastic
abstraction but a finite asset governed by procurement cycles, topology constraints, and
economic coupling. Stabilization depends on allocation within constrained envelopes rather than
expansion through replication. This reorientation establishes the structural conditions under

which subsequent shifts—in continuity, observability, and reliability—occur.

These observations highlight how accelerator scarcity reshapes the interpretive
assumptions that guide capacity management in distributed systems. In practice, teams gradually
shift from reasoning about scaling as provisioning to reasoning about scaling as allocation within
constrained hardware envelopes. This interpretive adjustment marks a broader regulatory

reorientation toward scarcity-aware accelerator-bound governance of capacity.

4.4 From Disposability to Continuity: Recalibrating Intervention Logic

Across multiple operational incidents documented in the reflexive journal, restart-based

remediation restored nominal service health while simultaneously degrading tokens-per-second
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output and batch efficiency. Engineers attributed these effects to the loss of in-memory model

state and KV cache locality, prompting reconsideration of restart as a stabilizing intervention.

This section demonstrates that GPU-accelerated inference reorganizes the internal state
model underlying distributed control. Whereas elasticity-oriented systems treat runtime instances
as disposable due to externalized state, accelerator-bound inference renders in-memory state
economically consequential. Continuity preservation—rather than instance replaceability—

therefore emerges as a primary regulatory objective.

The organizing principle of this shift is state residency as a control variable. In stateless
architectures, restart-based recovery is low-cost because compute and state are decoupled
(Humble & Farley, 2010; Kratzke, 2018). In inference systems, however, model weights and KV
caches accumulate execution context that directly influences throughput and batching stability
(Zhou et al., 2024; Wu et al., 2025; Bian et al., 2025). Restarting a replica clears this context,

forcing model reload, cache reconstruction, and re-establishment of batching equilibrium.

Consequently, cold starts function as control disturbances rather than transient delays.
Reloading large models consumes scarce accelerator time, disrupts batch coherence, and reduces
utilization, producing temporary throughput instability even when availability remains nominal.
These effects propagate across layers: KV cache loss reduces decoding efficiency at the model
level, restarts disrupt placement stability at the orchestration layer, and coordinated reloads

amplify I/O and fabric contention at the cluster level.

The regulatory implication is a recalibration of intervention logic. Engineers shift from
instance-centric health checks to residency-aware reasoning: not merely “Is this replica

degraded?” but “How will intervention affect the stability of the execution pipeline?” Restart
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becomes conditional rather than reflexive, and disposability becomes context-sensitive rather

than universal.

In response, practitioners adopt continuity-preserving strategies, including placement
constraints, warm replica pools, and staged rollouts that protect in-flight state. In this regime,
model weights and KV caches function as work-in-progress inventory whose disruption carries
downstream cost. Although checkpoint-restart mechanisms are well established in high-
performance computing (Garg et al., 2018; Cui et al., 2025), inference continuity differs in
objective: not exact computational resumption, but preservation of flow equilibrium. Warm
pools are likewise established in conventional service architectures as a mechanism for reducing
latency during scale-out events. In accelerator-bound inference systems, however, their
regulatory function shifts: rather than merely smoothing request latency, warm pools preserve
resident execution state and mitigate cold-start disruption, thereby supporting sustained

productive flow under constraint.

These patterns indicate that GPU-accelerated inference transforms state from an
externalized artifact into an economically meaningful control variable. Restart-based recovery
becomes conditional, and continuity preservation emerges as a first-order regulatory priority

within constraint-oriented control regimes.

4.4.1 Composite Episode: Restart and Cold-State Collapse

The regulatory shift from disposability to continuity can be illustrated through a

composite episode drawn from inference-tier deployments operating under accelerator constraint.
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During a routine traffic surge, one replica began exhibiting elevated latency and
intermittent health check failures. From a cloud-native operational perspective, the stabilizing
response was immediate and familiar: restart the degraded pod and allow the scheduler to

reconstitute a healthy replica.

“It’s just one unhealthy instance — recycle it,” reflected the default intervention logic.

Under elasticity-oriented assumptions, this action is low cost. Containers are ephemeral,
state is externalized, and restart restores equilibrium. The internal control model treats runtime

instances as disposable and functionally interchangeable.

However, the inference tier in question was residency-sensitive. Model weights occupied
substantial device memory, and KV cache state had accumulated across active request streams.
The restarted replica cleared its in-memory state and required model reload and warm-up before

rejoining the execution group.

The immediate consequences were not catastrophic but systemic:

e KV cache locality was lost
e Batch coherence degraded
e Tokens-per-second dropped

e Response time oscillated before stabilizing

Notably, availability remained nominal. Health dashboards returned to green status, and

SLO thresholds were technically satisfied.
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From a redundancy-based reliability perspective, the intervention succeeded.

From a continuity-based perspective, it imposed a measurable production disturbance.

Over subsequent incidents, similar restart reflexes produced comparable throughput
oscillations. The pattern became recognizable: instance-level remediation repeatedly degraded
pipeline-level flow. The divergence between the internal model (“restart restores stability”) and
structural reality (“restart destroys economically consequential state’’) accumulated across

episodes.

This repeated intervention mismatch constitutes cognitive debt. The disposability
metaphor encoded a control assumption that no longer fit the constraint regime shift. Restart-
based recovery, previously stabilizing, became a source of oscillatory inefficiency under

residency-sensitive execution dynamics.

Metaphor refactoring began implicitly before it was articulated. Engineers increasingly
described replicas not as interchangeable service endpoints but recognizing them as “warm
stations” holding “work-in-progress.” Model weights and KV cache state were treated as
inventory rather than transient memory. Stability was reframed as preserving execution

continuity rather than recycling unhealthy components.

Regulatory logic shifted accordingly:

e Restarts were staged rather than reflexive
e Warm replica pools were introduced to reduce cold-start shock
e Health thresholds were revised to distinguish degradations that warranted intervention

from those that should be tolerated to preserve state
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e Execution-domain integrity was prioritized over pod-level hygiene

In this reframed control model, restart ceased to be the default stabilizer and became a

conditional intervention weighed against state destruction cost.

These episodes suggest a broader shift in how practitioners reason about intervention
within tightly coupled inference environments. As execution domains become residency-
sensitive and operationally interdependent, instance-level heuristics inherited from elasticity-
oriented systems increasingly require recalibration. Repeated intervention mismatches reveal a
growing divergence between inherited remediation logic and the structural dynamics of

accelerator-bound inference systems.

4.5 Observability as Feedback Re-Mediation

Across multiple dashboard reviews and incident analyses, teams encountered situations in
which traditional service-level indicators remained within SLO thresholds while GPU utilization
and token throughput declined. Engineers described these as “green dashboards with red
economics.” These episodes highlighted limitations in availability-centered monitoring and

motivated reinterpretation of observability signals.

This section demonstrates that GPU-accelerated inference reorganizes observability from
a diagnostic layer into a primary regulatory interface. As accelerator-bound workloads become

economically coupled to output, the feedback signals structuring the control loop are redefined.

The central mechanism underlying this finding is feedback variable selection. Control
systems stabilize around the signals they privilege, as system behavior is regulated through

selected feedback variables that determine what is visible and actionable to operators (Astrom &
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Murray, 2008; Norman, 2013). When dominant feedback variables shift, intervention logic shifts

accordingly.

In elasticity-oriented environments, observability centers on latency, availability, and
error rates, with system health evaluated through SLO adherence and error budgets (Beyer et al.,
2016; DeBellis & Peters, 2022). Availability functions as the primary proxy for stability,

consistent with redundancy-based recovery models described in §4.6.

In accelerator-bound inference systems, this proxy becomes insufficient. As discussed in
§4.3 and §4.4, throughput efficiency depends on execution-domain coherence and preservation
of resident state. Consequently, systems may remain nominally “healthy” while operating at low
utilization or elevated cost-per-token. Feedback must therefore incorporate measures of

productive efficiency.

Accordingly, metrics such as device utilization, token throughput, prefill-versus-decode
ratios, and fabric health migrate from peripheral diagnostics to central regulatory indicators.
These are often synthesized into economic abstractions such as goodput and cost-per-token,
reflecting how effectively scarce accelerator time is converted into output. Yield thus joins
availability as a stabilization criterion, aligning observability with the flow-preserving reliability

objective outlined in §4.6.

This shift also exposes a second form of observability misalignment: degraded operation
may preserve SLO compliance while masking underlying performance or quality reduction. For
example, systems may reduce model precision, route traffic to smaller models, or shorten context
windows under capacity pressure (see §4.7). If such degraded states are not explicitly surfaced in

observability, dashboards may continue to report nominal latency and error rates while silently
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reducing output fidelity or efficiency. In these cases, SLO adherence reflects a narrowed and
potentially misleading definition of service quality, obscuring the true operational state of the

system.

Tooling such as DCGM, cluster monitoring stacks, and GPU-level tracing platforms
(Barroso et al., 2018; Yang et al., 2025; Feng, 2024; Suthar, 2025) provides the instrumentation
necessary to expose these variables. However, instrumentation alone does not determine
regulatory meaning. The same metric may be interpreted differently depending on the control
model of the observer: an ML engineer may see batching inefficiency, an SRE may see latency
risk, and a capacity planner may see economic instability. Observability thus functions as a

boundary object through which competing regulatory frames are negotiated.

This mediation role becomes particularly visible in retrieval-augmented generation
(RAG) pipelines, where traditional dashboards may register latency anomalies without
distinguishing between model execution and upstream retrieval phases. GPU-level observability
can reveal idle accelerators during I/0O-bound intervals, shifting intervention from model tuning

to pipeline coordination.

Across deployments, a recurring pattern of observability lag emerges. New inference
behaviors—such as long-context prompts, multi-model routing, or dynamic batching—initially
appear as unexplained utilization anomalies or cost overruns. When newly consequential
variables remain weakly instrumented, regulatory misalignment persists. What cannot be seen
cannot be regulated. Observability therefore not only describes system state but constrains which

states are actionable (Norman, 2013).
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As productivity-centered metrics gain prominence, dashboards increasingly function as
governance instruments rather than passive monitors. Decisions about model selection, precision
adjustment, and capacity allocation are informed directly by yield and cost indicators, reinforcing

the allocation- and flow-oriented control regime described in §4.3 and §4.6.

Taken as a whole, these patterns indicate that observability in GPU-accelerated inference
systems evolves from availability-centered monitoring toward a multi-dimensional
representation of system health that includes utilization, yield, and explicit signaling of degraded
operational states. Without this expansion, systems may appear stable while operating

inefficiently or at reduced quality, reinforcing cognitive debt within the operational control loop.

4.5.1 Composite Episode: “Green Dashboard, Red Economics”

The re-mediation of observability under accelerator constraint can be illustrated through a
composite episode in which traditional reliability indicators masked emerging economic

instability.

An inference service operating within latency service-level objectives began exhibiting

subtle throughput degradation during peak demand. Standard dashboards showed:

e PO95 latency within SLO bounds
e Error rates near zero
e Replica health nominal

o Autoscaler stable

From a conventional site reliability perspective, the system was healthy. No alerts were

triggered, and no intervention was formally required.
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However, GPU-level metrics told a different story. Device utilization had fallen from
expected steady-state levels, batch sizes were fragmenting, and tokens-per-second output was
declining despite stable request volume. Cost-per-token calculations—visible only in a

secondary observability view—showed a measurable increase.

The elasticity-oriented control model privileged availability and latency as primary
indicators of system health. Because these metrics remained green, no escalation occurred. The

implicit regulatory logic was: if SLOs are satisfied, the system is stable.

This framing made certain signals salient—Ilatency, error rate, request success—and
rendered others secondary. GPU utilization and yield were interpreted as performance

optimizations rather than reliability variables.

As peak demand continued, throughput variability increased. The system did not fail; it
became economically inefficient. Tokens were delivered, but at reduced density per unit

accelerator time. Production capacity was being consumed without proportional output.

Repeated episodes of this pattern revealed a structural mismatch: uptime was no longer a
sufficient proxy for stability. The regulated variable in accelerator-bound systems was not

merely request success but productive yield.

This misalignment constitutes cognitive debt at the metric layer. The inherited
observability hierarchy—availability first, efficiency second—persisted despite a regime in
which hardware utilization and cost-per-token were first-order constraints. As long as dashboards

encoded elasticity-oriented priorities, intervention thresholds were miscalibrated.
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Metric reorientation began incrementally. GPU utilization, tokens-per-second, and cost-
per-token were elevated to primary status. Alert thresholds were redesigned to trigger on yield
degradation even when SLO compliance remained intact. Reliability reviews began

incorporating economic viability as a stabilization criterion.

Crucially, this shift did not represent the addition of new metrics alone. It represented a
change in what counted as system health. Observability ceased to function solely as a diagnostic
interface and became a regulatory instrument. Feedback variables were reweighted to align with

constraint-dense production dynamics.

These observations suggest a broader shift in how observability signals are interpreted in
accelerator-bound systems. When availability-centered metrics dominate operational dashboards,
economically consequential inefficiencies may remain invisible even as system productivity
declines. Practitioners therefore begin elevating utilization and yield-oriented metrics to better

represent system viability under constraint.

In GPU-accelerated inference systems operating under accelerator constraint, a dashboard
that remains green may conceal a system that is economically red. Recognizing this divergence

is a prerequisite to stabilizing flow under constraint.

4.6 Reframing Reliability Under Constraint: From Redundancy to Flow

Preservation

Across several incident retrospectives and operational journal entries analyzed in this
study, engineers described situations in which services remained reachable while throughput

collapsed following disruptive interventions such as node restarts or execution-domain
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fragmentation. In these cases, dashboards indicated nominal availability even as tokens-per-
second output and GPU utilization declined. Practitioners increasingly evaluated these events not
in terms of service reachability, but in terms of the system’s ability to sustain stable token
production under constraint. This pattern appeared most clearly in incident retrospectives and
throughput-oriented dashboard review. The recurring pattern in these episodes provides the

empirical basis for the reframing of reliability developed in this section.

The organizing principle of this finding is the target of stabilization. Reliability is defined
not by the existence of recovery mechanisms, but by what the system seeks to preserve when

disturbances occur.

In classical site reliability engineering, reliability is framed statistically through service-
level objectives and error budgets, with stability achieved through redundancy, rapid
replacement, and automated recovery (Basiri et al., 2016; Beyer et al., 2016). This model
assumes failures are localized and inexpensive to absorb, making uninterrupted availability the

implicit stabilization objective.

In accelerator-bound inference tiers, this assumption weakens. As discussed in §4.3,
execution-domain coupling means failures are not uniformly local: terminating a GPU-hosting
node may force model reloads, fragment execution domains, and disrupt synchronized pipelines
(Narayanan et al., 2021; Cui et al., 2025). Recovery consumes scarce accelerator time and may

destabilize throughput equilibrium rather than restore it.

Accordingly, the stabilization objective shifts from service reachability to sustained
productive flow. Reliability is evaluated in terms of throughput stability, latency envelopes, and

cost efficiency, rather than binary uptime alone. This reorientation aligns with the continuity
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dynamics described in §4.4, where preserving resident execution state becomes central to

maintaining system stability.

This shift has structural implications. Execution domains function as minimum viable
production units, where partial failure can stall entire pipelines. Stabilization must therefore
operate at the level of coordinated execution rather than individual components, reinforcing the

expansion of the unit of regulation beyond the service instance.

Practitioners adapt accordingly. Rather than eliminating all failure through redundancy,
teams design interventions that preserve flow under constraint. As expanded in §4.7, this
includes graded degradation strategies such as routing lower-priority traffic to smaller models,
reducing context length, or adjusting precision and parallelism. These interventions accept partial

quality or latency variation in order to maintain aggregate throughput.

Disaster-recovery reasoning similarly shifts. In cloud-native systems, failover assumes
substitutable capacity across regions. In GPU-constrained environments, accelerator inventory
may be saturated or unevenly distributed, making failover a contraction of available production
capacity rather than a neutral routing event. Although availability may be restored, time-to-

stable-throughput can remain elevated while execution domains reconstitute.

Operational practices reflect this reframing. Fault injection is scoped more selectively,
recovery actions are staged rather than reflexive, and interventions are evaluated based on their
impact on end-to-end flow rather than component-level health. The objective is not to eliminate

disturbance entirely, but to bound its impact on sustained production.
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Taken as a whole, these patterns indicate that GPU-accelerated inference reorganizes the
stabilization objective of distributed systems. It is this recurring empirical pattern—nominal
availability combined with degraded throughput continuity—that grounds the argument that
reliability is being reinterpreted under constraint. Reliability shifts from redundancy-based
uptime toward flow-preserving regulation: the system is considered reliable not merely when it

remains reachable, but when it sustains economically viable inference output under constraint.

4.7 Degradation as Regulatory Design Under Constraint

This section demonstrates that GPU-accelerated inference expands the intervention space
of distributed systems by transforming degradation from a reactive failure response into a
deliberately engineered regulatory instrument. Across deployment planning discussions,
architecture reviews, and incident reflections analyzed in this study, practitioners described
strategies in which model quality, numerical precision, and execution configuration were
intentionally adjusted in response to capacity pressure. These adjustments were discussed not
only as emergency workarounds but as recurring ways of preserving throughput when
accelerator inventory could not expand quickly enough to absorb demand. The empirical pattern,
therefore, was not merely that systems degraded under stress, but that teams increasingly treated
graded degradation pathways as available operational options within constrained environments.

This pattern appeared primarily in deployment planning and capacity triage discussions.

As discussed in §4.3, accelerator capacity cannot always expand to absorb demand
spikes. Rather than rejecting requests outright, teams introduce graded quality reductions or
alternative execution paths to keep GPUs saturated while preserving service continuity. This

reflects a broader shift in which capacity is governed through allocation rather than provisioning.
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The organizing principle of this finding is control surface expansion. When hardware
ceilings constrain horizontal scaling, stabilization requires additional degrees of freedom within
the existing capacity envelope. Degradation introduces those degrees of freedom by allowing
systems to modulate quality, efficiency, and execution configuration rather than relying

exclusively on scale-out.

In elasticity-oriented service architectures, degradation is typically coarse and reactive,
preserving availability through load shedding or feature disablement. In accelerator-bound
inference systems, degradation becomes fine-grained and proactive, integrated into steady-state
operation. Rather than treating models as static artifacts, practitioners manage portfolios of
models, precision formats, and execution configurations that can be dynamically selected under

constraint.

Several recurring control dimensions appear across deployments. One is model
substitution, where traffic is routed to smaller or distilled models under capacity pressure,
preserving throughput while accepting reduced output fidelity. Another is numeric precision
modulation, where formats such as FP16, BF16, INTS, or FP8 are selected to trade accuracy for
memory efficiency and computational density (Wu et al., 2025; Zhou et al., 2024). A third is
execution topology adjustment, where tensor- or pipeline-parallel configurations are narrowed to
operate within reduced accelerator availability, preserving continuity at the cost of increased
latency (Narayanan et al., 2021; Ye et al., 2024). In mixture-of-experts deployments, routing

policies provide additional flexibility by shifting tokens toward lower-cost experts.

These mechanisms extend the continuity-preserving strategies described in §4.4, where

maintaining resident execution state is central to throughput stability. Here, however, continuity
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is preserved not only through state retention but through controlled modulation of workload
characteristics. Degradation thus complements continuity by enabling systems to remain within

feasible operating bounds without triggering disruptive resets or idle capacity.

This reframing also reinforces the reliability shift outlined in §4.6. Rather than defining
stability in terms of uninterrupted availability, systems are evaluated by their ability to sustain
productive flow under constraint. Degradation enables this by converting hard capacity limits
into adjustable operating regimes, allowing throughput continuity to be maintained even as

quality or latency varies.

Across deployments, degradation pathways are engineered in advance. Instead of treating
capacity exhaustion as a binary failure threshold, systems are designed with graded response
mechanisms that preserve aggregate output. Quality, latency, and cost become jointly negotiable
parameters within the control loop. The claim here is not that all teams formalize degradation as
an explicit doctrine, but that the operational materials repeatedly show practitioners using
controlled quality or configuration reduction as a practical means of preserving productive flow

under scarcity.

This reframing alters the meaning of scaling. Rather than asking how many replicas to
provision, practitioners ask which configurations should consume scarce accelerator time under
current conditions. Model selection, precision, and execution topology thus function as

adjustable stabilization variables within a bounded hardware envelope.

Taken as a whole, GPU-accelerated inference expands the regulatory control surface of
distributed systems. When horizontal expansion is constrained, operators introduce additional

dimensions of control within existing infrastructure. Degradation shifts from reactive mitigation
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to intentional modulation, enabling systems to maintain sustained productive flow despite

fluctuating demand and finite accelerator capacity.

4.8 Temporal Reorientation: Reorganizing the Time Horizon of Control

This section argues that GPU-accelerated inference expands the temporal horizon of
distributed systems regulation. Across incident reviews, capacity planning discussions, and
infrastructure road-mapping artifacts analyzed in this study, practitioners repeatedly described
operational disturbances whose resolution depended not only on immediate remediation but also
on longer-horizon infrastructure decisions. Under accelerator constraint, stabilization no longer
operates solely through short operational feedback loops; it increasingly depends on capacity
governance unfolding over extended time horizons. This recurring conjunction provides the
empirical basis for the argument that the time horizon of control expands under sustained

accelerator constraint.

During coding of operational materials, references to infrastructure timelines frequently
appeared alongside discussions of performance instability and capacity exhaustion. These
references clustered around codes such as hardware lead time, capacity reservation,
procurement delay, and topology standardization, indicating that engineers routinely interpreted
operational problems through the lens of infrastructure lifecycle timing rather than purely
software remediation. The pattern suggests a structural coupling between operational stability
and hardware planning horizons. This pattern appeared in planning artifacts, road maps, and

incident reviews that linked present instability to future capacity decisions.

The organizing principle of this finding can therefore be described as control-loop

duration. In elasticity-oriented environments, regulatory reasoning is dominated by rapid

74



intervention cycles. In accelerator-bound systems, however, short-loop correction becomes

coupled to long-loop infrastructure planning.

A capacity-planning discussion illustrates this temporal shift:

“We can tune batching this week, but adding GPUs will take at least a quarter. The real

solution to this load pattern is a hardware planning decision, not an autoscaling policy.”

Rather than interpreting instability solely as a software tuning problem, engineers
increasingly frame disturbances as signals about longer-term infrastructure constraints.
Operational anomalies therefore become inputs into planning processes that unfold over months

rather than minutes.

Classical DevOps practice privileges short feedback cycles: incidents are mitigated
within minutes, deployments occur within hours, and system improvements are delivered over
days or weeks (Humble & Farley, 2010; Beyer et al., 2016). Elastic infrastructure supports this
rhythm by decoupling operational response from physical constraint. Restart, scale-out, and

redeploy function as rapid stabilization mechanisms.

Accelerator-bound inference systems introduce a different temporal structure. Hardware
constraints lengthen the arc of regulation. Expanding capacity may require procurement cycles,
datacenter power allocation, cooling capacity planning, or regional resource reservations that
unfold over months or quarters (Gartner, 2024; NVIDIA, 2024). Accordingly, capacity

expansion becomes staged rather than instantaneous.

Operational stabilization therefore operates across two interdependent temporal layers.

Short-term actions—such as tuning batching parameters, isolating degraded nodes, or adjusting
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scheduling policies—remain necessary to mitigate immediate disturbances. At the same time,
engineers increasingly interpret these disturbances as evidence for longer-term infrastructure
adjustments, including accelerator procurement, topology standardization, or model portfolio

redesign.

Temporal coupling is reinforced by homogeneity requirements within multi-node
execution domains. Inference pipelines frequently require synchronized firmware versions,
driver stacks, and interconnect configurations to maintain collective performance. Maintenance
therefore operates at the domain level rather than the individual instance level. Updating only a
subset of nodes may fragment execution domains or degrade collective efficiency, forcing

coordinated maintenance windows and deliberate capacity withdrawal.

The resulting configuration can be understood as a dual-temporal regulatory regime.
Engineers continue to operate within rapid feedback cycles while simultaneously reasoning
across extended infrastructure horizons. Incident retrospectives often incorporate forward-
looking questions—whether earlier capacity provisioning, topology alignment, or hardware

standardization could have prevented the disturbance.

This reorientation alters the operational model of time within distributed systems
governance. Infrastructure is no longer treated as instantly reconfigurable; instead, it becomes a
constrained inventory governed by procurement lead times, lifecycle management, and
coordinated maintenance schedules. Stabilization therefore requires aligning immediate

corrective action with forward-looking capacity stewardship.

GPU-accelerated inference thus expands the time horizon of distributed systems

regulation. Short feedback loops remain essential but are embedded within longer infrastructure
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governance cycles. The operational control loop evolves from rapid elastic correction toward
coordinated regulation across both short and long temporal horizons. Across the empirical
material examined in this study, practitioners repeatedly navigated this dual temporal structure,
responding to immediate disturbances while simultaneously reasoning about infrastructure
capacity months into the future. That recurring linkage between immediate instability and long-

horizon planning is what grounds the analytic claim developed here.

4.9 Metaphorical Framing in Operational Reasoning

This section examines how metaphorical framing appears in practitioners’ reasoning as
they interpret and regulate GPU-accelerated inference systems under structural constraint.
Across incident discussions, design reviews, and retrospective analyses, metaphorical language
consistently functions as a mechanism for organizing how engineers describe system dynamics
and justify intervention choices. While prior sections analyzed shifts in capacity (§4.3), state and
continuity (§4.4), feedback and observability (§4.5), and stabilization objectives (§4.6), this
section addresses the cognitive substrate through which those shifts are interpreted and enacted.
In this sense, metaphor operates at the level of the internal model within the control loop,

shaping how constraint is perceived and how intervention becomes intelligible.

At the core of this pattern, metaphor functions as model scaffolding. In complex socio-
technical systems, practitioners rarely reason directly about abstract structural constraints;
instead, they rely on conceptual frames that foreground certain system properties while
backgrounding others (Lakoff & Johnson, 2003; Gentner & Gentner, 1983). These frames
encode regulatory assumptions and influence which interventions appear natural, rational, or

safe.
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This pattern appeared in retrospective language, design discussions, and noted shifts in

analogy. During an incident retrospective, one engineer summarized this shift:

“We can’t treat replicas like interchangeable containers; they behave more like stations

on a production line. Restarting them is like clearing the assembly line.”

This observation illustrates how metaphorical reframing emerges as practitioners seek

conceptual tools that better align with constrained inference dynamics.

Cloud-native operations matured alongside a stable repertoire of metaphors that

2 ¢¢

reinforced elasticity-oriented control logic. Concepts such as “pets versus cattle,” “service
mesh,” and CI/CD “pipelines” normalized disposability, fluid interconnection, and continuous
delivery (Turnbull, 2014). These metaphors were not merely descriptive; they stabilized a regime
built on fungibility, redundancy, and inexpensive failure. Through repeated use in

documentation, dashboards, and runbooks, they became embedded in the cognitive infrastructure

of distributed systems governance.

Under accelerator constraint, however, the structural fit of these metaphors narrows. As
shown in §4.3 and §4.4, capacity is finite and execution domains are tightly coupled, while
resident state carries economic consequence. In this context, “load balancing” presumes
interchangeable replicas, yet throughput may improve when requests are concentrated to
preserve batching coherence and cache locality. “Autoscaling” encodes expansion as a
stabilizing reflex, while constrained systems often require allocation or quality modulation.
“Blast radius” assumes spatial containment of failure, whereas degradation of a single device
may propagate across an execution domain. These metaphors remain partially valid but

increasingly obscure the dynamics that govern accelerator-bound systems.
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Disaster-recovery metaphors exhibit a similar limitation. Concepts such as “failover” and
“active-active regions” assume geographic substitutability, yet GPU inventory may be regionally
constrained and execution domains costly to reconstruct. As a result, inherited abstractions can
overstate system elasticity and contribute to cognitive debt by sustaining internal models that

diverge from actual system behavior.

As elasticity-oriented metaphors lose explanatory power, practitioners adopt alternative

frames that better represent constrained execution. Factory and production-line language

9 ¢ 99 6

becomes prevalent: “stations,” “work-in-progress,” “bottlenecks,” “yield,” and “line rate” (Hopp
& Spearman, 2011). These metaphors foreground scarcity, flow, and throughput, rendering
visible the coupling between accelerator time and economic output. In doing so, they align more

closely with the flow-preserving reliability objective described in §4.6.

This reframing alters operational reasoning. Describing a model server as a “station
holding inventory” reframes restart as discarding work-in-progress, reinforcing the continuity
concerns outlined in §4.4. Framing a GPU fabric as a “production line” recasts topology
fragmentation as line imbalance rather than isolated component failure, shifting the effective unit
of regulation toward coordinated execution domains. In this way, metaphor directly influences

both perception and intervention.

29 ¢¢

Legacy metaphors, however, persist. Language such as “scale out,” “stateless services,”
and “just restart the pod” continues to guide reasoning even in tightly coupled inference tiers.

This coexistence produces patterned tensions in operational reasoning, consistent with the

operational double vision described earlier in the chapter. Practitioners may recognize structural
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constraint while still applying inherited heuristics, leading to intervention mismatch and

reinforcing cognitive debt.

Over time, practitioners engage in metaphor refactoring. Teams revise terminology,
distinguish between control-plane services and execution stations, introduce concepts such as
“warm inventory” and “line WIP,” and redesign diagrams to represent buffers and domain
boundaries. These changes are not merely linguistic; they represent attempts to realign internal
models with structural conditions. As Norman (2013) suggests, alignment between conceptual
models and system structure reduces interpretive error. Metaphor refactoring therefore functions

as a mechanism for reducing cognitive debt and stabilizing operational reasoning.

The cumulative effect of this process is the emergence of Al-factory cognition as an
accelerator-bound regulatory regime. Within this frame, GPUs are treated as finite production
assets, inference replicas as stations preserving work-in-progress, dashboards as production
control boards, and cost-per-token as unit production cost. This regime does not fully displace
elasticity-oriented reasoning; rather, it overlays and selectively replaces it within constrained

inference tiers. Operational double vision persists, but the center of regulatory gravity shifts.

Metaphor is therefore not a neutral representation but a selective regulatory lens.
Elasticity-oriented metaphors foreground redundancy and rapid replacement while obscuring
scarcity and coupling; factory metaphors foreground flow and yield while potentially obscuring
configurational flexibility. The critical distinction is not between having or lacking metaphor, but

between frames that align with structural conditions and those that do not.

In aggregate, these findings indicate that shifts in metaphorical framing accompany

broader changes in how practitioners interpret constraint, evaluate interventions, and monitor
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system behavior. As elasticity-oriented abstractions lose explanatory power in accelerator-bound
environments, alternative frames—most commonly factory and production-line metaphors—
become more prevalent. Through this process, metaphor refactoring enables internal control
models to converge with evolving system dynamics, supporting the emergence of Al-factory

cognition under conditions of scarcity, execution-domain coupling, and economic constraint.

4.9.1 Worked Example: Elastic “Load Balancing” to Factory “Flow Control”

The mechanism of metaphor-mediated regulatory reasoning can be illustrated through a
composite operational episode drawn from inference-tier deployments. In this episode, the
inference service was initially interpreted through a conventional cloud-native load-balancing
metaphor. Requests were assumed to be evenly distributable across fungible replicas, and
stability was expected to emerge through horizontal distribution of traffic. Within this framing,
replicas were treated as symmetric service endpoints and restart-based remediation was
considered a safe corrective action. Autoscaling and even traffic distribution were therefore

interpreted as primary stabilization mechanisms.

This metaphor foregrounded certain system properties while obscuring others. Replica
symmetry, stateless recoverability, and traffic distribution appeared central, while batch
coherence effects, KV-cache locality, execution-domain coupling, and the possibility of
nonlinear throughput collapse remained largely invisible within the operational frame. As a
result, dashboard instrumentation reinforced elasticity-oriented reasoning. Service health was
evaluated primarily through P95 latency, error rates, and replica health. GPU utilization and
tokens-per-second were available but treated as secondary diagnostics rather than primary

regulatory variables.
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During a latency spike, traffic was redistributed evenly across replicas and one
underperforming pod was restarted. From an elasticity-oriented perspective, this intervention
appeared stabilizing. As one engineer summarized in the incident channel: “Everything’s green
— just restart the slow pod.” The intervention followed established cloud-native remediation

logic.

The resulting system behavior revealed a mismatch between the inherited control model
and the structural dynamics of the inference tier. Restarting the replica cleared the KV cache,
degraded batch efficiency, and reduced tokens-per-second output across the execution group.
Cost-per-token increased temporarily, and latency oscillated before stabilizing. Importantly,
availability indicators remained nominal throughout the episode; service-level dashboards

continued to report healthy status.

Across repeated incidents of this type, a patterned divergence became visible. The
elasticity-oriented load-balancing metaphor assumed fungible replicas and inexpensive restarts,
while the actual system dynamics were shaped by residency-sensitive state and batch-coherent
execution. Restart-and-redistribute interventions therefore repeatedly disrupted productive flow
despite nominal SLO compliance. Intervention mismatch emerged not as isolated error but as a

recurring pattern of model—constraint divergence.

This episode illustrates how inherited metaphors shaped operational reasoning even
before the structural constraints of the inference tier were fully recognized by practitioners.
Metaphorical framing influences which metrics are treated as primary signals, which variables
remain peripheral, and which interventions appear rational. When inherited abstractions continue

guiding intervention under altered structural conditions, regulatory mismatch accumulates. In
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this study, such patterned divergence is interpreted as an instance of cognitive debt: stabilization
heuristics inherited from elasticity-oriented environments continue to guide action even after

structural constraint changes their stabilizing effect.

Over time, practitioners began implicitly refactoring the underlying metaphor. Rather
than describing the inference tier as a balanced service mesh, engineers increasingly described it
as a production line. Requests were conceptualized as work-in-progress moving through stations,
where replicas held inventory in the form of KV-cache state. Within this framing, stability
depended not on equal distribution of traffic but on preserving batch coherence and maintaining

continuous flow through the execution domain.

This reframing produced corresponding shifts in operational practice. GPU utilization
and tokens-per-second became primary regulatory signals, while replica restarts were staged and
minimized to preserve resident state. Traffic was intentionally concentrated to maintain batching
efficiency rather than evenly distributed across replicas. Degradation pathways—such as model
substitution or quality modulation—were introduced to maintain production flow when capacity

contracted.

The factory metaphor foregrounded scarcity and throughput dynamics, reducing model—
constraint divergence and aligning intervention logic with the structural conditions of
accelerator-bound systems. As Al-factory cognition became more established among operators,
oscillatory throughput disturbances decreased and operational reasoning became more consistent

across incidents.

This episode illustrates the interaction of several regulatory shifts identified in this study.

Intervention logic recalibrates under execution-domain coupling, metric reorientation mediates
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regulatory realignment, and metaphor refactoring functions as a mechanism through which

cognitive debt is gradually reduced.

4.10 Regulatory Learning, Bricolage, and the Stabilization of Pattern

Languages

Across deployment discussions, incident reviews, and operational planning artifacts
examined in this study, practitioners frequently described assembling provisional operational
solutions before any stable doctrine for GPU inference operations existed. Rather than
introducing fully designed architectures, engineers combined existing infrastructure
components—such as Kubernetes scheduling primitives, vendor-provided GPU operators, HPC-
style job placement logic, and custom automation scripts—to manage state residency, topology
placement, and capacity allocation under constraint (Oliveira, 2025; Chazapis et al., 2024;
Wickberg et al., 2025). These hybrid configurations appeared repeatedly in operational materials
where practitioners documented ad hoc adjustments to scheduling rules, rollout procedures, and

deployment topology in response to instability or capacity contention.

This pattern appeared in runbooks, deployment tuning notes, and recurring operational
shorthand across episodes. During coding of the field materials, references to these practices
clustered around categories such as placement workaround, operator layering, fabric isolation
rule, and manual capacity coordination. These codes frequently appeared in discussions of
incident remediation and deployment tuning, indicating that engineers were actively
experimenting with combinations of orchestration mechanisms to stabilize inference workloads.
The resulting infrastructure arrangements rarely reflected a single coherent architectural model.

Instead, they emerged incrementally through operational experimentation.
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The organizing principle of this finding can be described as regulatory learning through
bricolage. When inherited elasticity-oriented abstractions lose structural fit, practitioners do not
immediately replace them with fully articulated control doctrines. Instead, they assemble
provisional mechanisms that approximate alignment with the emerging constraint regime.
Infrastructure components originally designed for distinct operational paradigms—cloud-native
orchestration, high-performance computing scheduling, and machine-learning serving
infrastructure—are recombined to produce workable control arrangements under accelerator

constraint.

Across multiple operational episodes, engineers described introducing targeted
adjustments—such as preserving model residency, staging deployments to protect warm
execution state, isolating accelerator fabrics, or partitioning inference tiers—and then observing
the resulting effects on throughput stability and capacity utilization. These interventions
functioned implicitly as operational hypotheses about how stabilization should occur in
accelerator-bound systems. Some heuristics failed and were abandoned; others persisted and

were gradually formalized in runbooks or deployment procedures.

Over repeated cycles of deployment, incident response, and capacity negotiation,
provisional heuristics began to consolidate into shared operational shorthand. Several operational
discussions referenced recurring expressions used to coordinate complex interventions—for

99 6

example, phrases such as “line restart,” “warm pool rotation,” “multi-model fallback,” or “fabric
isolation.” These expressions functioned as condensed representations of accumulated
operational reasoning. Rather than re-deriving the rationale for each intervention during an

incident, teams invoked shared terminology that encoded assumptions about workload

placement, capacity allocation, and model fallback behavior.
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These linguistic artifacts can be understood as pattern languages for accelerator-bound
operations. Once stabilized within team vocabulary, they allow practitioners to coordinate
interventions without re-explaining the underlying technical logic. In this way, emerging
regulatory knowledge becomes embedded not only in tooling but also in language and routine
practice. Pattern languages therefore represent the social stabilization of cognitive infrastructure,

translating experimental operational insights into shared coordination mechanisms.

At this stage, however, such pattern languages remain locally bounded. Across
organizations discussed indirectly through practitioner exchanges and public operational reports,
similar structural challenges—accelerator scarcity, execution-domain coupling, cold-start
disruption, and degradation under load—are addressed through independently developed
heuristics. Parallel but divergent operational vocabularies emerge, shaped by vendor ecosystems,

organizational history, and infrastructure configuration.

Unlike cloud-native operations, which gradually converged around standardized DevOps
and SRE practices, GPU inference operations remain in a phase of distributed experimentation.
This fragmentation suggests that the reconstruction of regulatory doctrine under accelerator
constraint remains incomplete. Cognitive debt persists where elasticity-oriented heuristics

coexist with emerging constraint-oriented practices.

The maturation of accelerator-bound operations will likely depend on the broader
consolidation of these emerging control patterns. As recurring heuristics become recognized,
documented, and shared—through open-source tooling, conference discourse, benchmarking
practices, and practitioner-oriented research—they may crystallize into more stable abstractions

and interoperable governance models. Regulatory knowledge gradually shifts from localized
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improvisation toward collective doctrine. The argument is not that a formal, widely shared
pattern language already exists across the field, but that the empirical materials show locally

stabilized phrases and routines functioning as compressed carriers of emerging control logic.

Regulatory realignment under accelerator constraint therefore proceeds through iterative
bricolage that stabilizes into pattern languages. These intermediate artifacts encode emerging
control logic before formal doctrine exists. Across the empirical material examined in this study,
regulatory learning appeared as a gradual process of experimentation, recombination, and
consolidation. Teams assembled provisional mechanisms from heterogeneous infrastructure
practices and refined them through repeated operational episodes. Over time, some of these
combinations stabilized into shared routines that encoded new control assumptions about
allocation discipline, continuity preservation, and sustained productive flow in accelerator-bound

inference systems.

4.11 Emergent Regulatory Patterns

This section synthesizes the preceding findings into a coordinated account of regulatory
reorganization. Rather than representing isolated operational adaptations, the patterns described
in §§4.2—4.10 form an interdependent system of shifts in how accelerator-bound inference

environments are governed under constraint.

Across capacity management (§4.3), intervention logic (§4.4), observability (§4.5),
reliability framing (§4.6), temporal governance (§4.8), and cross-role coordination, practitioners
repeatedly encountered situations in which cloud-native operational assumptions provided

incomplete guidance for stabilizing system behavior. In this context, operational reasoning is
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progressively reorganized around allocation discipline, continuity preservation, and sustained

productive flow.

As accelerator scarcity, execution-domain coupling, and utilization-sensitive economics
become persistent structural conditions, elasticity-oriented reasoning does not disappear but
becomes selectively applied to service layers where its assumptions remain valid. What emerges
instead is a coordinated, constraint-aware regulatory regime that integrates these dimensions into

a coherent system of control.

4.11.1 Pattern Interdependence

Although the preceding sections analyze regulatory dimensions separately, the empirical
material indicates that these shifts operate as a tightly coupled system. Changes in one dimension
consistently propagate across others. As described in §4.3, allocation pressure increases the
importance of preserving scarce accelerator capacity; this, in turn, reinforces the continuity-
preserving intervention logic outlined in §4.4. These dynamics elevate throughput stability and
utilization as primary feedback signals (§4.5) and reframe reliability around sustained productive
flow (§4.6), while also increasing coordination demands across application, platform, and

infrastructure roles.

Operational change therefore does not occur through isolated adjustments to individual
control practices. Instead, practitioners renegotiate system boundaries, diagnostic signals, and
intervention strategies as part of an interdependent control process. What appears as a local
adjustment—such as modifying placement, preserving state, or altering metrics—often reflects a

broader realignment of the control loop under constraint.
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This interdependence helps explain why operational change appears uneven but
directional. Elasticity-oriented control logic continues to function in stateless service layers,
while inference tiers increasingly require constraint-aware coordination across capacity, state,
feedback, and intervention. The result is not a wholesale replacement of cloud-native reasoning,

but its selective reconfiguration within tightly coupled execution domains.

The sections that follow illustrate how this interdependence becomes visible in
operational incidents, where competing control assumptions produce interpretive fragmentation

across roles.

4.11.2 Composite Episode: Cross-Role Attribution Breakdown

The preceding sections examined shifts in capacity (§4.3), continuity (§4.4), observability
(§4.5), and reliability (§4.6). In practice, these shifts often appear together within incidents where

engineers interpret system behavior through partially incompatible control assumptions.

The following composite episode illustrates how these dynamics interact.

During a high-traffic deployment window, an inference service operating within nominal
service-level objectives began exhibiting increasing latency variance. From the perspective of
application engineers monitoring request-level metrics, the system appeared unstable: latency

percentiles widened despite steady request volume and no visible error spikes.

An application engineer noted:
“Requests are still succeeding, but the tail latency is creeping up. Something in the infrastructure

1s unstable.”
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From the SRE perspective, the system appeared healthy. Availability remained within

SLO bounds, autoscaling behavior was stable, and replica health checks reported no failures.

One SRE observed:

“All service indicators look normal. The system is up and autoscaling is behaving correctly.”

At the platform layer, throughput-oriented metrics revealed declining utilization across
execution groups, batch fragmentation, and reduced tokens-per-second output despite stable

request demand (§4.5).

A platform engineer commented:

“The service is available, but the GPUs are underutilized. Something is breaking batching.”

Investigation showed that several inference replicas had been restarted during routine
remediation of intermittent health-check warnings. While consistent with elasticity-oriented
intervention logic, these restarts cleared warmed KV-cache state and disrupted execution-domain

coherence (§4.4), producing a temporary loss of throughput stability.

From the infrastructure perspective, the disturbance appeared as execution-domain
imbalance:
“The nodes are healthy individually, but the execution group lost coherence after the restart.

Throughput dropped because the pipeline had to warm up again.”

Each role observed a different manifestation of the same disturbance:

e Application/Model engineers: latency variance

e SREs: nominal availability
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e Platform engineers: batching instability

e Infrastructure engineers: execution-domain imbalance

These interpretations initially appeared contradictory because each reflected a different
regulatory frame. A coherent explanation emerged only after correlating throughput degradation
with restart events, linking request-level symptoms to disruptions in resident state and execution

coherence.

This episode shows how a single intervention can produce divergent interpretations

across roles when system behavior depends on tightly coupled execution domains.

4.11.3 Disconfirming and Boundary Episodes

Although the patterns described in §§4.2—4.10 appear consistently across many episodes,
several cases fall outside the expected dynamics. Examining these boundary conditions clarifies

where the proposed relationships hold.

In deployments involving smaller models on single-GPU instances, restart-based
remediation remained effective. Because reload times were short and execution-domain coupling
was absent (§4.3), restarts did not materially disrupt throughput stability. In these contexts, the
continuity sensitivities described in §4.4 were minimal, and disposability remained a viable

stabilization heuristic.

Similarly, stateless service layers adjacent to inference tiers continued to benefit from
elasticity-oriented practices such as autoscaling and pod recycling. As noted in §4.6, availability-

centered reliability assumptions remain appropriate where components are loosely coupled and
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state is externalized. Interventions that destabilize inference pipelines therefore continue to

function as intended within these layers.

These cases indicate that the phenomena described in this chapter are not a consequence
of machine learning workloads per se, but of specific structural conditions. Cognitive debt
becomes most visible where accelerator scarcity (§4.3) and execution-domain coupling intersect

with inherited elasticity-oriented control models.

Disconfirming episodes therefore delimit the scope of the argument: the reorganization of
operational reasoning is most pronounced in inference tiers operating under sustained constraint,

and less applicable in loosely coupled or resource-abundant environments.

4.11.4 Role-Differentiated Visibility of Cognitive Debt

Cognitive debt does not appear uniformly across engineering roles. Instead, divergence
between inherited control assumptions and accelerator-bound system dynamics becomes visible

through different feedback surfaces depending on the role’s position within the control loop.

Application engineers typically encounter early signals through latency variability and
request-level anomalies. As discussed in §4.5, reliance on service-level metrics can obscure
underlying throughput degradation, leading these symptoms to be initially interpreted as generic

infrastructure instability.

SREs often encounter cognitive debt through observability divergence. Situations in
which dashboards remain SLO-compliant while utilization and throughput decline—described in
§4.5 as “green dashboards with red economics”—expose limitations in availability-centered

monitoring frameworks.
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Platform engineers observe misalignment through placement instability and topology
fragmentation. As outlined in §§4.3 and 4.4, scheduling decisions that ignore execution-domain
coupling or residency sensitivity can degrade batch coherence and throughput, revealing a

mismatch between scheduler assumptions and constrained execution dynamics.

Model engineers encounter the phenomenon through batching efficiency and pipeline
behavior. Variability in prompt distribution, cache utilization, and execution coordination
reflects the sensitivity of throughput to state residency and coupling, reinforcing the limits of

replica-symmetry assumptions (§4.4).

Infrastructure engineers most directly observe execution-domain effects, including
interconnect asymmetry, synchronization stalls, and fabric-level imbalance. These signals make
visible the expanded unit of regulation described in §4.6, where system behavior is governed at

the level of coordinated execution domains rather than individual components.

Across roles, these perspectives are locally valid but incomplete. Each reflects the
feedback signals most salient within a given domain, but no single view captures the coupled
dynamics of the system. Regulatory realignment therefore depends on integrating these partial

perspectives into a shared control model aligned with constraint-bound execution.

In this sense, cognitive debt manifests as role-specific interpretive friction within the
socio-technical control loop. Its resolution requires not only new metrics or interventions, but

cross-role synthesis of how system behavior is perceived and regulated.

Table 4-2. Role-Differentiated Visibility of Cognitive Debt in Accelerator-Bound Inference

Role First Signal of Cognitive Debt Typical Initial Interpretation
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Application Latency variance Infrastructure instability

SRE Green dashboards, falling utilization Monitoring gap

Platform Placement instability Scheduler misconfiguration
Model Batch fragmentation Prompt distribution issue
Hardware Fabric imbalance Device or topology anomaly

4.12 Chapter Closure

This chapter has presented the empirical findings of the study. Across deployment
discussions, incident reviews, and operational artifacts, practitioners repeatedly encountered
situations in which operational assumptions inherited from elasticity-oriented cloud systems did
not align with the structural dynamics of GPU-accelerated inference environments under

sustained accelerator constraint.

Rather than isolated technical adjustments, these episodes reflect coordinated shifts
across multiple dimensions of system regulation. As detailed in §§4.2—4.11, changes in capacity
governance, intervention logic, observability, reliability framing, and cross-role coordination co-
occur as practitioners reconcile inherited control models with tightly coupled, resource-
constrained execution environments. Together, these patterns indicate a reorganization of the

operational reasoning through which distributed inference systems are governed.
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The findings suggest that GPU-accelerated inference reshapes not only infrastructure
architectures but also the cognitive frameworks through which those systems are interpreted and
regulated. The patterns identified in this chapter therefore provide an empirical foundation for

examining how operational control models evolve under constraint.

The following chapter builds on these findings to develop the study’s theoretical
implications and articulate provisional propositions describing how socio-technical control

structures realign in accelerator-bound production environments.
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Chapter S - Discussion and Conclusions

5.1 Rearticulating the Core Argument

Chapter 4 demonstrated that GPU-accelerated inference systems reorganize operational
reasoning across multiple regulatory dimensions, including capacity governance (§4.3),
intervention logic (§4.4), observability interpretation (§4.5), reliability framing (§4.6), and cross-
role coordination (§4.11). Across these domains, practitioners repeatedly encountered situations
in which elasticity-oriented control assumptions produced intervention mismatch under

conditions of sustained accelerator constraint.

Rather than treating these shifts as isolated adaptations, this chapter explains them as the
outcome of a common underlying mechanism: the divergence between inherited operational
mental models and the structural conditions governing accelerator-bound systems. As shown
throughout Chapter 4, this divergence becomes visible when familiar heuristics—such as restart-
based remediation, horizontal scaling, or availability-centered monitoring—fail to produce

expected stabilizing effects within tightly coupled, capacity-constrained execution environments.

This analysis builds on the study’s central claim that operational mental models function
as regulatory infrastructure within socio-technical systems. Engineers do not act directly on
system state; they act through interpretive frameworks that determine which signals are salient,
which interventions are considered safe, and what counts as stability. When structural conditions
change—specifically through finite accelerator capacity, execution-domain coupling, and

utilization-sensitive economics—these frameworks may lose alignment with system dynamics.
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The patterns identified in Chapter 4 can therefore be understood as a process of
regulatory realignment. Practitioners progressively revise how capacity is conceptualized (§4.3),
how intervention risk is evaluated (§4.4), which feedback signals are treated as primary (§4.5),
and how reliability is defined (§4.6), while also renegotiating coordination across roles (§4.11).
These adjustments do not occur independently; they cohere around a shift from elasticity-

oriented control toward constraint-aware, flow-preserving regulation.

The sections that follow develop this explanation by abstracting these recurrent patterns
into a set of provisional propositions. These propositions do not restate the empirical findings.
Instead, they specify the mechanisms through which operational control models reorganize as
distributed systems transition from elastic compute substrates to accelerator-constrained

execution environments.

5.2 From Empirical Findings to Theoretical Explanation

Chapter 4 identified a recurring pattern across multiple regulatory dimensions: GPU-
accelerated inference operates under structural conditions that differ from those assumed in
elasticity-oriented cloud architectures. Finite accelerator capacity, execution-domain coupling,
and utilization-sensitive economics alter not only system behavior, but the range of interventions

that can stabilize it.

Under elasticity-oriented control models, compute is treated as fungible, and instability
can often be addressed through scale-out, restart, or redistribution. In accelerator-bound
environments, those assumptions lose structural fit. As Chapter 4 showed, the same interventions
may disrupt resident state, fragment execution coherence, or reduce productive throughput rather

than restore stability.
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This divergence appears in the study as cognitive debt: the persistence of operational
mental models whose assumptions no longer align with the system dynamics they are used to
govern. It becomes visible when familiar heuristics continue to guide action after their stabilizing

conditions have changed.

The discussion that follows explains this divergence by identifying the mechanisms
through which operational reasoning reorganizes under accelerator constraint. Rather than
restating the findings, it abstracts them into a theoretical account of how socio-technical control
shifts when distributed systems move from elastic compute substrates toward constrained

execution environments.

5.2.1 Structural Constraint and the Contraction of the Intervention Space

A central implication of the findings is that the operational problem in GPU-accelerated
inference is defined not simply by the presence of machine learning workloads, but by sustained
accelerator constraint. As §§4.3—4.8 showed, practitioners repeatedly encountered environments
in which finite inventory, topology-coupled execution, residency sensitivity, and utilization-
dependent economics constrained the range of feasible responses. Under these conditions,
actions that are ordinarily safe in conventional cloud services—rapid restart, unconstrained
redistribution, geographic failover, or horizontal scale-out—no longer function as universally

reliable stabilizers.

The mechanism underlying this shift is the contraction of the intervention space. In
elastic infrastructures, operators retain multiple low-cost degrees of freedom: they can provision
more compute, move workloads across interchangeable resources, and replace instances with

limited systemic consequence. In accelerator-bound inference systems, those options narrow
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because execution depends on locality, coordinated topology, and economically consequential
in-memory state. System behavior is therefore coupled more tightly to specific hardware

arrangements.

This changes the meaning of intervention. Restart may destroy warmed execution state.
Redistribution may reduce batch coherence or degrade fabric alignment. Failover may be
operationally unavailable when capacity is already scarce or regionally bounded. Interventions
that once absorbed disturbance can therefore introduce second-order effects that destabilize flow,

utilization, or yield.

The theoretical consequence is a change in regulatory logic. Stabilization shifts from
expansion-oriented reasoning toward allocation-oriented governance. Capacity is no longer a
background abstraction but a bounded regulatory variable. Reliability, in turn, becomes
inseparable from scheduling, continuity management, and longer-horizon provisioning decisions.
Operational control expands beyond short-loop remediation toward stewardship of constrained

infrastructure over time.

This pattern applies most strongly where scarcity and coupling materially restrict
intervention choice. In environments where accelerator capacity remains abundant or workloads
can move across heterogeneous resources without major performance penalty, elasticity-oriented
assumptions may remain partly effective. The argument here is therefore conditional rather than
universal: the contraction of the intervention space becomes analytically central when structural

constraint meaningfully limits the operator’s feasible control options.
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5.2.2 Operational Mental Models as the Unit of Regulatory Analysis

A second theoretical implication is that this reorganization is not only architectural. It is
interpretive. Chapter 4 showed that engineers rely on shared operational mental models
embedded in dashboards, runbooks, heuristics, and incident routines to determine what counts as
system health, which variables deserve attention, and which interventions appear safe. These

models function as part of the regulatory apparatus itself.

Mental models and operational metaphors are not useful because they are complete or
perfectly accurate. They are useful because they foreground action-relevant features of the
system. As with maps, usefulness depends not on perfect fidelity, but on whether the
representation preserves the features necessary for effective navigation. A map may omit detail
and still guide action well. When it becomes structurally misleading, however, it produces
systematic error rather than manageable approximation. Cognitive debt emerges when inherited

frames continue to guide intervention after that structural fit has degraded.

These mental models operate as interpretive filters within the socio-technical control
loop. They shape which signals are treated as primary and which remain peripheral. In elasticity-
oriented environments, latency, replica health, and error rates serve as dominant control variables
because they fit stateless services on fungible compute. In accelerator-bound inference systems,
however, throughput stability, residency preservation, batch efficiency, and fabric locality may

become more consequential to system performance than traditional availability indicators alone.

When inherited monitoring abstractions continue to privilege latency or instance health
while backgrounding these variables, operators may choose interventions that appear reasonable

within the inherited frame but destabilize the actual system. Reliability governance in such
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environments therefore cannot be understood solely as an infrastructure design problem. It must

also be understood as a problem of shared interpretation.

From a theoretical standpoint, this is why operational mental models become a central
unit of regulatory analysis. System behavior only becomes actionable through the interpretive
frameworks that organize perception, diagnosis, and intervention. When those frameworks lose
structural fit, cognitive debt accumulates and stabilization becomes more difficult, slower, and

more contested across roles.

This interpretive dimension matters most in systems whose behavior emerges across
multiple coupled layers. In simpler environments, operational reasoning may be more fully
embedded in automation or deterministic control logic. In complex inference infrastructures, by
contrast, effective governance depends substantially on whether teams share an adequate model

of the constrained system they are attempting to regulate.

5.2.3 Iterative Regulatory Realignment

The findings further suggest that regulatory change under accelerator constraint does not
occur through abrupt conceptual replacement. Practitioners do not simply discard elasticity-
oriented reasoning and adopt a finished alternative. Instead, they modify their interpretive

frameworks iteratively through repeated encounters with intervention mismatch.

The mechanism here is abductive learning within operational practice. When familiar
actions fail to stabilize the system—when restart degrades throughput, when scale-out is

unavailable, when nominally healthy dashboards conceal declining yield—operators are forced
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to revisit their assumptions about how the system works. These discrepancies prompt

experimentation with alternative metrics, revised heuristics, and new explanatory frames.

Over time, those experiments accumulate into more stable regulatory adjustments.
Dashboards expand to include throughput- and utilization-sensitive signals. Runbooks become
more cautious about restart and more attentive to continuity. Incident response increasingly
accounts for topology, placement, and workload prioritization. In this way, instrumentation and
interpretation co-evolve. Operators learn not only new tools, but new conditions for what counts

as safe and stabilizing action.

This process helps explain why operational double vision persists. In hybrid
environments, elasticity-oriented and constraint-oriented control logics coexist, and practitioners
must continually determine which one applies to which subsystem. Where inference workloads
are layered onto previously microservice-oriented environments, this friction is especially
pronounced because inherited assumptions remain socially and operationally durable even after
structural conditions have changed. In systems designed from the outset around accelerator-
bound execution, the degree of realignment required may be smaller because the initial control

model is already better aligned with constraint.

The theoretical point is that regulatory reorganization proceeds through iterative
cognitive adaptation rather than doctrinal replacement. Realignment is learned in practice,
episode by episode, as practitioners revise the internal models through which they interpret and

govern constrained execution systems.
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5.2.4 From Recurrent Patterns to Provisional Propositions

Taken together, these mechanisms indicate that accelerator-bound inference reorganizes
the regulatory logic of distributed production systems. The shift documented in Chapter 4 is not
reducible to isolated technical adjustments. It reflects a coordinated restructuring of the socio-
technical control loop linking capacity governance, intervention logic, feedback interpretation,

and cross-role coordination.

Across the empirical material, several changes recur together: scaling shifts from
provisioning to allocation; restart becomes conditional on residency sensitivity; reliability
expands from binary availability toward productive flow; observability is reweighted toward
utilization and yield; and the effective unit of regulation broadens from individual service
instances to coupled execution pipelines. These patterns do not describe unrelated adaptations.
They describe an emerging control configuration suited to constrained production rather than

elastic abundance.

What links them is the progressive reduction of model-constraint divergence. As
operators encounter repeated failures of inherited heuristics, they reorganize what they monitor,
how they diagnose, and which interventions they treat as viable. Shared metaphors, metrics, and
routines gradually shift toward a vocabulary of continuity, flow, yield, and allocation. Through
that process, operational reasoning becomes more aligned with the structural realities of

accelerator-bound infrastructure.

This realignment remains partial and conditional. The patterns identified here should not
be treated as universal properties of all machine learning systems. Their explanatory force is

strongest where accelerator scarcity and execution-domain coupling materially constrain the
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feasible intervention space. In loosely coupled or resource-abundant environments, elasticity-

oriented reasoning may still perform adequately.

Within accelerator-bound production environments, however, the recurrent relationships
identified in this study justify abstraction into provisional propositions. The next section
develops those propositions explicitly, treating them not as universal laws but as portable
theoretical relationships describing how operational control models reorganize under sustained

hardware constraint.

5.3 Theoretical Implications

Theoretical implications of the findings emerge at three levels. First, for socio-technical
systems scholarship, the study supports treating operational mental models as part of the
regulatory infrastructure of complex systems rather than as background cognition. Engineers do
not stand outside distributed systems as neutral observers; they participate within the control
loop by interpreting telemetry, selecting interventions, and recursively reshaping system
behavior. As §§4.5, 4.9, and 4.11 showed, governance depends not only on architecture and
tooling but also on whether interpretive frames remain aligned with the structural conditions of

the systems being governed.

Second, for scholarship in sensemaking, resilience engineering, and cognitive systems
engineering, the findings reinforce the view that operational reasoning is integral to system
regulation rather than an after-the-fact account of it. In this context, cognitive debt can be
understood as a form of adaptive lag: infrastructure conditions change, but the interpretive
frames through which practitioners regulate those conditions do not change at the same rate. This

extends existing work on socio-technical adaptation by identifying model—constraint divergence
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as a recurring mechanism through which regulatory instability emerges in accelerator-bound

environments.

Third, for DevOps and SRE scholarship, the study suggests that some widely shared
stabilizing abstractions—elasticity, inexpensive failure, and resource fungibility—are historically
situated rather than universally applicable. As §§4.3, 4.4, and 4.6 demonstrated, these
abstractions remain powerful in loosely coupled service environments but narrow in fit under
sustained scarcity, execution-domain coupling, and residency-sensitive state. Regulatory logic
reorganizes not because DevOps principles are invalid, but because the structural conditions that

once supported them no longer universally hold.

Within this reframing, cognitive debt is introduced as a theoretical construct describing
accumulated misalignment between inherited regulatory assumptions and evolving structural
constraints. As §§4.4, 4.5, and 4.11.4 showed, this misalignment becomes visible through
intervention mismatch, metric misinterpretation, and coordination friction. Cognitive debt is
therefore not simply misunderstanding or operator error. It is stabilized misregulation arising
when operational mental models remain durable after the structural conditions that once made

them effective have changed.

Finally, the study contributes to scholarship on metaphor, operational cognition, and
socio-technical coordination by showing that metaphorical reframing is not merely descriptive.
As §§4.9 and 4.10 indicated, shifts in metaphor alter what practitioners treat as salient, how they
justify intervention, and how revised control logic becomes socially shareable across roles. In
this sense, Al-factory cognition can be understood as an emergent control regime appropriate to

accelerator-bound production systems—one that foregrounds continuity, flow, yield, and cost-

105



per-token as central regulatory signals. Rather than displacing cloud-native reasoning entirely, it

represents a constraint-aware realignment of the socio-technical control loop under sustained

hardware limitation.

To clarify the explanatory status of the emergent categories, Table 5.1 maps each

category to both a theoretical lens and a corresponding technical mechanism. This makes explicit

that the categories developed in this study are neither purely interpretive abstractions nor purely

technical descriptions. Rather, they identify recurrent socio-technical relationships in which

specific infrastructure dynamics become meaningful through operational reasoning and, in turn,

reorganize intervention logic.

Table 5-1. Mapping Emergent Categories to Theoretical Lenses and Technical Mechanisms

Emergent Primar . . .
erge mary Technical mechanism  Interpretive consequence
category theoretical lens
Operators apply inherited
Model- Cognitive systems  Restart reflexes, autoscaling control logic to
constraint engineering; assumptions, role-local subsystems whose
divergence sensemaking dashboards structural conditions have
changed
Resilience Model residency, KV-cache Continuity preservation
State as a

control variable

Metric
reorientation

Expanded
regulatory unit

Quality
modulation
under constraint

Cognitive debt
repayment

engineering; joint
cognitive systems
Control theory;
observability as
boundary object

Socio-technical
systems theory;
execution-domain
coupling

Adaptive capacity;
resilience
engineering

Metaphor theory;
sensemaking

persistence, warm pools,
PagedAttention

GPU utilization, tokens per
second, goodput, cost-per-
token, prefill/decode ratios
Multi-GPU serving groups,
gang scheduling, topology-
aware placement, pipeline
coordination

Quantization, model

substitution, routing changes,

context reduction, service
classes

Factory metaphors, work-in-
progress language, line-rate

becomes more stabilizing
than instance replacement

System health is redefined
from availability alone
toward productive yield

The relevant boundary of
control shifts from pod or
service to execution
pipeline

Degradation becomes a
designed control
instrument rather than only
a failure state

New metaphors make
revised control logic
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Emergent Primary

category theoretical lens Technical mechanism  Interpretive consequence

reasoning, revised diagrams visible, shareable, and
and runbooks portable across roles

Two mechanisms are especially important for clarifying this relationship. First, KV-cache
persistence and memory-management techniques such as PagedAttention make resident
execution state materially consequential to throughput stability, which is why “state as a control
variable” is not merely a metaphorical shift but a technically grounded regulatory one (Kwon et
al., 2023). Second, checkpoint-restart research provides a useful contrast for understanding
continuity preservation in this study. Classical checkpoint-restart mechanisms preserve
computational progress after failure, whereas the continuity strategies described here preserve
warm state, batching equilibrium, and productive flow under accelerator constraint (Garg et al.,
2018; Cui et al., 2025). The technical mechanisms therefore do not replace the socio-technical
explanation; they specify the material conditions through which the socio-technical explanation

becomes necessary.

5.4 Mechanisms of Cognitive Debt Formation and Reduction

Cognitive debt forms when operational mental models developed under one structural
regime persist after the governing conditions have changed. In the environments examined in this
study, inherited cloud-native assumptions—fungible replicas, inexpensive restart, and elasticity-
based stabilization—continued to shape operational reasoning even as accelerator scarcity,

execution-domain coupling, and residency-sensitive state altered the actual dynamics of control.

The findings suggest three recurring mechanisms of accumulation. First, inherited

intervention heuristics persist in runbooks, routines, and operational discourse, sustaining actions
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whose stabilizing assumptions no longer hold (§4.4). Second, metric hierarchies may remain
oriented toward availability-centered signals even when throughput, utilization, and cost-per-
token become more regulatory consequential (§4.5). Third, inherited metaphors continue to
foreground elasticity and replaceability while obscuring scarcity, flow, and execution coherence
(§4.9). When these mechanisms coincide, intervention logic remains aligned with an earlier

regime despite structural change in the system being governed.

The same findings also suggest corresponding mechanisms of reduction. Cognitive debt
decreases as teams reweight observability around productive flow (§4.5), recognize execution
domains as the relevant unit of regulation (§§4.3, 4.11), and adopt alternative metaphors that
better fit constrained production dynamics (§4.9). Through these adjustments, internal control
models progressively converge with the structural realities of accelerator-bound inference

systems.

5.5 Provisional Propositions on Regulatory Realignment

The findings synthesized in §§4.3—4.11 suggest a set of provisional propositions
describing how socio-technical control reorganizes under sustained hardware constraint. These
propositions do not restate the empirical findings. Rather, they abstract recurrent patterns—
capacity scarcity, execution-domain coupling, metric reorientation, cross-role interpretive
friction, and metaphor refactoring—into portable theoretical relationships that explain how
operational control models change as distributed systems move from elastic compute substrates
toward accelerator-constrained production environments. They are offered as theory-generating

propositions grounded in recurring empirical patterns rather than as universal laws.
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Table 5-2. Summary of Provisional Propositions on Regulatory Realignment

Primary Main
Proposition Core relationship supporting . Boundary condition
. mechanism
sections
Stabilization shifts from
redundancy-based : Strongest where
”» correction toward Contraction of . .
Proposition . . §§4.3, 4.4, . . scarcity and coupling
continuity-preserving the intervention . .
1 . 4.6 materially restrict
regulation under space o .
. feasible intervention
constrained degrees of
freedom.
Int tion logic shift in ti
ntervention logic shifts Sensitivity of Strongest‘ in tlghtly
... from localized replacement synchronized multi-
Proposition ) coupled .
toward coordinated, §84.4,4.11.2 . accelerator or multi-
2 . . execution to .
constraint-aware action . . node execution
. disruption .
under coupling. domains
Feedback shifts from
availability-centered to Reweighting of Strongest where
Proposition productivity-centered $§4.5.4.6 regulatory utilization and cost
3 metrics when economic R feedback are tightly linked to
performance becomes variables output viability
utilization-sensitive.
The effective unit of . Strongest where
regulation expands from Expansion of ipeline performance
Proposition gulat P §§4.3.2, the regulated PP p
service instance to depends on
4 s . 4.11.2,4.11.4 system . )
execution pipeline under coordinated multi-
. . . boundary . .
execution-domain coupling. layer interaction
Cognitive debt accumulates
. i Strongest where
... when inherited mental Model- : 3
Proposition . . §884.4,4.5, . misfit persists across
models remain stable while constraint )
5 . 4.11 . repeated operational
structural constraints divergence .
episodes
change.
Metaphor refactorin
-ap . g Strongest where
facilitates realignment by " . :
.. . . Cognitive and  inherited metaphors
Proposition making revised control ; !
} .. §§4.9,4.10  social reframing no longer fit
6 logic more visible,

shareable, and portable
across roles.

of regulation

constrained execution
dynamics
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5.5.1 How Control Logic Shifts

As §§4.3, 4.4, and 4.6 showed, practitioners repeatedly encountered environments in
which scarcity, residency sensitivity, and throughput fragility made familiar redundancy-based

responses increasingly costly or ineffective.

Proposition 1. Constraint Reorients Stabilization Mechanisms

When hardware scarcity or execution-domain coupling reduces the operational degrees of
freedom within a distributed system, stabilization mechanisms shift from redundancy-based

correction toward continuity-preserving regulation.

This proposition concerns the redefinition of what stabilization aims to preserve under
constraint: not simply service reachability, but continuity of productive execution within a
bounded hardware envelope. In elastic cloud infrastructures, stabilization typically occurs
through redundancy-based correction. Excess capacity allows systems to absorb perturbations by
provisioning additional replicas, replacing degraded instances, or redistributing workloads across
interchangeable resources. Because compute resources are largely fungible and service instances
are stateless, localized disruptions can often be mitigated through rapid replacement without

materially affecting the broader system.

Accelerator-bound inference systems operate under a different structural configuration.
GPU resources are finite, economically consequential, and often organized into tightly
coordinated execution groups connected through specialized interconnect fabrics. Under these
conditions, excess capacity is limited and compute resources cannot be treated as fully

interchangeable. Model execution may depend on synchronized accelerator groups, locality-
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sensitive memory structures, and topology-dependent bandwidth relationships. The result is that

the set of viable corrective actions available to practitioners becomes constrained.

The mechanism underlying this shift is the contraction of the operational intervention
space within the control loop. When compute resources are abundant and loosely coupled,
operators can restore stability through several independent actions—adding capacity,
redistributing load, or replacing failing components with limited systemic consequence. Under
hardware scarcity or execution-domain coupling, these options narrow. Interventions that
previously restored stability may instead disrupt execution pipelines, invalidate valuable in-

memory state, or fragment tightly coupled accelerator domains.

As the intervention space contracts, stabilization strategies reorganize accordingly.
Rather than relying on redundancy to absorb perturbations, operators increasingly prioritize
preserving execution continuity and maintaining the integrity of constrained resource domains.
Intervention logic shifts toward protecting model residency, maintaining batch coherence,
preserving topology alignment, and allocating scarce accelerator capacity across workloads.
Capacity management, workload scheduling, and intervention policy therefore become more
tightly interconnected, and reliability governance expands beyond maintaining availability to

include preservation of productive execution within constrained infrastructure domains.

This proposition applies most strongly where structural constraint is persistent rather than
incidental. In environments where compute remains abundant or loosely coupled, redundancy-
based correction may still function effectively. Where scarcity and coupling materially restrict
intervention choice, however, continuity-preserving regulation becomes a necessary adaptation

rather than an optional refinement.
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As a set, Propositions 1—4 describe how structural constraint changes the object, scope,

and feedback logic of operational control.

As §§4.4 and 4.11.2 illustrated, localized remediation in tightly coupled inference tiers
often propagated across the broader execution pipeline rather than remaining bounded to the

affected component.

Proposition 2. Intervention Logic Recalibrates Under Coupling

As execution domains become tightly coupled across accelerators or nodes, the logic of
operational intervention shifts from localized, replace-oriented actions toward coordinated,

constraint-aware interventions that preserve execution coherence.

Proposition 2 concerns the logic of intervention within coupled systems: how operators
act once coupling is present. Proposition 4, by contrast, concerns the boundary of the system they
understand themselves to be regulating. In loosely coupled service architectures, intervention
strategies are designed to be local and reversible. Stateless instances can be restarted or replaced
with minimal impact on other components, and operational reasoning therefore treats such

actions as safe and bounded.

Under execution-domain coupling, this assumption no longer holds. Because inference
workloads rely on synchronized computation across multiple accelerators, localized actions can
disrupt timing relationships, invalidate distributed state, or fragment coordinated execution.
Interventions that appear safe at the service level may therefore introduce instability at the

system level.
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The mechanism underlying this shift is the sensitivity of coupled execution to disruption.
When computation depends on coordinated behavior across devices, interventions must account
for synchronization boundaries, topology alignment, and workload placement. As a result,
operators recalibrate how and when they intervene, favoring coordinated actions that preserve
execution continuity over isolated replacements. From a control perspective, this is a transition

from replace-oriented intervention logic to preservation-oriented intervention logic.

In practice, this means that stabilization increasingly depends on coordinated
maintenance, placement constraints, staged recovery, and topology-aware scheduling rather than
on rapid component replacement alone. Intervention logic becomes more context-sensitive,
system-aware, and pipeline-conscious because the consequences of action propagate across the

coupled execution domain.

This proposition is strongest in environments where execution depends on tightly
synchronized multi-accelerator or multi-node coordination. Where workloads remain loosely
coupled or easily relocatable, localized remediation may still retain much of its prior

effectiveness.

As §4.5 demonstrated most clearly, and as §4.6 reinforced, operators repeatedly
encountered systems that remained nominally available while losing productive flow, utilization

stability, or economic viability.

Proposition 3. Metric Reorientation Mediates Regulatory Realignment
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When economic performance becomes tightly coupled to hardware utilization, the
feedback variables governing system regulation shift from availability-centered metrics to

productivity-centered metrics.

The issue is not simply that GPU systems require more metrics. It is that constraint
changes the regulatory hierarchy among metrics, elevating productive flow and utilization from
secondary diagnostics to primary control variables. In elasticity-oriented cloud environments,
uptime and latency function as effective proxies for system health because compute capacity can
be provisioned elastically and infrastructure resources are relatively fungible. Operational
monitoring frameworks therefore prioritize service-level indicators such as request latency, error

rates, and instance health as the primary feedback variables guiding intervention.

Accelerator-bound inference systems exhibit a different structural relationship between
infrastructure behavior and system performance. The cost structure of GPU-based inference ties
economic efficiency directly to device utilization and throughput stability. When expensive
accelerator resources remain underutilized—even while services remain technically available—
the system may satisfy conventional reliability metrics while simultaneously failing to produce

economically viable output.

The mechanism underlying this shift is utilization coupling between infrastructure
performance and economic output. In GPU-accelerated inference systems, productive work
depends on maintaining stable execution pipelines that keep accelerator devices operating near
efficient utilization levels. Disruptions to batch coherence, pipeline synchronization, or
execution-domain placement can reduce productive throughput without triggering conventional

availability alarms.
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Operational feedback therefore evolves to reflect a different regulatory priority.
Practitioners increasingly foreground tokens per second, GPU utilization, goodput, residency
stability, and cost-per-token when evaluating system health. These indicators capture the
system’s ability to sustain productive inference flow within a constrained accelerator
environment. Availability and latency remain necessary, but they no longer provide sufficient

information for regulating system performance.

This reweighting of feedback variables also changes intervention logic. When reliability
is interpreted primarily through availability metrics, corrective action centers on restoring
responsiveness through restart, scale-out, or redistribution. When productivity-oriented metrics
become central, stabilization efforts increasingly target the factors that shape throughput
efficiency, including batch composition, placement topology, scheduling policy, and model
execution configuration. Regulatory realignment therefore occurs through a reweighting of
telemetry, altering which deviations trigger corrective action and how practitioners evaluate

system stability.

This proposition is strongest where utilization and cost are tightly linked to output
viability. In environments where compute remains inexpensive or easily scalable, availability-

centered monitoring may continue to provide an adequate basis for regulation.

As §§4.3.2,4.11.2, and 4.11.4 showed, practitioners increasingly encountered
disturbances whose causes and consequences could not be understood at the level of individual

services, pods, or nodes.

Proposition 4. The Unit of Regulation Expands Under Execution-Domain Coupling
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As inference workloads span tightly coupled multi-GPU or multi-node execution
domains, the effective unit of regulation expands from independent service instances to end-to-

end execution pipelines.

This proposition concerns the expansion of the regulated system boundary. In loosely
coupled microservice architectures, the service instance functions as the primary unit of
regulation. Systems are decomposed into modular components, and stability can be assessed and
managed at the level of individual services. Observability, diagnosis, and governance are

therefore organized around component-level boundaries.

In accelerator-bound inference systems, this boundary becomes insufficient. Because
computation is distributed across synchronized accelerators connected through high-bandwidth
fabrics, performance and reliability emerge from interactions across the entire execution
pipeline. The behavior of any individual component is inseparable from the state and

coordination of the broader system.

The mechanism underlying this shift is execution-domain coupling, which binds
components into a single operationally relevant unit. Practitioners therefore expand the scope of
analysis from individual services to the execution pipeline as a whole, incorporating model
structure, scheduling behavior, and hardware topology into a unified frame of system
understanding. Stability is no longer defined primarily by the health of individual components,

but by the coherence and performance of the execution pipeline.

This expansion is not merely technical. It also reconfigures diagnosis, ownership,
escalation, and coordination. When pipeline-level behavior becomes the relevant unit of stability,

no single role can fully explain or remediate disturbance from within its own local feedback
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surface. Application, platform, model, and infrastructure teams must instead coordinate around a
shared interpretation of the same event as a pipeline-level problem rather than a local component
failure. In this sense, the expanded unit of regulation changes both the technical boundary of the

system and the organizational boundary of accountable control.

This proposition is strongest where pipeline performance depends on coordinated multi-
layer interaction and where disturbances propagate across scheduling, model execution, and
hardware topology simultaneously. In simpler or loosely coupled environments, component-level

reasoning may remain sufficient.

5.5.2 How Cognitive Debt Accumulates

As §§4.4, 4.5, and 4.11 demonstrated, cognitive debt became visible when inherited
remediation logic, monitoring hierarchies, and role-specific interpretations remained stable even

as constrained execution changed what those actions and signals meant.

Proposition 5. Cognitive Debt Increases Under Structural Misfit

Cognitive debt accumulates when operational mental models remain stable while the
structural constraints governing system behavior change, producing divergence between the
internal control model used by practitioners and the actual dynamics of the system being

regulated.

Cognitive debt is best understood not as a single mistaken intervention, but as a patterned
accumulation of model—constraint divergence across episodes, roles, and operational artifacts. In
the environments examined in this study, engineers frequently interpreted system behavior

through assumptions inherited from elasticity-oriented cloud environments despite operating
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within accelerator-bound inference infrastructures. Remediation strategies such as instance
restart, traffic redistribution, or horizontal scaling had historically stabilized stateless services.
Under accelerator constraint, however, those same interventions sometimes cleared valuable
execution state, fragmented batch efficiency, or destabilized topology coherence within coupled

accelerator fabrics.

From a control-theoretic perspective, cognitive debt reflects model—plant divergence
within the operational control loop. The mental model through which practitioners interpret
telemetry and select interventions becomes progressively misaligned with the constrained state
space of the infrastructure being governed. Because feedback signals are interpreted through that
internal model, corrective actions are calibrated to a representation of the system that no longer
adequately reflects its structural dynamics. As a result, interventions may stabilize individual

components while destabilizing the coupled execution system as a whole.

Cognitive debt accumulates gradually rather than appearing all at once. Operational
heuristics, monitoring frameworks, and diagnostic narratives continue to encode assumptions
about elasticity, fungible compute, and service disposability even after structural conditions have
changed. Over time, repeated operational episodes reveal discrepancies between expected and
observed behavior: latency regressions persist despite sufficient replica counts, utilization
declines despite nominal availability, and restart operations degrade throughput rather than
restoring stability. These repeated discrepancies signal that the operational control model no

longer captures the relevant dynamics of the infrastructure environment.

The accumulation of cognitive debt has several practical consequences. It increases

diagnostic ambiguity, amplifies coordination friction across roles, and delays stabilization by
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encouraging interventions that address local symptoms while failing to engage structural
constraint. This proposition is strongest in environments where scarcity and execution-domain
coupling persist long enough for inherited assumptions to remain socially and procedurally
durable despite declining structural fit. In loosely coupled or resource-abundant environments,
elasticity-oriented control models may remain sufficiently aligned to avoid substantial cognitive

debt accumulation.

5.5.3 How Realignment Becomes Possible

As §§4.9 and 4.10 showed, metaphorical shifts did not appear merely as linguistic
decoration. They accompanied changes in what practitioners treated as salient, how they justified

interventions, and how new control heuristics became socially shareable across teams.

Proposition 6. Metaphor Refactoring Facilitates Control Realignment

Metaphorical reframing operates as a mechanism through which practitioners update

internal control models when the structural constraints governing a system shift.

The claim is not that metaphor alone produces realignment, but that metaphorical
reframing functions as a key cognitive and social mechanism through which realignment
becomes stabilizable in practice. Because metaphors scaffold regulatory reasoning, they encode
implicit assumptions about how systems behave. Service-oriented metaphors foreground
elasticity, stateless replication, and rapid recovery from failure, reflecting the architectural
characteristics of cloud-native microservice environments. When practitioners interpret system
behavior through these frames, they tend to privilege interventions consistent with those

assumptions, such as restarting instances or scaling replicas horizontally.
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In accelerator-bound inference environments, however, the structural dynamics of the
system differ in important ways. Execution pipelines may span tightly coupled accelerators
connected through high-bandwidth fabrics, model state may depend on residency-sensitive
memory structures, and throughput stability may depend on maintaining coherent execution
domains. When operators continue to interpret these systems through elasticity-oriented
metaphors, important structural features—such as scarcity, pipeline flow, and yield
preservation—remain cognitively backgrounded. Interventions derived from those metaphors

may therefore fail to stabilize the system.

Metaphorical reframing provides a mechanism for resolving this divergence. By adopting
alternative conceptual frames—such as production pipelines, factory lines, stations, work-in-
progress, or constrained resource flows—practitioners foreground structural features that were
previously obscured. These new metaphors shift attention toward throughput continuity, capacity
allocation, and pipeline coordination, enabling engineers to interpret telemetry and select

interventions that better align with constrained execution dynamics.

Metaphor refactoring matters not because it produces a perfect representation, but
because it makes revised control assumptions communicable, repeatable, and operationally
portable across roles. As metaphors stabilize, they help teams compress new control logic into
shared language, recurring shorthand, and locally durable pattern languages. In this sense,
metaphor refactoring does not only improve individual understanding; it supports coordination
by making revised control logic more socially shareable and easier to enact across engineering

boundaries.
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From a control-theoretic perspective, metaphorical reframing reduces model—plant
divergence by updating the conceptual representation through which system feedback is
interpreted. When practitioners adopt metaphorical frames that better reflect the underlying
constraints of the infrastructure, the internal control model guiding operational reasoning
becomes more consistent with the system’s actual behavior. This cognitive realignment reduces
the accumulation of cognitive debt and enables more effective coordination across engineering

roles responsible for different layers of the execution pipeline.

Importantly, metaphorical reframing does not simply replace one conceptual vocabulary
with another. New metaphors often coexist with earlier elasticity-oriented frames, producing a
period of interpretive overlap in which practitioners reason about the same system through
multiple conceptual models. Over time, however, metaphors that better capture constrained
execution dynamics become embedded in operational language, documentation, diagrams, and
diagnostic routines. As these metaphors stabilize, they support the emergence of shared

interpretive frameworks that guide intervention decisions across teams.

Together, Propositions 5 and 6 explain how model—constraint divergence accumulates

and through what mechanisms it may be reduced.

These propositions apply most strongly in environments where accelerator scarcity,
execution-domain coupling, and utilization-sensitive economics materially constrain the feasible
intervention space. They are less likely to hold with the same force in loosely coupled, resource-
abundant, or single-device contexts where elasticity-oriented control assumptions remain

structurally adequate. Their value, therefore, lies not in universal prediction, but in providing a
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transferable theoretical framework for recognizing when operational control logic is likely to

reorganize under constraint.

5.6 Conceptual Model of Regulatory Alignment

The findings and propositions developed in this chapter can be synthesized as a process
of regulatory realignment within distributed production systems. As §§4.3—4.11 and Propositions
1-4 indicate, GPU-accelerated inference introduces structural conditions—hardware scarcity,
execution-domain coupling, and economically consequential state—that destabilize control
assumptions inherited from elasticity-oriented cloud-native architectures. When those
assumptions lose structural fit, cognitive debt emerges as patterned model—constraint divergence,
visible in intervention mismatch, metric misinterpretation, and cross-role interpretive

fragmentation (Proposition 5).

Within this model, structural constraint does not merely change infrastructure behavior; it
changes the logic through which operators can regulate that behavior. As Proposition 1 argues,
the feasible intervention space contracts, shifting stabilization away from redundancy-based
correction and toward continuity-preserving regulation. As Propositions 2 and 4 further show,
coupling changes both how interventions must be formulated and what counts as the relevant
unit of regulation. Control increasingly operates at the level of the execution pipeline rather than
the individual service instance. Proposition 3 adds that this reorganization is mediated by a
corresponding shift in feedback: operators increasingly regulate for productive flow, utilization

stability, and economic viability rather than availability alone.

Operational adaptation, however, does not occur through immediate conceptual

replacement. As §5.2.3 and Proposition 5 suggest, inherited mental models often remain socially
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and procedurally durable even after their stabilizing assumptions have weakened. Realignment
therefore proceeds through iterative revision of what practitioners treat as salient, actionable, and
diagnostically meaningful. Dashboards, runbooks, heuristics, and incident narratives are

gradually reworked to reflect the constrained dynamics of accelerator-bound execution.

Within this process, metaphor refactoring functions as an important mechanism of
repayment and stabilization. As §§4.9-4.10 and Proposition 6 indicate, revised metaphors do not
merely rename the system; they help render new control assumptions communicable, repeatable,
and portable across roles. Through this shift, practitioners move from an elasticity-oriented
vocabulary of replicas, redistribution, and inexpensive replacement toward a flow-oriented

vocabulary of continuity, work-in-progress, yield, and allocation discipline.

The resulting regulatory regime is described in this study as Al-factory cognition. This
regime does not fully displace cloud-native reasoning. Rather, it represents a constraint-aware
reorganization of operational control in which productive flow, residency preservation,
utilization, and pipeline coherence become central regulatory concerns. In this conceptual model,
cognitive debt is not a failure of operator expertise but a transitional condition that arises when

inherited cognitive infrastructure encounters a changed structural regime.

5.7 Practical Implications: Regulatory Alignment in Practice

The practical implication of this study is not that organizations should abandon cloud-
native operations, but that they should examine where inherited operating assumptions no longer
fit accelerator-bound inference tiers. In practice, this means treating cognitive debt as an
assessable operational risk rather than as a vague intuition about system complexity. As

Propositions 1-6 suggest, instability in these environments does not arise solely from technical
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misconfiguration. It also emerges when assumptions developed for elastic, loosely coupled, and
rapidly replaceable service systems continue to guide diagnosis and intervention after the
infrastructure regime has shifted toward scarcity, execution-domain coupling, and utilization-

sensitive economics.

One practical response is to conduct a periodic cognitive debt audit: a structured review
of whether observability frameworks, remediation routines, reliability targets, and coordination
practices remain aligned with the structural conditions of the systems being operated. The
purpose of such an audit is not to impose a universal checklist, but to identify where operational
reasoning may still reflect elasticity-oriented assumptions despite a shift toward constrained

execution.

Several dimensions appear especially relevant in such a review. The first is constraint
identification: which structural limits most strongly shape system behavior? As §§4.3 and 4.8
showed, these may include accelerator scarcity, topology dependence, residency sensitivity,
power or thermal limits, procurement lead times, and utilization-driven economic targets. The
second is unit of regulation: at what boundary must stabilization actually occur? As Proposition 4
indicates, this may no longer be the service instance or pod, but the serving group, execution

domain, or end-to-end inference pipeline.

A third dimension is intervention safety. As §§4.4 and 4.11.2 demonstrated, interventions
such as restart, redistribution, or aggressive autoscaling may remain appropriate in stateless
service tiers while becoming destabilizing in tightly coupled, residency-sensitive inference tiers.
A fourth dimension is feedback adequacy. As Proposition 3 suggests, availability and latency

may remain necessary but fail to capture throughput degradation, utilization instability, or
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declining production efficiency. In accelerator-bound systems, regulatory visibility may require
tokens per second, goodput, residency stability, and cost-per-token in addition to conventional

service indicators.

A fifth dimension is reliability framing. As §§4.6 and 5.5.1 argue, the stabilization
objective may shift from redundancy-based recovery toward sustaining productive flow within a
bounded capacity envelope. A sixth dimension is metaphor alignment. As Proposition 6
suggests, inherited metaphors such as load balancing, replicas, or stateless services may continue
to foreground fungibility and inexpensive failure recovery even when constrained execution
dynamics require a different conceptual frame centered on flow, work-in-progress, yield, and

allocation discipline.

These dimensions are best understood as analytic lenses rather than prescriptive rules.
Their value lies in helping practitioners identify where cognitive debt may have accumulated and

where operational reasoning may require recalibration to better fit infrastructure realities.

The practical implications of this alignment work differ by role. For operators, the
immediate issue is whether dashboards and alerting surfaces reveal productive-flow instability
early enough to support appropriate intervention. When observability remains centered on
latency or error rates alone, throughput degradation and utilization inefficiency may remain
cognitively peripheral even when they materially affect system behavior and cost. For platform
architects, the issue is whether orchestration and monitoring abstractions make execution-domain
coupling, residency sensitivity, and pipeline boundaries sufficiently legible to discourage
inappropriate restart or redistribution logic. For organizational leaders, the issue is whether

capacity planning, model strategy, and operational governance are coordinated around the same
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constrained system boundary. In accelerator-bound environments, shared interpretive models
across infrastructure, platform, and model-serving roles become a practical requirement rather

than a cultural preference.

More broadly, the study suggests that operational reliability in accelerator-bound systems
cannot be improved through tooling or infrastructure design alone. Reliability increasingly
depends on whether the interpretive frameworks guiding diagnosis and intervention remain
aligned with the structural conditions of the systems being governed. As distributed production
systems incorporate scarce accelerators and stateful inference workloads, cognitive infrastructure
becomes a material component of regulation. Periodically reassessing that alignment may
therefore help organizations reduce cognitive debt, improve intervention quality, and govern

accelerator-bound production environments more effectively.

5.8 Limitations and Directions for Future Research

This study is interpretive and theory-generative rather than predictive. It does not provide
formal control-theoretic models or quantitative validation of the regulatory dynamics described
here. Instead, it offers explanatory constructs grounded in situated practitioner observation,
artifact analysis, and cross-episode pattern synthesis. The propositions developed in this study
are therefore intended as transferable theoretical relationships rather than statistically

generalizable claims.

Several limitations follow from this design. First, the analysis is shaped by a practice-
centered and reflexive research position, which provides unusual access to tacit operational
reasoning but also limits claims to interpretive rather than predictive scope. Second, the

argument applies most strongly to environments where scarcity, coupling, and utilization-
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sensitive economics materially constrain the feasible intervention space. As emphasized in
§§4.11.3 and 5.5, the framework is less likely to apply with the same force in loosely coupled,
resource-abundant, or single-device contexts. Third, the study identifies recurrent relationships
among interpretation, intervention, and infrastructure conditions, but it does not quantify their

causal strength or specify formal thresholds at which control logic reorganizes.

These limitations define a clear agenda for future research. Comparative case studies
across organizations operating under different levels of accelerator scarcity could help assess
how strongly the framework travels across institutional settings. Mixed-method or quantitative
studies could examine intervention mismatch more directly, including the conditions under
which restart, redistribution, or failover become destabilizing rather than corrective. Further
work could also evaluate the effect of metric reorientation on reliability and cost outcomes,

especially in environments where utilization and economic viability are tightly linked.

Additional research might extend the framework into adjacent domains, including edge
inference, energy-constrained serving environments, or non-GPU accelerator regimes where the
structural conditions of control differ in important ways. Finally, one promising direction would
be to operationalize cognitive debt as a measurable organizational phenomenon—for example,
through recurring audit dimensions, diagnostic signatures, or observable mismatches between

monitoring hierarchies, remediation routines, and actual system constraints.

Such work would not replace the present study’s interpretive contribution. Rather, it
would test, refine, and extend the portability of its propositions across a wider range of

infrastructure regimes.
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5.9 Closing Reflection

Research on cloud-native reliability has largely emphasized redundancy, elasticity, and
stateless recoverability as stabilizing design principles. Research on machine learning systems
has, in turn, examined the engineering challenges of model deployment, serving frameworks,
orchestration, and performance optimization. What has received less sustained attention is how
these infrastructural changes alter the operational reasoning through which engineers interpret

system behavior and select interventions.

This study addresses that gap by examining the cognitive dimension of distributed
systems governance. Rather than focusing on architecture or optimization, it traced how
practitioners reconstruct internal control models as the structural conditions of production
systems evolve. The concept of cognitive debt provides a way to describe the transitional
misalignment that arises when inherited operational abstractions encounter hardware-constrained
inference environments. The concept of Al-factory cognition, in turn, names the emergent

regulatory frame through which that misalignment is gradually reduced.

The central argument of the thesis is not that cloud-native reasoning was wrong, nor that
GPU-accelerated inference produces a wholly separate operational universe. It is that operational
mental models are historically situated, structurally conditioned, and consequential for
regulation. When the governing environment shifts from elastic abundance toward bounded
capacity, coordinated execution, and utilization-sensitive economics, the control logic through

which engineers stabilize systems must shift as well.

GPU-accelerated inference is often discussed in terms of silicon, benchmark

performance, and model scale. This study has argued that an equally consequential
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transformation is occurring within the cognitive infrastructure of operations. As §§5.5 and 5.6
showed, distributed systems are governed not only by code and hardware, but by the interpretive
models through which engineers define stability, choose interventions, and coordinate action
across roles. Understanding how those control logics reorganize under constraint is therefore not

peripheral to modern Al infrastructure. It is part of its governability.

Recognizing this cognitive dimension does not diminish the importance of technical
innovation. It expands the field of view. As Al-enabled systems become more central to
economic and social infrastructure, their reliability will depend not only on computational
capacity, orchestration sophistication, or model quality, but also on whether the mental models
guiding intervention remain aligned with the structural realities of the systems they govern. In
that sense, the study of regulatory cognition is not ancillary to Al operations. It is foundational to

understanding how constrained production systems can be made governable.
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Appendix A: Data Inventory + Coding Traceability

Al. Data Corpus Overview

The following inventories the data collected and coded for this research via grounded

theory and qualitative coding of artifacts.

Appendix Table A.1. Data Inventory Summary

Artifact Type Count Date Selection Criteria Notes
Range
Reflexive journal entries 74 July Episodes involving Written within 24
2025 — GPU decision-making hrs of event when
Dec under constraint possible
2025
Incident retrospectives 16 2024 - Inference-tier Identifiers
(sanitized) 2025 instability, cold-start ~ removed; systems
cascades, capacity generalized
collapse
Deployment/configuration 26 2022— Changes affecting Compared
diffs 2025 placement, scaling, pre/post
topology, or restart intervention
policy
Observability dashboard 21 2024 - Metric shifts (latency, Metrics
snapshots (described) 2025 utilization, cost/token, abstracted
goodput)
Runbooks / internal 11 2024 - Intervention Used to trace
procedure notes 2025 playbooks for restart,  control
(generalized) failover, degradation =~ assumptions
Planning artifacts (capacity 23 2024 - GPU allocation, Used to code
narratives) 2025 hardware reservation, scarcity logic
model portfolio
tradeoffs
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A2. Codebook Excerpt

Core Code 1: Elasticity Reflex

Definition: Intervention justified by assumption that compute is fungible and

restart/scale-out is low cost.
Example excerpt:

“Initial reaction was to scale replicas. Only after checking GPU reservation did we

realize there was nowhere to scale to.”
Mapped to:

e Chapter 4.2 Operational Double Vision
e Proposition 5 (Cognitive Debt Under Structural Misfit)

Core Code 2: Residency Sensitivity

Definition: Recognition that in-memory model state or KV cache has economic or

throughput value.
Example excerpt:

“Restart would fix the stuck healthcheck, but we’d lose warmed KV cache and drop
batch efficiency.”

Mapped to:

e Chapter 4.4 Restart-to-Residency Recalibration

e Proposition 2 (Intervention Logic Recalibrates Under Coupling)

Core Code 3: Availability—Yield Divergence

Definition: System meets SLOs but underperforms economically (low utilization, high

cost/token).
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Example excerpt:

“Latency within bounds, but tokens/sec down 35%. Dashboard green, economics

red.”
Mapped to:

e Chapter 4.5 Observability Re-Mediation

e Proposition 3 (Metric Reorientation)

Core Code 4: Execution-Domain Coupling

Definition: Recognition that multi-GPU or multi-node grouping behaves as single

regulatory unit. Synonymous with execution coupling.
Example excerpt:
“Single degraded node stalled entire 64-GPU execution group.”
Mapped to:

e Chapter 4.3.2
e Proposition 4 (Unit of Regulation Expands)

Core Code 5: Degradation as Strategy
Definition: Quality modulation used intentionally to preserve flow under scarcity.
Example excerpt:

“Increased batching, shifted lower-priority traffic to quantized model instead of

rejecting.”
Mapped to:

e Chapter 4.7

e Proposition 1 (Constraint Reorients Stabilization)
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Core Code 6: Metaphor Refactoring
Definition: Explicit shift in conceptual language used to reason about system behavior.
Example excerpt:
“We stopped talking about ‘replicas’ and started talking about ‘line capacity.”
Mapped to:

e Chapter 4.9
e Proposition 6 (Metaphor Refactoring)
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A3. Coding Structure Diagram

Appendix Figure A.1. Artifact Encoding Flow

Artifacts l

Chapter 4
y \ Sections
Open Codes ¥
Chapter 5
y ‘ Propositions
Axial
Categories

J

_

Appendix Table A.2. Code to Category, Finding, Proposition Mapping

Codes Category Finding Proposition

Elasticity Reflex Model-Constraint 4.2 P5
Divergence

Residency Sensitivity State as Control Variable 4.4 P2

Availability—Yield Metric Reorientation 4.5 P3

Divergence

Execution-Domain Coupling  Expanded Regulatory Unit 4.3 P4

Degradation as Strategy Quality Modulation Under 4.7 Pl
Constraint

Metaphor Refactoring Cognitive Debt Repayment 4.9 P6
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A4. Example of Coding Traceability

To illustrate the analytic procedure, the following excerpt demonstrates how reflexive

observations were transformed into conceptual categories through grounded-theory coding.

An operational journal entry recorded the following observation during a production

incident:

“Initial response was to restart the degraded inference pod. However, restarting
cleared the KV cache and reduced batch efficiency, causing tokens-per-second
output to drop across the execution group even though the service recovered from

the health check failure.”

During open coding, this observation was labeled Elasticity Reflex (restart as default

remediation) and Residency Sensitivity (recognition that in-memory state had operational value).

During axial coding, these codes were linked through the relational concept State as
Control Variable, capturing situations in which in-memory model state influences throughput

stability and intervention outcomes.

During selective coding, repeated instances of this pattern were consolidated into the
broader interpretive category Restart-to-Residency Recalibration, which appears in the findings

as a regulatory shift in intervention logic under accelerator constraint (§4.4).

This example illustrates how empirical observations were progressively abstracted into

conceptual categories that inform the study’s findings and theoretical propositions.

AS. Artifact Encoding Key Used to Derive Categories and Findings
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The following table provides the encoding key used to interpret artifacts in this study.

Rather than functioning as a full codebook, it identifies the recurring cues, statements, and

performance conditions that were treated as analytically meaningful during coding. The table

clarifies how specific forms of evidence in journals, retrospectives, dashboards, runbooks,

planning artifacts, and configuration changes were translated into initial codes, linked into

higher-order categories, and then mapped to the chapter-level findings. Its purpose is to make the

analytic transformation from artifact evidence to findings more transparent and auditable.

Appendix Table A.3. Artifact Encoding Key Used to Derive Categories and Findings

Artifact cue or

evidence pattern

Elasticity-oriented ‘““add replicas,

remediation
language

GPU scarcity or
allocation
language

Residency-
sensitive
execution
evidence

Throughput
decline despite
nominal service
health

Multi-GPU or
multi-node
coupling evidence

What counted as evidence
during encoding

Initial code

References to “just restart it,”
” “autoscaler should

handle it,” or similar assumptions Elasticity
) Reflex

that scale-out or replacement is

low cost and stabilizing

Evidence that GPUs were

unavailable, reserved, quota-

limited, power-limited, region-  Scarcity

limited, or governed by planning Framing
cycles rather than on-demand
provisioning

Mentions of model residency, KV
cache preservation, warm

: Residenc

replicas, reload cost, cold-start esidency
. Sensitivity

penalty, or loss of in-memory
state after restart
Cases where latency, error rate, or
health checks remained Availability—
acceptable while tokens-per- Yield
second, goodput, utilization, or ~ Divergence
cost-per-token degraded
Mentions of gang scheduling,
topology ‘sensnwlt‘y, Execution-
synchronized serving groups, .

g Domain
fabric coherence, or one degraded .

Coupling

node affecting the wider serving
group
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Primary finding(s)

4.2 Operational Double
Vision; 4.4 From
Disposability to
Continuity

4.3 Scarcity as
Regulatory Reorientation

4.4 From Disposability to
Continuity

4.5 Observability as
Feedback Re-Mediation

4.3.2 Multi-Node
Execution Domains as
Control Boundaries; 4.11
Emergent Regulatory
Patterns



Artifact cue or
evidence pattern

Flow-preservation
reasoning

Intentional quality
or configuration
reduction

Long-horizon
infrastructure
reasoning

Metaphorical shift
in operational
language

Hybrid
operational
workaround
evidence

Divergent role-
based
interpretations of
the same event

What counted as evidence
during encoding

Initial code

Language indicating that the
relevant reliability concern was

. . Flow
sustained productive throughput, .
o . o Preservation
continuity, or execution stability }
Logic

rather than simple reachability or
uptime

Routing to smaller models,
quantization, precision reduction,
context reduction, service-class
differentiation, or other deliberate Strategy
quality trade-offs used to preserve
throughput

Mentions of procurement delay,
quarter-based capacity planning,
reservation cycles, maintenance
synchronization, or future
hardware decisions shaping
present operations

Temporal

Movement from cloud-native
terms such as replicas, load
balancing, or scale-out toward
line, station, work-in-progress,
flow, bottleneck, or yield

Metaphor
Refactoring

Ad hoc combinations of

Kubernetes primitives, GPU

operators, scheduler constraints, Bricolage
custom automation, or repeated  Patterning
shorthand that stabilized over

time

Application, SRE, platform,

model, and infrastructure roles  Cross-Role
reading the same disturbance Attribution
differently based on their local =~ Divergence

metrics or boundaries of concern
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Degradation as

Horizon Shift

Primary finding(s)

4.6 Reframing Reliability
Under Constraint

4.7 Degradation as
Regulatory Design Under
Constraint

4.8 Temporal
Reorientation

4.9 Metaphorical
Framing in Operational
Reasoning

4.10 Regulatory
Learning, Bricolage, and
the Stabilization of
Pattern Languages

4.11.2 Composite
Episode: Cross-Role
Attribution Breakdown;
4.11.4 Role-
Differentiated Visibility
of Cognitive Debt



Appendix B: Definitions

Appendix Table B.1. Term Definitions

Term

Definition

cognitive debt

operational double vision

metaphorical persistence

metaphor refactoring

goodput

residency / residency
sensitivity

Accumulated model-constraint divergence: inherited
abstractions, heuristics, and tooling remain calibrated to an
elasticity-oriented regime while the system’s structural
constraints shift (scarcity, coupling, residency), producing
repeated interpretive and intervention mismatches.

Sustained coexistence of two competing regulatory logics
(elasticity-oriented vs. constraint-oriented) within the same
production system, requiring engineers to switch frames
depending on which constraints dominate.

Metaphorical persistence represents one mechanism through
which cognitive debt accumulates. When inherited operational
metaphors continue to guide interpretation despite declining
structural fit with system behavior, engineers may misidentify
control variables, select ineffective interventions, or
misinterpret performance signals. In this sense, metaphorical
framing contributes to cognitive debt by sustaining misaligned
mental models of system dynamics.

Deliberate (or emergent) replacement of inherited metaphors
with better-fitting frames (e.g., “flow,” “stations,” “inventory,”
“allocation”) that re-align what engineers notice, measure, and
change—supporting regulatory realignment.

Useful inference output produced per unit time (or per unit
accelerator-time), after accounting for waste from
fragmentation, cache loss, retries, idling, or other non-productive
consumption; used as an economic/regulatory signal alongside
cost-per-token.

Residency: the persistence of economically consequential in-
memory state (model weights, KV cache, warmed execution
context) whose destruction materially changes throughput,
stability, and cost.

Residency sensitivity: when interventions like
restart/reschedule trigger large negative step-changes in yield
because resident state is lost.

146



execution-domain coupling

unit of regulation

cost-per-token (CPT)

KV cache

Tight synchronization across a multi-GPU or multi-node serving
group such that the group behaves as a single regulated entity;
one degraded node/device can stall, slow, or destabilize the
whole execution domain.

The smallest boundary at which control actions must be applied
to stabilize behavior. Under GPU inference, this often shifts from
independent services/pods to end-to-end execution pipelines or
coupled execution domains/fabrics.

Economic metric expressing the resource cost to deliver one
token of output; becomes a first-order viability signal under
accelerator scarcity.

Key-value cache used during autoregressive decoding; its hit
rate / persistence affects throughput and batching stability.
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