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Abstract

Large scale AI inference is shifting from relatively homogeneous accelerator fleets toward structurally
heterogeneous infrastructure composed of mixed accelerator generations, disaggregated serving paths,
virtualized execution layers, and cross environment placement. This transition introduces a class
of instability phenomena that does not arise from component failure in isolation, but from cross
layer incoherence between accelerator runtimes, network topology, virtualization boundaries, and
migration induced reconfiguration. Classical performance metrics such as utilization, average latency,
and tokens per second remain necessary, but they do not capture these structural effects because they
observe individual layers rather than the coupled system formed across them. This paper develops a
vendor agnostic structural analysis of heterogeneous inference infrastructure and argues that runtime
coherence functions as a hidden performance variable that conditions effective capacity, tail latency,
and cost efficiency before conventional optimization can succeed. The paper introduces a taxonomy
of five instability modes, latency asymmetry drift, memory path incoherence, interconnect induced
capacity inaccessibility, virtualization induced control distortion, and migration induced runtime
reconfiguration risk. It then maps these modes to four diagnostic domains, accelerator runtime
control, structural network scalability, virtualization overhead stability, and structural cloud migration
risk. The contribution is analytical rather than prescriptive. It does not propose implementation
mechanisms or vendor specific remedies, but provides a research framework for identifying where
and why heterogeneous inference systems produce emergent instability under scale.

Keywords: heterogeneous inference; AI infrastructure; accelerator runtime coherence; cross layer
instability; structural diagnostics; network scalability; virtualization overhead; cloud migration risk;
large scale AI systems

1. Introduction
The architectural basis of large scale AI inference is undergoing a structural transition. Earlier

deployment regimes were frequently organized around relatively homogeneous accelerator fleets,
bounded network assumptions, and comparatively stable runtime conditions. In such environments,
performance degradation could often be interpreted through localized constraints such as device
saturation, memory pressure, or interconnect bottlenecks considered within a mostly uniform execution
fabric. This assumption is becoming progressively less adequate. Contemporary inference systems are
increasingly assembled from mixed accelerator classes, heterogeneous memory paths, disaggregated
serving stages, virtualized execution layers, and placement patterns that extend across cloud, region,
and provider boundaries. Under these conditions, system behavior is no longer determined by isolated
component efficiency alone, but by whether the coupled runtime remains structurally coherent across
layers.
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This shift has multiple drivers. Economic pressure encourages workload placement across dif-
ferent accelerator tiers rather than within a single uniform hardware class. Supply constraints make
mixed generation or mixed vendor procurement increasingly common in practice. At the same time,
architectural diversification has expanded the number of execution pathways through which inference
can be realized, including prefill decode separation, disaggregated serving, remote memory depen-
dency, and hybrid edge cloud deployments. As a result, heterogeneity is not merely an implementation
detail. It is becoming a default operating condition of large scale inference infrastructure, particularly
in environments shaped by multi cloud requirements, sovereign deployment constraints, or differenti-
ated cost and latency targets. The central problem is therefore not that heterogeneous systems contain
different components, but that these components interact through runtime couplings whose aggregate
effects are poorly represented by conventional layer specific metrics.

The present paper examines this transition as a structural systems problem. Its focus is not
benchmark comparison, hardware ranking, or deployment optimization in a narrow operational
sense. Instead, the analysis asks how heterogeneous inference environments generate instability
when accelerator runtimes, network topology, virtualization boundaries, and migration induced
configuration changes interact under scale. The core claim is that runtime coherence functions as
a hidden performance variable in such systems. When cross layer coherence deteriorates, nominal
capacity, local utilization, and even apparent throughput may remain visible, while effective system
behavior degrades through tail latency inflation, capacity inaccessibility, and rising operational cost
without proportional capability gain. These effects are especially difficult to diagnose because they
emerge between layers rather than within any single one.

This paper is analytical and diagnostic in scope. It does not present new benchmarks, implemen-
tation mechanisms, or vendor specific prescriptions. The objective is to provide a formal structural
framing for a class of instability that is gaining practical relevance as AI infrastructure becomes more
heterogeneous. The contribution is organized around three elements. First, the paper defines the
relevant system class and failure envelope for heterogeneous large scale inference. Second, it identifies
the principal structural sources of runtime incoherence across accelerator, network, virtualization, and
migration layers. Third, it develops a taxonomy of heterogeneous inference instability and maps that
taxonomy to a corresponding diagnostic space. In this sense, the paper extends prior discussion of
isolated bottlenecks toward a coupled perspective in which coherence precedes optimization as the
primary condition of stable large scale inference.

1.1. The Shift to Heterogeneous Inference Infrastructure

Modern AI inference has moved beyond relatively homogeneous accelerator fleets toward struc-
turally heterogeneous execution environments composed of mixed accelerator generations, differenti-
ated memory hierarchies, nonuniform interconnect paths, and deployment boundaries that may span
multiple clouds or administrative domains. In earlier infrastructure regimes, the simplifying assump-
tion of hardware similarity often permitted performance reasoning through local resource metrics.
That assumption weakens once the execution fabric itself becomes compositionally diverse. Mixed
accelerator environments do not simply add capacity. They alter the control geometry of the runtime
by introducing asymmetries in scheduling behavior, memory access characteristics, communication
cost, and latency propagation across the serving path [19,25].
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Figure 1. Comparison between a relatively homogeneous compute environment and a heterogeneous inference
fabric. The homogeneous regime is characterized by identical accelerators, a uniform memory hierarchy, symmet-
ric interconnect assumptions, and a single dominant serving path. The heterogeneous regime combines mixed
accelerator classes, prefill–decode disaggregation, virtualization boundaries, asymmetric memory paths, and
cross-environment placement. The figure illustrates the architectural transition that motivates the present analysis.

The drivers of this transition are not incidental. Cost optimization increasingly encourages the
use of differentiated accelerator tiers rather than exclusive reliance on a single performance class.
Supply constraints further reinforce the operational necessity of mixed generation procurement and
opportunistic deployment across available infrastructure pools. In parallel, inference architecture
itself has become more structurally differentiated. Prefill and decode phases may be separated
across distinct resources, memory intensive and latency sensitive stages may be assigned to different
execution domains, and hybrid deployment patterns may distribute workloads across edge, regional,
and centralized cloud environments [8,9]. These developments expand the reachable design space, but
they also multiply the number of cross-layer interactions through which instability can emerge.

Heterogeneity should therefore not be interpreted as a temporary deviation from an otherwise
homogeneous norm. In many large-scale deployments it is becoming the operational default, especially
where multi-cloud strategy, sovereign control requirements, procurement constraints, or differentiated
service classes prevent architectural uniformity [10,52]. What matters is not merely that systems
contain diverse components, but that the behavior of the whole increasingly depends on whether these
components remain coherent when composed into a coupled runtime fabric. The relevant question is
no longer how a single accelerator performs under ideal conditions, but how heterogeneous resources
interact when routing, serving, memory pressure, and topology jointly determine observable system
behavior.

The defining challenge of heterogeneous inference infrastructure is thus structural rather than
component local. Individual accelerators may operate correctly, local schedulers may optimize ac-
cording to their own objectives, and measured device utilization may appear acceptable, while the
aggregate runtime still exhibits degraded coherence. In such cases, the resulting behavior cannot
be adequately understood through a single layer metric because the instability is produced by the
interaction surface between layers. This is the point at which classical notions of bottleneck analysis
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become insufficient. The problem is not one failing component, but the emergence of runtime behavior
that is globally inconsistent despite local correctness [25,26].

1.2. Scope and Limitations

This paper presents a structural diagnostic analysis of publicly described architecture classes
in heterogeneous AI inference infrastructure. Its aim is to clarify how cross layer incoherence can
emerge when accelerator diversity, network topology, virtualization boundaries, and migration related
reconfiguration interact under scale. The paper does not evaluate any vendor, product line, or cloud
provider as such. References to specific technical systems are used only as public examples of broader
architectural classes and should not be interpreted as endorsements, criticisms, or hidden case studies.

The contribution is analytical rather than empirical. No new benchmark campaign, controlled
measurement study, or deployment specific performance evaluation is presented here. Accordingly,
the claims developed in the paper are not framed as quantified empirical findings, but as structural
observations about recurrent interaction patterns that can arise in large scale heterogeneous inference
systems. The emphasis lies on diagnostic framing, taxonomic precision, and cross layer interpretation.
This distinction is important because the instability modes analyzed here often remain partially
invisible to conventional benchmark methodologies even when they are operationally significant.

The paper is also non prescriptive in scope. It does not propose scheduling algorithms, orchestra-
tion policies, virtualization controls, or migration mechanisms as implementation solutions. Nor does
it claim that a single coordination layer or control technique would universally resolve the identified
problems. The purpose is more limited and more foundational. It is to describe a class of infrastructural
conditions under which large scale inference can become unstable despite the apparent adequacy of
local performance indicators. In this sense, the paper is intended as a research framework for diagnosis
rather than as a deployment manual for intervention.

Finally, the analysis is constrained to system classes in which heterogeneity is architecturally
consequential. It does not attempt to generalize its claims to all forms of model serving or to small
scale inference regimes where single device behavior dominates. The structural phenomena of interest
arise only when execution depends on distributed composition across multiple layers, each of which
can remain locally correct while the coupled system drifts into incoherence. This bounded scope
is deliberate. It preserves analytical clarity and avoids overextending the argument beyond the
environments in which the identified instability modes are most likely to matter.

1.3. System Class and Failure Envelope

The target system class of this paper consists of large scale inference deployments whose behavior
is shaped by heterogeneous composition rather than by a single uniform execution substrate. These
systems typically involve multiple accelerator types or generations, disaggregated serving paths in
which prefill and decode may occur on different resources, cloud or multi cloud execution environ-
ments, complex placement topologies, and latency profiles dominated by decode stage sensitivity or
memory path asymmetry. They may also exhibit substantial KV cache pressure, cross region or cross
provider routing, and runtime conditions in which effective capacity depends on communication and
control structure as much as on nominal compute availability [6–8].

This definition intentionally excludes small single node and single accelerator inference scenarios.
In such settings, performance degradation is often attributable to device local phenomena that can be
diagnosed within a comparatively narrow resource model. The present paper is concerned instead
with behaviors that emerge from composition at scale, where the serving path traverses multiple
interacting layers and where the aggregate system can no longer be interpreted as a simple extension
of individual component characteristics. Heterogeneous inference becomes analytically distinctive
only when the infrastructure itself contributes to runtime behavior through topology, virtualization,
routing, and migration induced reconfiguration.

Within this system class, failure must be defined more broadly than hard crash or explicit ser-
vice interruption. The relevant failure envelope includes emergent degradation modes such as tail
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latency inflation, effective capacity loss, throughput collapse under apparently acceptable utilization,
cost escalation without proportional capability gain, and non deterministic serving behavior that
persists despite the local correctness of constituent subsystems [26,31]. These forms of degradation are
structurally important because they often remain below the threshold of catastrophic failure while
nonetheless altering the operational meaning of scale. A system may continue to serve requests and
remain nominally available, yet do so through an increasingly incoherent runtime in which observable
efficiency diverges from actual infrastructural coordination.

The notion of a failure envelope is therefore central to the argument of this paper. It marks the
boundary within which heterogeneous inference systems remain technically functional but structurally
unstable. This boundary is not determined by whether components continue to execute, but by
whether the coupled runtime retains enough coherence for nominal resources to remain effectively
usable. Once coherence degrades beyond that boundary, optimization at isolated layers becomes
progressively less effective because the system level problem is no longer one of local tuning. It is one
of structural inconsistency across the execution fabric itself. The analysis that follows is directed at
understanding that inconsistency as a distinct object of AI infrastructure research.

2. The Shift from Homogeneous Compute to Heterogeneous Inference Fabrics
The transition from homogeneous compute infrastructure to heterogeneous inference fabrics

marks a structural change in how large scale AI systems must be analyzed. Earlier infrastructure
logic was often built around the expectation that additional capacity of the same type would preserve
the basic geometry of execution. Under this assumption, scaling could be treated primarily as a
quantitative extension of a known substrate. More compute implied more throughput, larger fleets
implied higher aggregate serving capacity, and scheduling could rely on a simplified view of nodes
as broadly interchangeable. While this abstraction was never exact, it remained analytically useful
so long as hardware similarity, communication symmetry, and relatively stable runtime conditions
limited the emergence of cross layer divergence.

That assumption becomes increasingly inadequate once inference execution is distributed across
mixed accelerator classes, differentiated memory hierarchies, nonuniform interconnect paths, and
environment specific virtualization layers. In such systems, scaling no longer consists only in adding
units of comparable performance. It changes the structure of execution itself. The runtime becomes
dependent on the relation between components rather than on the local behavior of each component
taken separately. Accelerator assignment, memory residency, transfer cost, placement locality, and
serving stage separation begin to interact in ways that alter effective capacity independently of nominal
resource counts. The central analytical shift is therefore from quantity to composition. What matters
is not only how much compute is provisioned, but how heterogeneous execution paths reshape the
coherence of the system under load.

This section develops that shift in three steps. It first clarifies the assumptions that underlie
classical notions of homogeneous scaling. It then examines why heterogeneous accelerators must be
understood as active determinants of runtime behavior rather than as passive execution resources.
Finally, it shows that large language model inference is internally divided into distinct operational
regimes whose hardware sensitivities differ in a way that makes heterogeneous composition especially
consequential. The aim is to establish that heterogeneous inference fabrics are not simply broader
deployment environments. They are a distinct infrastructural condition in which system behavior can
diverge from traditional scaling expectations even when local resource utilization appears rational.

2.1. Traditional Assumptions of Homogeneous Scaling

Classical infrastructure scaling is built on the expectation that adding capacity of the same type
yields approximately predictable improvements in aggregate system performance. This assumption
underlies a wide range of operational practices, including fleet level capacity planning, scheduler
design, admission control, and cost modeling. If additional nodes are sufficiently similar in compute
profile, memory characteristics, and communication behavior, then system level reasoning can proceed
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through relatively stable abstractions. Capacity can be forecast from resource counts, placement can
be optimized under simplified equivalence assumptions, and the performance effect of additional
hardware can be estimated without reconstructing the full topology of the execution path [25,29].

The usefulness of homogeneous scaling lies in the simplifications it enables. Nodes can be treated
as near interchangeable scheduling targets, memory bandwidth can be modeled as sufficiently uniform
for coarse grained planning, communication costs can be approximated as symmetric within bounded
deployment zones, and per request resource consumption can be estimated without conditioning
every decision on hardware specific variance [27,28]. These assumptions reduce the dimensionality of
infrastructure control. They do not eliminate performance bottlenecks, but they help contain them
within a resource model that remains tractable at fleet scale. In this sense, homogeneity functions as a
stabilizing abstraction for both operations and analysis.

Large scale inference increasingly operates outside that abstraction. Mixed accelerator generations,
differentiated accelerator classes, and environment specific execution layers introduce variance that
cannot be treated as marginal noise. A deployment that combines different performance envelopes,
memory capacities, communication patterns, and virtualization behaviors is no longer governed by
a single hardware model. It becomes a coupled system in which local scheduling and placement
decisions have consequences that depend on the interaction between hardware, topology, and runtime
state [19,20]. What changes is not merely the precision of performance forecasting, but the structural
validity of the equivalence assumptions on which homogeneous scaling depends.

The breakdown of homogeneity is analytically important because it introduces qualitative rather
than merely incremental change. Once the infrastructure contains heterogeneous execution paths,
scheduling is no longer a problem of distributing load across comparable resources. Placement becomes
path dependent, resource allocation acquires topology sensitive consequences, and the operational
meaning of additional capacity depends on whether that capacity is accessible under the coherence
constraints of the serving system [30]. Under these conditions, the traditional language of scale can
become misleading. A larger fleet may exist in nominal terms while effective system behavior becomes
less predictable, less stable, or less efficiently controllable.

2.2. Heterogeneous Accelerators as Active Runtime Determinants

In homogeneous infrastructure, accelerators are often treated as execution substrates whose
primary relevance lies in their local compute characteristics. Heterogeneous inference systems do not
permit that simplification. Different accelerators are not interchangeable units of generic throughput.
They impose distinct constraints on batch formation, sequence handling, memory access structure,
synchronization timing, and the control interfaces through which serving systems interact with
hardware [19–21]. As a result, accelerator heterogeneity must be understood not as background
variation in available hardware, but as a direct determinant of runtime behavior.

This distinction matters because inference serving is shaped by more than aggregate computa-
tional power. The runtime path of a request depends on whether particular requests can be co batched,
whether prefill and decode phases can be colocated or should be separated, whether model parallel or
pipeline strategies remain feasible under the available memory and communication profile, and how
latency accumulates across the fleet under hardware specific asymmetries [10,12,15]. Once hardware
classes differ in the constraints they impose, the serving system itself becomes path dependent on
accelerator assignment. The hardware no longer passively receives work. It actively conditions the
way work must be organized.

This change is particularly visible in disaggregated or multi pool serving architectures. When
different stages of inference are assigned to different accelerator classes, the runtime behavior of the
system is no longer reducible to the performance profile of any single pool. Instead, execution depends
on whether the relation between pools preserves enough coherence for data movement, scheduling
transitions, and state transfer to remain operationally efficient [9,11]. Under these conditions, accelera-
tor assignment is inseparable from control behavior. A request routed through one hardware path may
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experience a fundamentally different latency and memory trajectory than the same request routed
through another, even if both paths are locally well utilized.

The structural consequence is that accelerator heterogeneity expands the effective control surface
of the system. Runtime behavior is shaped not only by model structure and software logic, but also
by the hardware specific conditions under which serving decisions are made. This introduces a new
form of infrastructural sensitivity. Changes in accelerator mix can alter system behavior without any
change to model weights, request semantics, or nominal throughput targets. Such behavioral variance
is difficult to capture through conventional resource accounting because it arises from the interaction
between control logic and execution substrate rather than from the local state of either one alone. In
heterogeneous inference, the accelerator is therefore best understood as an active runtime determinant
embedded in a coupled control fabric.

2.3. Prefill, Decode, Memory, and Latency as Distinct Regimes

Large language model inference is often discussed as though it were a single computational
process with a unified performance profile. In practice, it is composed of multiple operational regimes
whose hardware sensitivities differ substantially. At a minimum, this includes the prefill phase, in
which the model processes the full input context, the decode phase, in which output tokens are
generated autoregressively, and the management of key value cache state, which conditions both
memory residency and token generation continuity [6,7,22]. These regimes are not interchangeable in
computational character. They are governed by different constraints and therefore respond differently
to heterogeneous hardware environments.

The prefill phase is comparatively compute intensive because it processes a large input sequence
in parallel. Decode, by contrast, is often more strongly limited by memory bandwidth and state access
because generation proceeds token by token while repeatedly consulting accumulated cache state. KV
cache management introduces an additional layer of infrastructural dependency through allocation,
transfer, retention, and possible eviction dynamics that depend on both memory capacity and inter
device communication cost [14,18]. These differences imply that the performance of inference cannot
be captured by a single hardware descriptor. Different parts of the serving path are optimized by
different hardware characteristics.

Under heterogeneous infrastructure, the distinction between these regimes becomes structurally
consequential. A hardware pool that performs well for prefill may be suboptimal for decode. A
resource configuration that offers strong compute throughput may still produce poor end to end
serving behavior if memory path constraints dominate the token generation regime. Similarly, a
system may show satisfactory aggregate tokens per second while hiding latency asymmetries that
arise because requests traverse execution paths with mismatched compute to memory ratios [8,9].
Aggregate performance indicators can therefore obscure rather than illuminate the actual structural
causes of degradation.

Disaggregated serving architectures make this regime separation explicit by assigning prefill
and decode to different hardware pools in order to improve specialization or isolation. This can be
operationally effective, but it also introduces new dependencies. KV cache transfer, placement locality,
and inter pool communication cost become part of the serving path itself. The resulting latency is
no longer determined solely by the local performance of either pool, but by whether the transition
between pools preserves coherence in state movement and runtime timing [8,16]. Heterogeneous
inference fabrics therefore expose a fundamental property of large scale model serving. Inference is not
a monolithic compute problem. It is a coordinated multi regime process whose stability depends on
whether compute, memory, and transfer conditions remain structurally aligned across the execution
path.

3. Why Classical Metrics Fail
The expansion of heterogeneous inference infrastructure exposes a fundamental limitation in the

measurement conventions that have historically guided performance analysis in large scale computing.
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Classical metrics remain useful, but their explanatory power depends on an implicit architectural
assumption. They are most informative when the system under observation is sufficiently uniform
that local measurements can be aggregated into a meaningful account of global behavior. Once
inference execution is distributed across mixed accelerators, differentiated memory paths, nonuniform
interconnects, virtualization layers, and cross environment placement boundaries, that assumption
weakens. The resulting system can remain locally observable while becoming globally difficult to
interpret. This is not because performance data disappear, but because the relation between measured
variables and effective system behavior becomes structurally indirect.

The core problem is that most standard metrics are layer specific by design. GPU utilization
describes the state of an execution substrate. Latency metrics describe response timing at a given
observational boundary. Throughput describes aggregate output under a chosen measurement frame.
Benchmark scores summarize capability under controlled conditions. Each of these metrics captures
something real, but none is designed to represent the coupled interaction surface through which het-
erogeneous inference instability emerges. In large scale heterogeneous deployments, degradation often
does not begin as a visible collapse within one layer. It begins as incoherence between layers whose
local signals remain individually plausible. A system may therefore appear healthy in conventional
dashboards while already operating inside a structurally degraded regime.

This section develops that claim in two steps. It first identifies the measurement gap that arises
when classical performance metrics are applied to heterogeneous inference systems whose behavior
depends on cross layer coordination rather than isolated resource efficiency. It then examines why
the most consequential effects remain partially invisible under layer local observation. The argument
is not that measurement is impossible, nor that conventional observability should be discarded. The
argument is narrower and more structural. Classical metrics fail when they are treated as though local
visibility were sufficient to explain composite behavior in infrastructures whose operational logic is
distributed across interacting layers.

3.1. The Measurement Gap in Heterogeneous Inference

Standard inference metrics provide only partial visibility into the behavior of heterogeneous
large scale systems. GPU utilization, average latency, aggregate throughput in tokens per second, and
benchmark level task performance all describe important operational dimensions. Their limitation
lies not in their validity, but in their observational scope. They primarily measure within layer
performance, whereas heterogeneous inference instability is often produced by interaction effects that
arise across layers. When execution depends on the relation between accelerator assignment, memory
residency, communication topology, virtualization boundaries, and scheduling logic, local metrics
become insufficient as explanations of global system behavior [26,37].

This insufficiency is especially clear in the distinction between nominal and effective capacity. A
heterogeneous system may report high utilization at the device level while a substantial fraction of
its nominal resource pool remains operationally inaccessible for productive work. Synchronization
overhead, transfer friction, resource fragmentation, or topology constrained placement can reduce
the fraction of capacity that can actually be coordinated into coherent serving behavior. Under
such conditions, local activity remains visible, but the operational meaning of that activity becomes
ambiguous. Utilization may remain high precisely because the system is compensating for structural
inefficiency rather than because it is converting available hardware into proportional throughput [30,
63].

A similar problem affects latency measurement. Average latency is often operationally attractive
because it compresses request behavior into a tractable fleet level signal. In heterogeneous inference
systems, however, the decisive performance constraint is frequently determined not by the average
path but by the longest structurally exposed path. Tail latency accumulates through the slowest or
least coherent interaction segment, whether that segment is induced by cross accelerator transfer,
topology dependent decode placement, virtualization overhead, or queueing asymmetry across mixed
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hardware pools. Average latency therefore conceals the extent to which serving quality may already
be dominated by a small but structurally persistent set of degraded execution paths [26,39].

Benchmarks introduce a further form of measurement gap. Most evaluation environments
are executed on dedicated or relatively controlled infrastructure designed to reduce confounding
variance and maximize comparability. Heterogeneous production inference rarely operates under
such conditions. Multi tenant contention, shared interconnect pressure, dynamic scheduling, resource
oversubscription, and environment specific orchestration behavior all alter the runtime properties of
the serving path. As a result, benchmark performance can remain useful as an indicator of model
capability or isolated hardware efficiency while failing to describe the structural behavior of the
deployed inference system itself [40,65]. The gap is therefore not only between measurement and
reality, but between homogeneous evaluation logic and heterogeneous operational conditions.

The measurement gap in heterogeneous inference should therefore be understood as a structural
mismatch between what is observed and what determines effective behavior. The usual metrics
still report real signals, but they do so at observational boundaries that no longer coincide with the
boundaries at which the most consequential infrastructural effects emerge. This mismatch becomes
increasingly important as execution fabrics grow more heterogeneous, because the system level
question is no longer simply how efficiently individual resources are used. It is whether those
resources can be coordinated coherently enough for local efficiency to remain globally meaningful.

3.2. The Invisibility of Cross-Layer Structural Effects

The most consequential instability phenomena in heterogeneous inference infrastructures often
arise between layers rather than within them. They emerge at the interaction surface between ac-
celerator runtime and scheduler, between scheduler and network topology, between virtualization
boundary and control plane, or between provider boundary and placement logic. This location of
emergence is analytically significant. It means that the relevant degradation mode may have no direct
representation within the monitoring framework of any single subsystem, even when each subsystem
is extensively instrumented [53,54].

Layer local dashboards are designed according to the operational semantics of the layers they
observe. Accelerator telemetry reports device level execution signals. Network monitoring reports
link or path behavior within a defined communication domain. Virtualization observability describes
tenant isolation, host level overhead, or orchestration level events. Scheduling systems expose queue
states, allocation choices, and admission decisions. Each of these observational forms is locally rational.
The difficulty is that heterogeneous inference instability often depends on the relation between them.
Virtualization overhead may matter only when it interacts with accelerator specific timing sensitivity.
Network topology may constrain placement only when serving logic assumes a communication
symmetry that no longer holds. Cache transfer cost may become decisive only when decode stage
placement is separated from prefill under mixed hardware conditions. These are not within layer
failures, but cross layer dependencies whose operational significance is distributed across multiple
observation boundaries [55,56].

This partial invisibility is not simply a tooling deficit that improved instrumentation will automat-
ically remove. It reflects a deeper architectural gap between the boundaries at which current systems
observe and the boundaries at which heterogeneous execution actually couples. Existing observability
frameworks are typically organized around separable subsystems because those subsystems corre-
spond to administrative ownership, technical interfaces, and implementation layers. Heterogeneous
inference fabrics, by contrast, generate instability along interaction boundaries that cut across those
separations. The resulting mismatch means that even detailed local telemetry can fail to produce an
intelligible system level account of why throughput degrades, why tail latency inflates, or why cost
rises without commensurate output improvement [1,62].

The operational consequence is that a composite system can exhibit pervasive degradation without
presenting a singular fault signature. Accelerators may appear busy, network links may remain below
saturation, scheduling queues may look manageable, and virtualization infrastructure may show no
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explicit anomaly, while the coupled runtime nonetheless drifts into a state of reduced effective capacity
and unstable serving quality. Such cases are difficult to diagnose precisely because no individual layer
is necessarily malfunctioning in isolation. The system is degraded by structural inconsistency across
the execution fabric rather than by visible failure inside one component domain.

For heterogeneous inference research, this implies that measurement adequacy cannot be judged
solely by the granularity of local observability. A system may be richly instrumented and still remain
structurally opaque if the decisive effects are produced at boundaries not represented in the measure-
ment architecture. The problem is therefore not the absence of data in a narrow sense. It is the absence
of a structural interpretive frame capable of relating locally valid signals to globally emergent behavior.
This is why classical metrics fail most clearly in heterogeneous inference environments. They are not
wrong. They are incomplete with respect to the interaction geometry that now determines system
behavior.

4. Structural Sources of Runtime Incoherence
The transition to heterogeneous inference infrastructure changes not only the scale of execution

but also the location at which instability originates. In relatively homogeneous systems, degradation
can often be traced to identifiable local bottlenecks, including device saturation, memory exhaustion,
or network congestion within a comparatively uniform execution model. In heterogeneous inference
fabrics, by contrast, instability frequently originates at the interfaces between components that remain
locally functional but become mutually misaligned when composed into a shared runtime. The
problem is therefore not only resource insufficiency. It is the loss of coordination across the execution
surface through which serving is realized.

This section analyzes where runtime incoherence originates. The discussion is organized around
four structural source domains. The first concerns accelerator heterogeneity, where runtime assump-
tions formed under hardware similarity are extended across non-equivalent execution substrates. The
second concerns network and placement coupling, where physically present capacity becomes only
conditionally usable because communication topology and placement logic interact. The third con-
cerns virtualization-induced distortion, where abstraction layers alter timing, contention, and resource
visibility in ways that change the execution surface itself. The fourth concerns migration-induced
reconfiguration, where movement across infrastructure environments rewrites the control geometry
under which serving takes place.

Taken together, these domains identify the principal origins of runtime incoherence in heteroge-
neous inference systems. They are not taxonomic categories in the strict sense and are not intended to
classify observed instability outcomes. Rather, they specify the source regions within which incoher-
ence is generated before it appears as degraded throughput, inflated tail latency, or reduced effective
capacity. The analytical purpose of the present section is therefore causal localization. It clarifies where
structural instability enters the system. Section 5 then formalizes how the resulting instability should
be classified once it becomes visible at system level.

4.1. Accelerator Heterogeneity and Control Mismatch

A primary origin of runtime incoherence lies in the extension of control logic across accelerators
that do not share the same execution assumptions. Different accelerator types encode different timing
characteristics, memory-access behavior, batch-formation constraints, synchronization costs, and
control-path latencies. Runtime systems developed under homogeneous fleet assumptions can absorb
moderate variance within a single hardware family, but they become structurally fragile when the
same control assumptions are projected across non-equivalent execution substrates [10,15]. The source
of instability is therefore not hardware diversity in itself. It is the mismatch between the control model
and the substrate on which that model is applied.
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Figure 2. Cross-layer sources of runtime incoherence in heterogeneous AI inference systems. The figure organizes
the principal interaction surfaces across accelerator runtime, network and placement, virtualization, and migration
or environment layers. The central point is causal rather than taxonomic. Instability originates at the coupling
boundaries between layers, not only within any single layer taken in isolation.

This source domain becomes visible when logically similar execution stages must be coordinated
across hardware classes with different queueing dynamics, collective-operation behavior, and state-
transition properties. Under such conditions, synchronization ceases to be a neutral coordination
mechanism. It becomes a source of structural tension because the hardware-specific assumptions
required to maintain alignment are no longer shared across the serving path [33,38]. The resulting
incoherence originates at the point where shared orchestration presumes equivalence that the hardware
layer does not actually provide.

Memory asymmetry intensifies this source of misalignment. When workloads are distributed
across accelerators with different memory bandwidth and capacity regimes, the serving path inherits
an internal asymmetry that cannot be reduced to nominal aggregate compute. This is especially
significant in inference regimes where decode behavior, cache access, and state continuity are strongly
conditioned by memory characteristics. In such cases, the effective ceiling of the composite system
is set not by the total amount of compute present, but by the least compatible memory segment on
the active execution path [20,21]. The origin of instability thus lies in the divergence between how the
runtime expects the path to behave and how the memory structure forces it to behave.

Abstraction layers intended to simplify heterogeneous deployment can further deepen this
problem. Unified execution frameworks, translation layers, and driver-mediated orchestration often
introduce non-uniform overhead across accelerator classes, creating hardware-dependent control
surfaces beneath a common software interface [32,41]. In such cases, the source of incoherence is not
only heterogeneity at the device level, but the attempt to govern heterogeneous hardware through
abstractions that preserve apparent portability while concealing non-equivalent execution conditions.
Accelerator heterogeneity is therefore a causal source domain because it generates instability at the
point where hardware diversity and runtime control meet.
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4.2. Network and Placement Coupling Effects

A second source domain of runtime incoherence lies in the interaction between communication
topology and placement logic. In large-scale heterogeneous inference, capacity is not defined solely
by the physical presence of accelerators or memory resources. It is also defined by whether those
resources can be arranged into execution paths whose communication properties remain coherent
under load. Network topology, rack locality, node adjacency, and scale-out distribution therefore
shape the difference between nominal and effective capacity [34,35,37]. The origin of instability in this
domain is not the network taken alone. It is the coupling between where work is placed and how the
communication substrate can support that placement.

This source domain becomes more consequential under heterogeneity because placement is no
longer a generic load-balancing problem. Requests may depend on accelerator-specific affinity, prefill-
decode separation may require low-latency transfer across hardware pools, and KV-cache continuity
may impose memory-path constraints that cannot be abstracted away by a scheduler operating on
resource counts alone [8,9]. A placement decision that is locally rational in compute terms can therefore
become globally destabilizing when it implies communication distance, transfer contention, or stage
asymmetry that the serving system cannot absorb.

Topology effects become increasingly nonlinear as scale expands. A communication fabric that
appears operationally adequate at one deployment size may behave differently once the number of
coupled execution paths, routing dependencies, or coordination demands increases. Control planes
that remain stable under current load may encounter convergence delays, reduced fault tolerance, or
path-level instability as the serving graph becomes larger and more heterogeneous [35,36]. The source
of incoherence is thus relational. It appears where the topological assumptions implied by placement
no longer match the communication geometry required for coherent execution.

For this reason, network and placement should be analyzed as a unified causal domain. Capacity
in heterogeneous inference is not merely allocated and then consumed. It is conditionally realizable
depending on whether placement preserves sufficient topological coherence for hardware resources to
remain operationally reachable [1,38]. The origin of instability lies precisely in the gap between those
two conditions.

4.3. Virtualization-Induced Distortion

A third source domain of runtime incoherence is virtualization-induced distortion. Virtualization
changes heterogeneous inference not merely by adding overhead, but by altering the coupling topology
between workloads and the physical resources on which they depend. GPU partitioning, virtual
GPU layers, SR-IOV based network abstraction, RDMA passthrough arrangements, and hypervisor-
mediated scheduling all introduce execution boundaries that differ materially from those of bare-metal
environments [24,42]. The origin of instability in this domain lies in that altered boundary structure
itself.

This source domain is defined by the fact that virtualization transforms deterministic or bounded
hardware behavior into performance distributions whose realized timing and contention depend
partly on factors outside the tenant-local workload. Co-tenant activity, hypervisor scheduling choices,
arbitration policies for shared resources, and implementation-specific abstraction behavior all shape
execution under load [43,44]. The source of incoherence is therefore not a fixed penalty that can simply
be normalized away. It is the introduction of mediation points through which control, timing, and
resource visibility are structurally transformed before performance degradation is later observed.

Noisy-neighbor interference illustrates this clearly. A workload may experience degraded serving
quality not because its own internal state changed, but because the abstraction layer exposes it to
coupling paths generated by concurrent tenant activity. These paths may remain invisible to workload-
local telemetry even while they materially alter latency distributions and effective controllability [24,45].
Virtualization becomes a source domain of incoherence because it changes the relation between intent,
execution, and observation before instability is classified at the outcome level.
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Partitioning mechanisms such as MIG refine this point rather than eliminate it. They can
strengthen isolation by providing dedicated memory and compute segments, yet they also impose
fixed resource granularity that may not match workload demand [24,46]. The resulting underutiliza-
tion, overprovisioning, or scheduling rigidity does not originate in application logic alone. It originates
in the abstraction boundary through which resources are exposed. Virtualization-induced distortion
should therefore be understood as a source of runtime incoherence because it rewrites the execution
surface on which higher-level control depends.

4.4. Migration-Induced Reconfiguration Risk

A fourth source domain of runtime incoherence is migration-induced reconfiguration. Migration
across providers, regions, or infrastructure classes is often treated as a deployment or portability
problem. In heterogeneous inference systems, however, it is more accurately understood as a structural
rewriting of the runtime environment itself. When workloads move between infrastructure contexts,
the functional interfaces available to the application may remain broadly stable, yet the coupling
relations between scheduler, runtime, placement logic, storage path, and communication fabric can
change substantially [47,49]. The origin of instability lies in that reconfiguration of control geometry.

This source domain becomes visible when workloads that were implicitly adapted to one environ-
ment continue to execute correctly after migration but do so under altered timing, transfer, and locality
conditions. Dedicated interconnect assumptions may be replaced by shared network fabrics, local
storage paths by network-attached storage, and bare-metal execution by virtualized or semi-abstracted
runtime layers [48,50]. The resulting instability does not originate in code-level incompatibility. It
originates in the preservation of functionality under changed infrastructural relations.

Cross-cloud and multi-cloud migration make this source domain even more consequential. Dif-
ferent environments expose different accelerator availability profiles, virtualization regimes, network
control planes, and latency distributions at both intra-region and inter-region scales [51,52]. A sched-
uler, cache strategy, or placement heuristic that remains coherent in one environment may become
destabilizing in another without any change to model weights or application logic. Migration is
therefore a source of runtime incoherence because it changes the environmental assumptions under
which serving remains coordinated.

The central point is that migration-induced instability originates before overt failure appears. The
system continues to execute, but under a reconfigured set of infrastructural relations that may no longer
preserve the coherence on which the original serving behavior depended [27,30]. For heterogeneous
inference research, migration belongs in the causal analysis of runtime incoherence because it identifies
where instability enters the system through environmental change rather than where it is later observed
as degraded performance.

5. Structural Taxonomy of Heterogeneous Inference Instability
Section 4 identified the principal source domains from which runtime incoherence originates. The

present section addresses a different analytical question. It asks how the resulting instability should be
classified once it becomes visible at system level. The purpose is therefore not to restate the causal
origins of incoherence, but to provide a formal vocabulary for describing the characteristic ways in
which incoherence manifests as degraded system behavior. In this sense, the taxonomy developed
here classifies observed structural instability, whereas Section 4 localized its primary points of origin.

This taxonomy constitutes the principal conceptual contribution of the paper. Its role is diagnostic
rather than prescriptive. It does not enumerate product defects, implementation errors, or deployment
accidents, nor does it propose remedies. Instead, it identifies recurrent instability modes through
which cross-layer incoherence is expressed in heterogeneous inference systems even when constituent
components remain locally functional [57,58]. The objective is to distinguish the dominant forms taken
by structural degradation once it is operationally manifest. Resolution strategies are intentionally not
developed here, because deriving implementation-specific interventions from a structural classification
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alone would exceed the scope of the argument and collapse distinctions that the taxonomy is meant to
preserve.

Five modes are introduced. Latency-asymmetry drift classifies instability expressed through
cumulative divergence in execution timing. Memory-path incoherence classifies instability expressed
through divergence between visible compute availability and actual memory-constrained serving
behavior. Interconnect-induced capacity inaccessibility classifies instability expressed through the
gap between provisioned and topologically usable capacity. Virtualization-induced control distortion
classifies instability expressed through degraded correspondence between control intent, realized
execution, and observed system state under abstraction. Migration-induced runtime reconfiguration
risk classifies instability expressed through altered performance distributions and control behavior
after environmental transition. These modes are analytically distinct, although they may interact in
practice. Their separation enables clearer diagnosis of heterogeneous inference instability without
reducing all manifestations to a single undifferentiated notion of degradation.

5.1. Latency-Asymmetry Drift

Latency-asymmetry drift denotes a condition in which locally efficient execution across heterogeneous
hardware paths produces cumulative divergence between scheduling assumptions and realized runtime timing.

Figure 3. Structural taxonomy of heterogeneous inference instability. The five modes identified in this paper,
latency-asymmetry drift, memory-path incoherence, interconnect-induced capacity inaccessibility, virtualization-
induced control distortion, and migration-induced runtime reconfiguration risk, are represented as distinct but
related expressions of cross-layer incoherence.

This instability mode is expressed when the temporal model implicit in orchestration or scheduling
logic no longer matches the timing actually produced by the heterogeneous runtime [12,26]. Its defining
property is cumulative divergence rather than discrete fault. No single control action need be incorrect,
and no individual device need exhibit anomalous behavior. Instead, repeated execution across non-
equivalent latency domains gradually shifts the serving system away from the symmetry assumptions
on which coordinated behavior depends.

Operationally, latency-asymmetry drift manifests as inflated tail latency, unstable response order-
ing, and reduced predictability in end-to-end serving behavior [31,40]. The mode becomes particularly
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pronounced in disaggregated serving architectures, where prefill and decode execute on different hard-
ware pools and where KV-cache transfer timing introduces an additional source of path-dependent
temporal variance [8,14]. The classification is therefore appropriate whenever the dominant expression
of incoherence is temporal divergence accumulating across heterogeneous execution paths.

5.2. Memory-Path Incoherence

Memory-path incoherence denotes a condition in which reported compute availability diverges from actual
serving capacity because execution is constrained by heterogeneous memory structure, bandwidth, or access
latency.

This instability mode is expressed when the system appears to possess available compute capacity
while actual serving behavior is limited by the composite memory path through which inference must
proceed [6,18]. The defining characteristic is divergence between compute-visible state and memory-
determined operational reality. In large language model inference, this is especially consequential
because decode-stage behavior and KV-cache continuity depend heavily on memory bandwidth,
capacity, and residency rather than on arithmetic throughput alone.

The mode becomes visible when heterogeneous accelerators with different memory hierarchies,
bandwidth envelopes, or cache structures share execution responsibility. Under such conditions, the
effective capacity of the serving path is bounded by the most constrained or least coherent memory
segment rather than by aggregate compute potential [17,21]. The diagnostic difficulty arises because
compute-centric monitoring may continue to show healthy utilization while the actual limiting factor
lies in cache residency, cross-device state transfer, or memory-path contention visible only when data
movement is traced across the full serving pipeline [6,23]. Memory-path incoherence is therefore the
appropriate classification when instability is expressed primarily through mismatch between visible
compute state and hidden memory-path constraint.

5.3. Interconnect-Induced Capacity Inaccessibility

Interconnect-induced capacity inaccessibility denotes a condition in which provisioned resources remain
only partially usable because the communication topology cannot support the execution geometry required for
coherent serving.

This instability mode is expressed when capacity that is nominally present in the infrastructure
cannot be converted into productive work because the serving graph is topologically misaligned with
the communication substrate [34–36]. The defining feature is a widening gap between provisioned and
effective capacity that emerges without explicit device failure or overt network collapse. Resources
exist, and may appear locally healthy, yet remain only conditionally reachable for coherent execution.

In heterogeneous inference, this mode becomes more pronounced because different serving
decompositions and accelerator configurations impose different communication demands, including
collective synchronization, point-to-point transfer, and stage-to-stage cache handoff [33,38,66]. A
topology that supports one communication pattern efficiently may render another only partially
realizable. The resulting manifestation is throughput that fails to scale proportionally with added
hardware, not because the devices are absent, but because the interconnect cannot operationalize them
at system level [1,37]. The classification therefore applies when the dominant observable effect of
incoherence is the inaccessibility of nominal capacity under real communication constraints.

5.4. Virtualization-Induced Control Distortion

Virtualization-induced control distortion denotes a condition in which abstraction layers alter the relation
between control intent, realized execution, and observed system state, thereby degrading both controllability and
observability.

This instability mode is expressed when hypervisors, virtual GPU schedulers, partitioning mecha-
nisms, or mediated network interfaces cause the same steering signal to produce different runtime
effects than it would under more direct physical execution conditions [24,42]. The defining feature
is not fixed overhead alone. It is distortion in the mapping between decision and effect. Under such
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conditions, scheduling, placement, or isolation choices become harder to interpret because execution is
mediated by abstraction boundaries whose behavior is only partially visible to the workload.

In multi-tenant environments, this distortion is often coupled to concurrent tenant activity, which
introduces non-deterministic variation into both observed performance and control effectiveness [43–
46]. The instability mode is therefore manifested when the operator can no longer reliably infer
how control actions map to resource behavior, or how measured metrics map to physical execution
conditions. Virtualization-induced control distortion is thus the appropriate classification when
instability is expressed as degraded correspondence between intent, execution, and interpretation
under abstraction.

5.5. Migration-Induced Runtime Reconfiguration Risk

Migration-induced runtime reconfiguration risk denotes a condition in which a workload remains func-
tionally portable across environments while its performance distributions, control behavior, or instability profile
change because the underlying control geometry has been reconfigured.

This instability mode is expressed when movement across providers, regions, or infrastructure
classes preserves software-level functionality but alters the infrastructural relations under which
serving occurs [47,48]. The defining feature is structural rather than functional divergence. The
workload continues to execute, yet the target environment encodes different assumptions about
network behavior, storage locality, virtualization, accelerator availability, or control-plane interaction.

The operational manifestation is drift in latency distributions, contention structure, tail behavior,
or cost efficiency under otherwise comparable demand [49,50]. This mode is especially acute for
inference workloads governed by strict service objectives, where even modest changes in timing dis-
tributions can produce disproportionate growth in violation rates [8,26]. Migration-induced runtime
reconfiguration risk is therefore the appropriate classification when instability appears after environ-
mental transition, not because the workload ceased to function, but because functional continuity
concealed a deeper change in runtime geometry.

6. Runtime Coherence as the Hidden Performance Variable
The preceding analysis has identified multiple sources of instability in heterogeneous inference

infrastructure and organized them into a structural taxonomy. What remains is to clarify why these
modes should not be understood as independent operational irregularities, but as expressions of a
deeper systems condition. The central claim of this section is that runtime coherence functions as
a hidden performance variable in heterogeneous large scale inference. It is hidden not because it is
metaphysical or immeasurable, but because it is not directly represented by the conventional metrics
through which AI infrastructure is usually evaluated. Throughput, utilization, average latency, and
benchmark performance all describe important system properties. None of them, however, directly
captures whether the coupled execution fabric remains sufficiently coordinated for nominal resources
to be transformed into stable and economically meaningful serving behavior.

Runtime coherence, as used here, refers to the degree to which control logic, hardware behavior,
memory paths, communication topology, and placement decisions remain mutually compatible across
the serving system. A coherent runtime is not one in which all layers are identical or perfectly
synchronized. It is one in which cross layer interactions preserve enough consistency that local
optimization remains globally intelligible. An incoherent runtime is therefore not defined by the visible
failure of a specific subsystem. It is defined by a condition in which individually rational actions,
healthy local metrics, and nominal resource availability no longer compose into stable system behavior.
This distinction is essential in heterogeneous inference because infrastructure diversity increases both
the number of interaction surfaces and the number of ways in which those surfaces can drift apart
under load.
In this paper, the term runtime coherence is used in a broader sense than runtime control coherence
in prior work. Earlier usage emphasized logical coupling across scheduling, orchestration, and
policy layers. The present paper extends the concept to the full cross-layer coordination surface of
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heterogeneous inference systems, including accelerator behavior, memory-path structure, network and
placement topology, virtualization boundaries, and migration-sensitive environmental reconfiguration.
This terminological extension is deliberate. It reflects the fact that, under heterogeneous inference
conditions, instability is not confined to logical control interactions alone but emerges across the
coupled infrastructural relations through which serving is realized.

The argument developed in this section proceeds in four stages. First, it explains why local
optimization across independently managed layers can produce global instability when their interac-
tion structure is not coherently aligned. Second, it examines the multiple control loops that coexist
across scheduler, runtime, serving, and placement layers, and shows why their interference becomes
more consequential under heterogeneity. Third, it analyzes the phenomenon of hardware dependent
behavioral variance, in which the same model and request distribution can exhibit materially different
runtime behavior solely because the infrastructure path differs. Fourth, it draws out the structural
consequences of incoherence for throughput, tail latency, and effective capacity. Taken together, these
steps make visible why runtime coherence should be treated as a first order systems variable rather
than as a residual effect of other metrics.

6.1. Why Local Optimization Produces Global Instability

A central systems error in large-scale infrastructure analysis is to assume that improved behavior
at the level of individual layers necessarily aggregates into improved behavior at the level of the
whole. In heterogeneous inference, this assumption is especially fragile. Accelerator utilization may be
improved through more aggressive batching, scheduler efficiency may be improved through tighter
packing, network throughput may be improved through path optimization, and placement logic
may be improved through more rapid resource assignment, while the composite runtime nonetheless
becomes less stable. The reason is that these optimizations act on partially shared system state without
necessarily preserving cross-layer consistency [57,58,60].

Figure 4. Runtime coherence as the hidden performance variable. Local optimization signals such as accelerator
utilization, scheduler efficiency, network throughput, placement optimization, and virtualization efficiency do not
directly determine system outcomes. Their effect is mediated by runtime coherence, which conditions effective
throughput, tail latency, effective capacity, and the cost-performance gap under heterogeneous inference.
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This is a familiar result in complex systems theory. Locally rational decisions can produce
collectively suboptimal or unstable outcomes when the interaction structure between decision agents
is insufficiently modeled or insufficiently coordinated [59,61]. Heterogeneous inference infrastructures
instantiate this condition in technical form. The system is composed of interacting control domains
whose local objectives are not identical and whose effects propagate across one another through
hardware-specific timing, topology, memory-path constraints, and abstraction boundaries. Under
such conditions, there is no guarantee that optimizing each domain independently will improve the
behavior of the coupled system. On the contrary, local success may intensify global incoherence when
it sharpens asymmetries that another layer is unable to absorb.

Heterogeneity increases the severity of this problem because it multiplies the number of dimen-
sions along which interaction can become unstable. Each additional accelerator class, virtualization
layer, network regime, or provider boundary introduces a new source of conditional behavior that
local optimization does not resolve by itself [2,3]. What was once a comparatively bounded scheduling
or routing problem becomes a coupled coordination problem in which local decisions alter the assump-
tions under which other local decisions were made. The resulting instability is not accidental. It is the
predictable consequence of optimizing subsystems in an environment whose governing behavior is
relational rather than additive.

The implication is that performance improvement in heterogeneous inference cannot be under-
stood solely as the sum of local efficiencies. The critical question is whether those efficiencies remain
mutually compatible once composed into a single execution fabric. When they do not, the system en-
ters a regime in which optimization itself becomes a source of instability. Runtime coherence therefore
matters because it defines the boundary within which local improvements remain globally productive.
Outside that boundary, more optimization at one layer can produce less stability at the level of the
whole.

6.2. Control Loops Across Scheduler, Runtime, Serving, and Placement Layers

Large scale inference systems contain multiple coupled control loops that operate simultaneously
across different parts of the infrastructure stack. At the accelerator level, batch formation, memory
management, and execution timing are shaped by hardware aware scheduling. At the cluster level,
orchestration systems govern placement, scaling, and allocation. At the serving level, request routers
and load balancers determine how demand is distributed across execution paths. At the provider or
infrastructure management level, capacity controllers regulate resource availability, migration, and
environment level provisioning [27–29]. Each of these loops is locally meaningful. The challenge arises
because they do not operate in isolation.

These loops are separated not only by function, but also by timescale and observational boundary.
Accelerator scheduling acts at millisecond granularity, often under very fine resource and queue state
assumptions. Cluster orchestration operates over longer intervals shaped by placement and allocation
dynamics. Capacity managers act at longer timescales still, with visibility defined more by fleet
conditions than by per request behavior [13,30]. In homogeneous settings, such temporal separation
may remain manageable because the underlying hardware and communication assumptions are
comparatively stable. In heterogeneous environments, however, the state seen by one control loop
may change in ways induced by another loop and conditioned by infrastructure characteristics that
neither loop fully observes.

Heterogeneous hardware intensifies this coupling because control logic must incorporate hard-
ware dependent conditions into its own decision process. Accelerator type influences feasible batch
composition, memory exposure, latency profile, and transfer behavior. These hardware specific fea-
tures introduce conditional logic and type dependent parameters that expand the dimensionality of
the control space beyond what homogeneous fleet abstractions were designed to handle [10,12]. A
decision that is optimal under one hardware path may become destabilizing under another, even when
implemented by the same nominal control mechanism.
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Cross loop interference follows from this expanded control surface. An action taken by one
loop can alter the conditions that another loop had been optimizing for, thereby generating feedback
dynamics that amplify rather than attenuate perturbation [2,28]. A scheduler that changes batch
structure may alter memory pressure in a way that shifts routing effectiveness. A placement controller
that improves local resource packing may increase communication asymmetry across serving stages.
A migration decision made for capacity reasons may alter virtualization and interconnect behavior
sufficiently to invalidate prior latency expectations. In such cases, instability is not the result of absent
control. It is the result of multiple active controls interacting without a stable cross layer coherence
condition. This is why runtime coherence should be interpreted not as a supplementary systems
property, but as the necessary coordination state within which coupled control loops can remain
globally constructive.

6.3. Hardware-Dependent Behavioral Variance Without Model Change

One of the defining features of heterogeneous inference infrastructure is that the same model,
serving configuration, and input distribution can produce measurably different runtime behavior
solely because the infrastructure path changes. The accelerator type that executes the request, the
network path over which state is transferred, the virtualization boundary that mediates access to
physical resources, and the placement relation between serving stages can all alter realized behavior
without any modification to model weights or application logic [9,11]. This phenomenon is structurally
important because it means that performance variation cannot be attributed only to workload or
algorithmic differences. Infrastructure path itself becomes a determinant of behavior.

Such variance should not be misunderstood as incidental noise or operational imperfection. In het-
erogeneous systems, it is systematically induced by the material properties of the execution substrate.
Different accelerator types expose different timing and memory characteristics. Different communica-
tion paths introduce different transfer costs and synchronization conditions. Different virtualization
regimes mediate control and observability differently. The consequence is that runtime behavior
becomes path dependent even when the semantic task being performed remains unchanged [18,21].
The same computation is therefore not operationally identical across all infrastructure paths. It is
transformed by the environment in which it is realized.

This observation has direct consequences for performance characterization. Benchmarks executed
on a single hardware class or under isolated test conditions may accurately describe the behavior of
the model in that environment, but they do not automatically generalize to heterogeneous deployment
regimes. If infrastructure path changes the operational meaning of the same model execution, then
single hardware characterization becomes an incomplete basis for deployment level inference about
performance [63,64]. What is required instead is infrastructure path aware measurement capable of
identifying how different runtime trajectories alter serving quality, latency distribution, and effective
capacity.

The broader significance of hardware dependent behavioral variance is conceptual. It reveals that
infrastructure is not merely the container within which inference occurs. It is part of the behavioral
definition of the deployed system. This does not eliminate the value of model centric evaluation,
but it limits its sufficiency. In heterogeneous inference environments, the operational system is the
model plus the runtime path through which the model is served. Runtime coherence matters precisely
because it determines whether path dependent variance remains bounded and intelligible or expands
into instability that conventional model centered metrics cannot explain.

6.4. Structural Consequences for Throughput, Tail Latency, and Effective Capacity

The five instability modes identified in Section 5 do not remain isolated when heterogeneous
inference systems operate under scale. They interact multiplicatively and sometimes recursively.
Latency asymmetry drift can intensify the impact of memory path incoherence by widening the timing
window over which cache transfer becomes destabilizing. Interconnect induced capacity inaccessibility
can magnify virtualization induced variance by narrowing the set of topologically viable execution
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paths. Migration induced reconfiguration can alter the entire coupling structure within which the other
four modes unfold [26,40]. The effect is that incoherence accumulates not linearly but compositionally
across the execution fabric.

Throughput is therefore best understood in at least two forms. Nominal throughput may be
measured as aggregate tokens generated or requests processed over time. Effective throughput is
narrower and more operationally relevant. It refers to the subset of throughput realized within
acceptable latency and service objective constraints [8,13]. In heterogeneous inference systems, the gap
between nominal and effective throughput can widen substantially even when resource utilization
appears healthy. This gap reflects a structural efficiency problem rather than a simple lack of compute.
The system continues to generate output, but a smaller fraction of that output is produced under
conditions that are economically or operationally meaningful.

Tail latency exhibits a similar transformation. In homogeneous systems, tail behavior may be
treated as an amplification of ordinary variance. In heterogeneous systems, tail latency is often
determined by the slowest structurally exposed execution path rather than by the average path.
As heterogeneity increases, the distribution of path latencies widens because requests encounter
a larger range of hardware conditions, memory constraints, communication costs, and abstraction
boundaries [26,31,39]. The resulting tails are heavier not only because there are more opportunities for
delay, but because the system contains more structurally distinct ways in which delay can be produced
and propagated.

Effective capacity provides the clearest link between runtime coherence and economic conse-
quence. Provisioned capacity refers to the resources nominally available in the infrastructure. Effective
capacity refers to the fraction of those resources that can actually be coordinated into productive
serving behavior within the required operational envelope. When runtime coherence deteriorates,
effective capacity declines even if provisioned capacity remains unchanged [3,65]. This creates a cost
performance gap that cannot be diagnosed by utilization alone. Resources are present, active, and
often expensive, yet a decreasing fraction of them can be converted into service that meets the intended
quality and timing constraints.

The hidden character of runtime coherence therefore becomes visible through its consequences.
It conditions whether nominal throughput becomes effective throughput, whether latency remains
bounded or develops heavy structural tails, and whether provisioned resources remain economically
usable or drift into partially inaccessible cost burden. These consequences are not secondary effects.
They are the operational expression of whether the heterogeneous execution fabric remains coordinated
enough for local performance signals to retain system level meaning. Runtime coherence is thus
hidden only in the sense that it is not directly represented by standard metrics. Its absence becomes
unmistakable in the divergence between what the system appears to contain and what it can actually
do.

7. Structural Diagnostics and Application Mapping
The taxonomy developed in Section 5 is intended as a diagnostic classification of heterogeneous

inference instability rather than as a standalone vocabulary. Its analytical value increases when each
instability mode can be related to a corresponding diagnostic domain capable of examining the relevant
structural interactions in a more explicit way. This section provides that mapping. The aim is not to
claim that any single diagnostic framework resolves the instability modes identified above. The aim is
narrower. It is to show that the cross-layer phenomena isolated in this paper correspond to distinct
analytical domains within the broader SORT-AI research program and can therefore be approached
through structured diagnostic decomposition rather than through ad hoc troubleshooting or purely
layer-local inspection [4,5].

This mapping serves two related purposes. First, it grounds the taxonomy in prior analyti-
cal work by showing that the identified instability classes are not isolated theoretical abstractions,
but correspond to already differentiated domains of infrastructural diagnosis. Second, it clarifies
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that heterogeneous inference instability is not a singular problem with one universal explanatory
layer. Different instability modes require different analytical entry points depending on whether
the dominant source of incoherence lies in accelerator compatibility, network scaling and placement,
virtualization-mediated distortion, or environmental reconfiguration through migration. The mapping
is therefore interpretive rather than promotional. It identifies correspondence between the present
paper’s taxonomy and prior application domains without asserting exhaustive coverage or universal
remediation.

The four primary diagnostic domains considered here correspond directly to the four application
areas integrated into the present paper. AI.07 concerns accelerator runtime control across heteroge-
neous hardware fleets and is therefore aligned with instability modes centered on accelerator mismatch
and hardware dependent execution divergence. AI.11 concerns structural network scalability risk mod-
eling and aligns with interconnect-induced capacity inaccessibility together with placement-topology
coupling. AI.14 concerns virtualization overhead stability analysis and aligns with abstraction-induced
variance and control distortion under multi-tenant execution. AI.20 concerns structural cloud mi-
gration risk assessment and aligns with the reconfiguration of control geometry that occurs when
workloads move across environments. Supporting roles are played by AI.04, AI.01, and AI.27, which
sharpen the logical, physical, and end-to-end dimensions of coherence analysis, respectively.

Table 1. Mapping between instability modes, primary source domains, diagnostic domains, and dominant
observable consequences.

Instability mode Primary source do-
main

Diagnostic domain Dominant observable conse-
quence

Latency-asymmetry
drift

Accelerator hetero-
geneity and control
mismatch

AI.07 Accelerator
Runtime Control,
supported by AI.04
Runtime Control
Coherence

Tail-latency widening, unsta-
ble response ordering, diver-
gence between scheduling as-
sumptions and realized tim-
ing

Memory-path incoher-
ence

Accelerator hetero-
geneity and control
mismatch

AI.07 Accelerator
Runtime Control

Reported compute availabil-
ity exceeds actual serving ca-
pacity, cache-pressure bottle-
necks, decode-path degrada-
tion

Interconnect-induced
capacity inaccessibility

Network and place-
ment coupling effects

AI.11 Structural
Network Scalability
Risk Modeling,
supported by AI.01
Interconnect Stabil-
ity

Gap between provisioned
and effective capacity, non-
proportional throughput
scaling, topology-bound
resource inaccessibility

Virtualization-induced
control distortion

Virtualization-
induced distortion

AI.14 Virtualization
Overhead Stability
Analysis

Degraded controllability and
observability, noisy-neighbor
variance, non-deterministic re-
sponse to steering decisions

Migration-induced run-
time reconfiguration
risk

Migration-induced re-
configuration

AI.20 Structural
Cloud Migration
Risk Assessment

Post-migration latency-shift,
altered contention profile,
environment-dependent
instability without code-level
failure

7.1. AI.07: Accelerator Runtime Control

AI.07 addresses the problem of structure compatible control across heterogeneous accelerator
fleets, including environments that combine different GPU generations, TPUs, NPUs, or custom
accelerator classes. The core analytical premise of this application domain is that heterogeneous
hardware does not merely differ in performance magnitude. It differs in execution timing, memory
hierarchy, communication behavior, and runtime assumptions, such that control systems formed under
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homogeneous fleet logic can become incoherent when extended across mixed hardware environments.
This makes AI.07 the primary diagnostic counterpart to the instability modes developed in Section 4.1,
and especially to the taxonomy dimensions of latency asymmetry drift and memory path incoherence.

Within the present paper, the relevance of AI.07 lies in its focus on the relation between workload
structure and hardware composition. The application domain is concerned with structural compatibil-
ity analysis between accelerator types for specific workload profiles, runtime incoherence detection
across heterogeneous execution paths, memory hierarchy mismatch diagnostics, and communication
protocol assessment for inter-accelerator data movement. These diagnostic orientations correspond di-
rectly to the mechanisms identified above, namely synchronization mismatch, bandwidth asymmetry,
abstraction-layer overhead, and hardware-path-dependent behavioral variance. In this sense, AI.07
provides the closest application-level extension of the paper’s claim that heterogeneous accelerators
act as active runtime determinants rather than as interchangeable execution substrates.

The mapping should nevertheless be interpreted with precision. AI.07 does not replace the broader
framework developed in this paper, because accelerator-level compatibility analysis alone cannot
explain network-, virtualization-, or migration-mediated instability. Its significance is more specific. It
supplies a diagnostic lens through which the accelerator-originated portion of heterogeneous inference
incoherence can be isolated and structurally interpreted. This is especially important in mixed fleet
environments, where the local correctness of each accelerator class can obscure the fact that the serving
path as a whole has become incompatible at the level of runtime control.

7.2. AI.11: Structural Network Scalability Risk Modeling

AI.11 addresses network scaling risk as an emergent property of interactions among topology
design, routing logic, SDN control behavior, and fault-tolerance structure. Its core premise is that net-
work scaling risk is not reducible to component-level performance or isolated link behavior. It emerges
from the way topological form and control-plane logic interact under target scale conditions. This ap-
plication domain therefore aligns directly with the present paper’s analysis of network and placement
coupling effects and with the taxonomy mode of interconnect-induced capacity inaccessibility.

The diagnostic value of AI.11 for heterogeneous inference lies in its capacity to model the diver-
gence between nominal and effective capacity at the networked system level. The application domain
emphasizes multi-dimensional scaling risk assessment across topology, routing, SDN behavior, and
failure tolerance, together with interaction-effect modeling that anticipates how apparently acceptable
local design choices can generate emergent risk under enlarged system conditions. This is directly
relevant to the argument developed in Sections 4.2 and 5.3, where physically present resources become
only conditionally usable once placement decisions, communication requirements, and topology
constraints are jointly considered.

In the context of heterogeneous inference, AI.11 is particularly important because network struc-
ture does not merely transport data between otherwise independent serving components. It actively
shapes whether disaggregated execution remains viable. Prefill-decode separation, accelerator-specific
affinity, and KV-cache transfer all depend on a communication substrate whose effective behavior may
differ substantially from its nominal design intent once the serving graph becomes heterogeneous
and scale sensitive. AI.11 therefore provides the principal diagnostic entry point for analyzing when
network architecture ceases to be a neutral substrate and becomes a first-order determinant of whether
cluster capacity can be realized as coherent inference behavior.

7.3. AI.14: Virtualization Overhead Stability Analysis

AI.14 addresses virtualization-induced instability by treating abstraction layers not as a fixed
source of performance overhead, but as a structural transformation of the relation between workloads
and physical resources. Its analytical focus spans GPU partitioning, network virtualization, RDMA
passthrough regimes, memory isolation, and hypervisor-level mediation under multi-tenant conditions.
This makes it the primary diagnostic counterpart to the virtualization-induced distortion analyzed in
Section 4.3 and to the taxonomy mode of virtualization-induced control distortion.
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The relevance of AI.14 to the present paper lies in its decomposition of virtualization effects
into deterministic and stochastic components. The application domain is explicitly concerned with
noisy-neighbor interference, cross-tenant coupling paths, SR-IOV and RDMA stability under shared
conditions, and the feasibility of performance guarantees under specific virtualization configurations.
These concerns match the paper’s central claim that virtualization does not merely reduce performance
by a constant amount, but changes the variance structure through which serving behavior is realized.
When virtualization alters both controllability and observability, the effect is not simply overhead. It is
a distortion in the mapping between intent, execution, and measured performance.

This mapping is analytically important because virtualized heterogeneous inference systems
are often treated as though the underlying hardware path remained sufficiently transparent for local
metrics to preserve their ordinary meaning. AI.14 challenges that assumption by focusing attention on
the structural coupling introduced by abstraction layers themselves. In doing so, it provides a diagnos-
tic mechanism for distinguishing bare-metal inefficiency from virtualization-mediated incoherence.
The distinction is essential in cloud and multi-tenant AI environments, where the economic rationale
of shared infrastructure depends precisely on whether performance guarantees remain structurally
credible under abstraction and contention.

7.4. AI.20: Structural Cloud Migration Risk Assessment

AI.20 addresses cloud migration as a structural rather than purely functional problem. Its
core premise is that workloads can remain logically portable across environments while becoming
operationally unstable because the coupling relations among compute, network, storage, and control
planes change during migration. This makes AI.20 the direct diagnostic counterpart to the migration-
induced reconfiguration risk analyzed in Section 4.4 and to the taxonomy mode of migration-induced
runtime reconfiguration.

Within the present paper, AI.20 is relevant because it formalizes a point that is often underempha-
sized in infrastructure discourse. Migration does not merely move an application from one location to
another. It rewrites the runtime geometry within which that application is served. The application
domain therefore emphasizes structural coupling comparison between source and target environments,
migration risk quantification based on workload sensitivity to coupling change, phased migration
sequencing, and post-migration stability validation. These diagnostic functions correspond directly to
the paper’s claim that cloud or region changes alter not only average performance, but also latency
distributions, contention structures, and control-loop behavior, even when functional interfaces remain
intact.

AI.20 is especially important for heterogeneous inference because the migration target may differ
from the source environment along multiple dimensions simultaneously: accelerator availability,
storage locality, virtualization regime, network fabric behavior, and provider-level orchestration
logic. Under such conditions, migration risk cannot be reduced to compatibility testing or simple
benchmarking. It must be treated as a structural assessment of whether the target environment
preserves the coherence conditions on which the source serving behavior depended. AI.20 provides
precisely this diagnostic orientation and therefore anchors the migration dimension of the present
paper in a more explicit analytical domain.

7.5. Supporting Diagnostics

The four primary mappings above define the principal correspondence between the taxonomy
introduced in this paper and the integrated application domains from which the argument is con-
structed. Three additional diagnostic domains play supporting roles by sharpening specific layers of
the coherence problem without replacing the primary mapping.

First, AI.04, Runtime Control Coherence, addresses logical coupling across scheduling, orchestra-
tion, and policy layers. Its supporting value lies in clarifying the cross-loop interference mechanisms
discussed in Section 6.2. Where AI.07 focuses more directly on accelerator-runtime compatibility, AI.04
provides a broader control-theoretic lens on how independently operating coordination layers can
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remain locally rational yet globally inconsistent [2]. It is therefore especially useful in interpreting
runtime coherence as a system property rather than as a hardware-local effect.

Second, AI.01, Interconnect Stability, strengthens the physical and topological layer of the present
argument. Its focus on interconnect-level coupling effects supports the analysis of network-placement
interaction and effective capacity divergence developed in Sections 4.2 and 5.3 [1]. Relative to AI.11,
which emphasizes scaling risk across topology, routing, and control, AI.01 offers a more direct framing
of how physical interconnect structure conditions the usability of provisioned compute resources.

Third, AI.27, Inference Pipeline Control Coherence, serves as an end-to-end integrating lens. Its
relevance lies in connecting accelerator-level, scheduler-level, and serving-level coordination into
a single inference pipeline perspective. This makes it particularly useful as a bridging diagnostic
domain when the source of incoherence cannot be localized cleanly to one layer and instead emerges
through the full serving chain from request routing to execution completion. In that sense, AI.27
does not introduce an additional primary instability class, but complements the present mapping
by highlighting that heterogeneous inference instability is often pipeline-distributed even when its
strongest signature appears in one local domain.

Taken together, these mappings show that the taxonomy proposed in this paper is not an isolated
conceptual artifact. It can be related systematically to a set of diagnostic domains that address distinct
portions of the heterogeneous inference problem space. This does not imply resolution by framework
declaration. It implies only that the identified instability modes admit structured analytical treatment
and that heterogeneous inference incoherence can therefore be examined with greater precision than is
possible through layer-local troubleshooting alone.

8. Discussion
The analysis developed in this paper has treated heterogeneous inference instability as a structural

problem of runtime coherence rather than as a collection of isolated bottlenecks. This perspective
has several implications. First, it suggests that the dominant performance question in large-scale
inference is shifting from the efficiency of individual components toward the coordination properties
of the composite execution fabric. Second, it implies that heterogeneity should not be interpreted
primarily as a temporary deviation from ideal infrastructure uniformity. It is increasingly a persistent
condition of deployment, produced by mixed accelerator availability, architectural specialization,
virtualization-mediated access to resources, and migration across infrastructure environments. Third,
it indicates that the practical significance of heterogeneity cannot be assessed by layer-local metrics
alone. The decisive effects arise from how accelerator behavior, memory path structure, network
topology, abstraction boundaries, and placement logic interact under scale.

These implications matter because heterogeneous inference is becoming central to the operational
form of modern AI systems. The growth of disaggregated serving, multi-pool execution, infrastructure
specialization, and cross-environment deployment means that instability can no longer be understood
only through local resource constraints. In many cases, the system remains technically functional while
drifting into reduced effective capacity, widened tail-latency distributions, and a growing divergence
between provisioned resources and usable service output. The discussion below therefore considers
the broader significance of this structural perspective, identifies open research questions that follow
from it, and outlines how the paper’s taxonomy may be subjected to empirical evaluation.

8.1. Implications for AI Factories and Heterogeneous Inference Platforms

One implication of the present analysis is that the emergence of AI factory architectures amplifies
rather than suppresses the coherence problem identified in this paper. As inference becomes a first-
class infrastructure workload alongside training, operators are increasingly required to manage mixed
accelerator fleets, differentiated serving tiers, and multiple execution pathways within the same
datacenter or federated deployment environment [25,52]. This expansion does not simply increase
system scale. It multiplies the number of cross-layer dependencies through which runtime incoherence
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can emerge. AI factories therefore intensify the need for structural analysis because local hardware
efficiency is no longer a sufficient proxy for end-to-end serving stability.

Disaggregated inference architecture illustrates this point especially clearly. The separation of
prefill and decode across different resource pools is often introduced as a response to the distinct
compute and memory demands of large language model inference. This separation can improve
specialization and utilization, but it also introduces a persistent dependency on KV-cache transfer,
placement locality, and stage-to-stage communication coherence [8,9]. The result is that heterogeneity
is both mitigated and reproduced by architectural design. Disaggregation addresses one form of
mismatch while simultaneously creating new topology-sensitive interaction surfaces. For this reason,
the significance of disaggregated inference cannot be judged only by local gains in stage efficiency.
It must also be evaluated in terms of how the resulting serving path preserves or degrades runtime
coherence across the composite system.

The same logic extends beyond single-cluster environments to multi-cloud and sovereign-cloud
deployment conditions. When workloads are placed across provider boundaries, the heterogeneity
problem is compounded by differences in virtualization regimes, accelerator availability profiles,
storage path assumptions, control-plane behavior, and network performance distributions [50,51].
Under such conditions, cross-provider placement is not simply a scheduling extension of within-cluster
resource allocation. It is a structural coordination problem in which the operational meaning of a
placement decision depends on whether the target environment preserves the coupling conditions
required for stable inference. The analysis developed here is therefore applicable not only to internal
datacenter heterogeneity, but also to federated or policy-constrained infrastructure landscapes in which
multiple infrastructure classes must be coordinated without assuming uniform execution behavior.

This perspective also clarifies the significance of infrastructure classes such as CUDA-based
cloud environments, TPUs, inference-oriented accelerator families, and custom ASIC deployments.
These should not be viewed only as alternative hardware options with different price-performance
points. They instantiate distinct coupling topologies with different runtime assumptions, memory-path
characteristics, communication behaviors, and abstraction constraints. Movement between them, or
composition across them, constitutes a structural reconfiguration of the execution fabric rather than
a neutral deployment variation. This is precisely why heterogeneous inference platforms require
a systems language of coherence rather than a hardware language of substitution. The relevant
question is not merely which resource is faster or cheaper in isolation. It is whether the composite
infrastructure remains coordinated enough for nominal hardware diversity to be transformed into
stable and economically meaningful serving behavior.

8.2. Open Research Questions

The first major open question concerns cross-layer observability. Existing monitoring systems
remain largely organized around separable infrastructure domains, such as compute, networking,
storage, orchestration, or application-level service behavior. Heterogeneous inference instability,
however, often emerges at the interaction boundaries between these domains rather than within any
one of them. This raises the question of what measurement primitives would be required for genuinely
structural observability in large-scale inference systems [54,55]. A relevant research agenda would
need to determine which intermediate states, path-level dependencies, and timing relations must
be exposed in order to render cross-layer incoherence visible without collapsing the system into an
intractable volume of telemetry.

A second open question concerns runtime topology metrics. The analysis in this paper has relied
on the distinction between nominal and effective capacity, but this distinction remains underformalized
in operational terms. If effective capacity depends on accelerator composition, placement locality,
communication structure, and memory-path constraints, then infrastructure analysis requires a more
explicit way of representing the topology of usable execution under live serving conditions [1,37]. This
suggests the need for runtime metrics that do not merely summarize device activity or fleet throughput,
but characterize the degree to which provisioned resources remain structurally reachable for coherent
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work. Whether such metrics can be computed in real time, and at what level of abstraction, remains an
important unanswered question.

A third research question concerns migration-sensitive diagnostics. Migration is often evaluated in
terms of functional portability, compatibility testing, or comparative benchmark behavior. The present
paper has argued that these criteria are insufficient because migration alters the control geometry within
which serving occurs. This raises the question of how migration risk can be quantified structurally
before migration is executed, and which source-target relations are most predictive of post-migration
instability [47,48]. Answering this would require a framework capable of comparing environments
in terms of coupling topology rather than only in terms of individual resource specifications. Such a
framework could become important not only for cloud portability, but also for sovereign deployment
planning and multi-environment resilience strategies.

A fourth open question concerns coherence-aware benchmarking. Most current benchmark
practice remains strongly tied to single-device or homogeneous-cluster evaluation logic. Yet if infras-
tructure path materially shapes runtime behavior, then benchmark design must eventually account
for heterogeneity as part of the measured system rather than as external noise [63,64]. This raises
several questions. Should benchmark suites explicitly vary infrastructure path composition. Should
they report sensitivity to accelerator mix, placement asymmetry, or virtualization boundary effects.
Should infrastructure-path variance be treated as an evaluation dimension analogous to latency or
throughput. These questions are important because benchmark adequacy increasingly depends on
whether the benchmark reflects the conditions under which deployed inference actually operates.

A fifth research question concerns heterogeneity-aware scheduling theory. Classical scheduler
design typically assumes that resources are sufficiently comparable for allocation decisions to be
expressed over a simplified equivalence class. Heterogeneous inference weakens that assumption by
making the serving outcome path dependent on hardware type, communication structure, memory
residency, and abstraction boundary effects [10,12,13]. This suggests that scheduling theory may
require a richer representational basis in which the target of scheduling is not a pool of interchangeable
units, but a structured composition whose performance properties depend on cross-layer coordination.
The problem is therefore not only to improve placement under heterogeneity, but to identify the
abstractions within which heterogeneity remains schedulable without generating incoherence faster
than optimization can absorb it.

8.3. Outlook on Empirical Validation

The framework proposed in this paper is deliberately pre-empirical. It identifies instability mech-
anisms and organizes them into a structural taxonomy based on architectural reasoning, publicly
described system forms, and inferential synthesis across the literature. It does not claim to present
deployment-level measurements or to validate the taxonomy through direct experiments. This limita-
tion is intentional. The paper’s purpose is to establish a conceptual and diagnostic structure that can
guide later empirical work rather than to infer general conclusions from narrow measurement settings.

Empirical validation would require controlled or semi-controlled studies capable of varying
heterogeneous composition along multiple dimensions. At minimum, this would involve systematic
variation of accelerator mix, placement topology, virtualization configuration, and migration path
while measuring quantities such as effective capacity, tail-latency distributions, queueing behavior,
and cost-performance ratios. Such studies are difficult because they require access to infrastructure
that is not only heterogeneous, but heterogeneous at operationally meaningful scale. They also require
experimental designs that can separate local hardware effects from interaction effects emerging at
the level of the serving path. The resource intensity of this type of work partly explains why many
heterogeneous instability phenomena remain analytically underdeveloped despite their operational
relevance.

A plausible validation pathway would begin with simulation-based studies or trace-driven mod-
eling. Published workload traces, infrastructure scheduling traces, and validated serving simulators
could be used to examine how the instability modes identified here behave under controlled perturba-
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tion of topology, heterogeneity, and abstraction conditions [13,30,63]. This would not substitute for
real deployment measurement, but it could test whether the proposed taxonomy predicts distinct and
reproducible signatures under varying infrastructure assumptions. Such a program could then be
extended through targeted cloud-based measurements on heterogeneous instance classes, particularly
in environments where mixed accelerator fleets, disaggregated serving, or multi-tenant virtualization
are already available.

The taxonomy proposed here is designed to be empirically falsifiable in a limited but meaningful
sense. Each instability mode implies observable patterns that should differ from those of simpler
homogeneous bottleneck models. Latency asymmetry drift should widen timing distributions as
heterogeneity increases. Memory-path incoherence should produce cases in which reported compute
availability diverges from actual serving capacity. Interconnect-induced capacity inaccessibility should
manifest as non-proportional throughput scaling under added resources. Virtualization-induced
control distortion should alter both the variance and the controllability of observed performance.
Migration-induced runtime reconfiguration should change performance distributions without requir-
ing code-level failure. These are testable expectations even if their precise quantitative form remains
unknown.

The broader significance of empirical validation is therefore not merely confirmatory. It would
help determine whether heterogeneous inference instability is best understood as a set of independent
operational complications or as a coherent systems phenomenon centered on runtime coordination.
The present paper has argued for the second interpretation. That argument now points toward a
concrete research program. If future work can show that the proposed instability modes produce
measurable and separable signatures under controlled variation, then runtime coherence may become
a more explicit object of AI infrastructure science rather than an implicit residual effect inferred only
after local metrics fail to explain observed behavior.

9. Conclusion
The analysis developed in this paper has treated heterogeneous inference infrastructure as a struc-

tural systems condition rather than as an incidental deployment complication. The core result is that
heterogeneous inference changes the meaning of performance management. Once execution depends
on mixed accelerator classes, differentiated memory paths, nonuniform interconnects, virtualization
boundaries, and migration-sensitive placement, performance can no longer be understood primarily
through local optimization of isolated layers. It becomes a problem of maintaining runtime coherence
across a coupled execution fabric. This shift is significant because many of the most consequential
degradations in large-scale inference do not appear first as device failure, scheduler malfunction, or
explicit network fault. They appear as loss of coordination between locally correct subsystems.

9.1. Heterogeneous Inference as a Structural Coordination Problem

The central argument of this paper is that heterogeneous inference infrastructure transforms
performance management from an optimization problem into a structural coordination problem.
Additional accelerators, wider memory envelopes, or greater nominal network capacity do not in
themselves resolve instability when the dominant source of degradation lies in cross-layer incoherence
rather than in isolated scarcity [57,58]. Under heterogeneous conditions, the operational question is
not only whether resources exist, but whether they remain mutually compatible enough to support
coherent execution under load.

Within this framing, the five instability modes identified in this paper, latency-asymmetry drift,
memory-path incoherence, interconnect-induced capacity inaccessibility, virtualization-induced control
distortion, and migration-induced runtime reconfiguration risk, should be understood as structurally
distinct mechanisms through which coordination breaks down. They are not interchangeable symp-
toms of a single bottleneck. Each describes a different way in which nominally functional infrastructure
can become operationally unstable when composed into a heterogeneous inference fabric. The diagnos-
tic implication is that no single layer-local explanation is sufficient for all of them. Distinct instability
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mechanisms require correspondingly distinct analytical entry points, even when they interact in
practice.

The broader consequence is that heterogeneous inference cannot be reduced to a hardware pro-
curement or deployment diversity issue. It is a systems problem whose relevant object is the execution
relation between layers. This is why the present paper has emphasized taxonomy and diagnostic
mapping rather than implementation prescription. Before optimization can be meaningfully applied,
the structural form of instability must be identified with sufficient precision that local interventions do
not further destabilize the coupled runtime.

9.2. Why Coherence Precedes Optimization

A second conclusion follows directly from this analysis. Runtime coherence is not the product of
successful optimization. It is the condition under which optimization becomes systemically meaningful.
If the execution fabric is already incoherent, then improvements applied to one layer may leave the
overall system unchanged or may even intensify instability by sharpening asymmetries elsewhere in
the serving path [2,3]. Under such conditions, local metric improvement cannot be treated as evidence
of global progress.

This ordering matters because large-scale AI infrastructure is frequently evaluated through
utilization, average latency, or aggregate throughput targets that presuppose a sufficiently coherent
runtime surface. The present paper has argued that this presupposition is no longer reliable in
heterogeneous inference systems. When control loops, memory behavior, topology, virtualization, and
migration-sensitive placement interact without stable coordination, optimization loses predictability
at system level. Coherence must therefore be established conceptually and diagnostically before
optimization can yield reproducible infrastructure-wide gains.

The practical implication is straightforward. Under heterogeneous deployment conditions, in-
vestment in structural observability, cross-layer diagnosis, and topology-aware analysis may produce
greater marginal benefit than isolated investment in additional compute capacity. This is not because
raw capacity has become unimportant, but because the economic meaning of capacity increasingly
depends on whether provisioned resources remain effectively usable within a coherent runtime. The
sequence is therefore analytically and operationally important: coherence first, optimization second.

9.3. Implications for Future AI Infrastructure Research

The structural challenge identified here is unlikely to diminish. As AI inference continues to scale,
and as deployment environments become more diverse across accelerators, providers, regions, and
policy regimes, heterogeneous execution will become more common rather than less common [25,52].
This means that the interaction effects analyzed in this paper are likely to move closer to the center of
AI infrastructure performance, cost, and reliability research. In such a setting, the critical variables of
system behavior will increasingly lie in the coordination properties of execution fabrics rather than in
the isolated efficiency of their constituent parts.

Future work should therefore proceed along at least three directions. First, formal methods
are needed for reasoning about runtime coherence in heterogeneous systems without collapsing the
problem into purely local metrics or overly abstract systems language. Second, empirical methods are
needed for measuring effective capacity, tail-latency sensitivity, and infrastructure-path variance under
structural heterogeneity. Third, architectural principles are needed that treat cross-layer coherence as
an explicit design target rather than as an emergent byproduct of separately optimized subsystems.
These directions are complementary. Together they define a research program in which infrastructure
behavior is analyzed at the level where heterogeneity actually becomes operationally decisive.

The structural taxonomy and diagnostic mapping presented in this paper are offered as a founda-
tion for that program, not as its completion. Their intended contribution is to provide a clearer language
for identifying where heterogeneous inference instability arises, how it differs across infrastructural
conditions, and why conventional optimization logic becomes insufficient once cross-layer incoherence
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dominates observed system behavior. If heterogeneous inference is to become a stable basis for future
AI deployment at scale, runtime coherence must become a first-order object of infrastructure research.

Data Availability Statement: No new datasets were generated or analyzed in this study. The paper is based on
structural analysis of publicly described system classes and published literature. Supporting framework materials
relevant to the broader SORT research program are archived on Zenodo under DOI 10.5281/zenodo.18094128.
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maintained at GitHub.
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