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Abstract

Large language model inference on cloud accelerators has become a central systems problem
because it couples model architecture, hardware heterogeneity, serving policies, energy
constraints, and organizational governance. This paper develops a system-level account of an
auto-tuning framework for efficient inference in cloud environments. The framework is not
treated merely as a collection of parameter search routines but as a socio-technical
infrastructure that continuously observes workloads, predicts latency and cost behavior,
selects execution configurations, and subjects those decisions to governance and policy
constraints. The analysis begins with the architectural foundations of transformer-based
inference and accelerator-oriented serving, including attention optimization, memory
management, quantization, adapters, speculative decoding, and distributed inference. It then
examines trade-offs among throughput, latency, accuracy, robustness, fairness, and
sustainability. Particular attention is given to telemetry and machine-learning-based delay
prediction as an input to tuning decisions, while avoiding the reduction of auto-tuning to
prediction alone. The paper argues that efficient inference requires co-design across
accelerator scheduling, model compression, request routing, multi-tenant isolation,
observability, and carbon-aware deployment. It also considers deployment risks such as
performance instability, unfair resource allocation, vendor lock-in, and hidden environmental
costs. Case illustrations from inference serving systems, adaptive model serving, and
distributed transformer serving are used to show how auto-tuning frameworks can be
evaluated beyond benchmark accuracy. The conclusion proposes that future auto-tuning
infrastructures should be auditable, accountable, and adaptive, with explicit metrics for
robustness, fairness, energy intensity, and operational resilience rather than latency alone.
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1. Introduction



The rapid adoption of large language models has transformed cloud infrastructure from a
general-purpose compute substrate into a specialized inference environment where accelerator
memory, interconnect bandwidth, batching policy, and request arrival patterns determine both
service quality and operating cost. Transformer-based architectures [1] and scaling laws for
few-shot learning [2] established that model capability can improve with parameter count and
data scale, but they also created deployment regimes in which inference is no longer a
secondary workload. Instead, inference has become a first-order systems concern that shapes
data center design, procurement, scheduling, and sustainability reporting. An auto-tuning
framework for inference must therefore be understood as more than a performance
optimization layer; it is an institutional mechanism that translates service-level objectives into
hardware actions under uncertainty.

The central problem is that efficient inference is not a single objective. A configuration that
maximizes throughput may increase tail latency, degrade fairness across tenants, or
concentrate load on a small number of accelerator types. A configuration that minimizes
latency may waste memory bandwidth or energy. A configuration that reduces model
precision may improve cost but introduce accuracy regressions for specific languages,
domains, or user groups. Auto-tuning frameworks must navigate these tensions while
operating in cloud environments where workloads are dynamic, hardware is heterogeneous,
and policy constraints are imposed by both providers and customers. The literature on
efficient transformer inference [3] and memory-efficient serving [5] shows that system-level
decisions about attention, caching, and batching can dominate raw model-level improvements.
This paper argues that an effective auto-tuning framework must be designed as a governed
control plane rather than a standalone optimizer.

The socio-technical dimension is equally important. Cloud accelerators are not neutral
resources; they are embedded in contractual relationships, regional energy markets, data
sovereignty rules, and organizational risk cultures. A framework that tunes only for latency
may unintentionally externalize costs onto users through unpredictable performance or onto
the environment through carbon-intensive scheduling. Conversely, a framework that enforces
strict sustainability constraints without considering service quality may fail operationally and
be bypassed by engineering teams. The analysis that follows therefore integrates architecture,
deployment, governance, robustness, fairness, and policy. It draws on inference serving
systems, quantization and adaptation techniques, speculative decoding, distributed execution,
and green computing research to outline a research agenda for auto-tuning as an accountable
infrastructure.

2. Conceptual Foundations of Auto-Tuning for Cloud Accelerator Inference

Auto-tuning for large language model inference begins with a distinction between static
optimization and runtime adaptation. Static optimization occurs during model preparation,
compiler selection, kernel generation, and deployment packaging. Runtime adaptation occurs
when request patterns, tenant mixes, thermal conditions, or cost signals change. A cloud
inference service may deploy a model that was compiled for a particular accelerator family,
but the optimal batch size, sequence length distribution, cache policy, and parallelism strategy
may shift across hours or minutes. The framework must therefore maintain a representation of
the workload, a model of the execution environment, and a policy layer that determines when
reconfiguration is worth the disruption. This is why inference delay prediction and
performance modeling are relevant, but they are inputs to a broader control loop rather than
substitutes for system design.



The conceptual foundation also includes the distinction between model-level efficiency and
service-level efficiency. Model-level techniques such as quantization [7], post-training
quantization [8], low-rank adaptation [9], quantized fine-tuning [10], and smooth activation
scaling [11] reduce memory footprint and compute demand. Service-level techniques such as
paged memory management [5], speculative decoding [12], and optimized attention kernels [4]
improve the way requests are scheduled and executed. A framework that tunes only one layer
can produce misleading gains. For example, aggressive quantization may reduce memory
pressure but increase decoding variance, while speculative decoding may improve interactive
latency but consume additional compute under high concurrency. Auto-tuning must therefore
evaluate configurations as compositions, not as isolated switches.

Cloud accelerators add another layer of complexity because the available hardware is rarely
uniform. A provider may offer graphics processing units, tensor processing units, inference
accelerators, and custom application-specific integrated circuits across regions and
generations. Each device family has different memory hierarchies, interconnect topologies,
numerical formats, and scheduling constraints. Distributed inference frameworks such as
DeepSpeed-Inference [14] demonstrate that model partitioning and communication overlap
are essential for large models, but the best partition depends on the accelerator topology and
the request workload. An auto-tuning framework must abstract these details without hiding
them completely, because governance requires visibility into which resources are used, why
they are selected, and what trade-offs are being accepted.

3. Architectural and Resource Trade-Offs

The architectural core of auto-tuning is the management of memory, compute, and
communication. Transformer inference is often memory-bound during decoding because each
generated token requires access to model weights and key-value caches. PagedAttention [5]
addresses this by managing cache memory in blocks, reducing fragmentation and enabling
more effective batching. Attention kernel improvements such as FlashAttention [4] reduce
memory traffic by reorganizing computation around input and output awareness. These
techniques show that auto-tuning cannot be reduced to selecting a model size or a batch size;
it must reason about data movement, cache residency, and kernel-level scheduling. A
framework that ignores memory hierarchy may select configurations that look efficient in
arithmetic operations but perform poorly in wall-clock latency.

Quantization and adaptation introduce distinct trade-offs. Eight-bit matrix multiplication [7]
and post-training quantization [8] can reduce memory and compute costs, but they may
require calibration data and careful handling of outliers. Low-rank adaptation [9] enables
parameter-efficient specialization, while quantized fine-tuning [10] allows larger models to be
adapted under memory constraints. SmoothQuant [11] shifts quantization difficulty from
activations to weights, improving robustness for large models. In an auto-tuning framework,
these techniques are not merely model compression options; they are policy variables that
affect accuracy, fairness, and update velocity. A tenant serving many languages may need
different quantization profiles than a tenant serving a narrow domain. The framework must
therefore support per-workload configuration while preventing configuration sprawl that
becomes unauditable.

Decoding strategies create additional architectural trade-offs. Speculative decoding [12] and
fast transformer decoding [13] can reduce latency by predicting multiple tokens or
reorganizing attention computation. However, speculative methods may increase compute
utilization and energy consumption when acceptance rates are low. Distributed serving



systems such as Orca [19] and AlpaServe [18] show that continuous batching, model
parallelism, and statistical multiplexing can improve aggregate throughput, but they also
introduce scheduling complexity and potential unfairness across tenants. An auto-tuning
framework must evaluate these techniques together. A configuration that improves average
latency may worsen tail latency for small tenants or increase preemption risk for long-running
requests. The framework should therefore expose multi-objective controls rather than a single
efficiency score.

4. Telemetry, Prediction, and Governance in Auto-Tuning Pipelines

Telemetry is the connective tissue of auto-tuning. Without accurate observation of request
arrival rates, sequence lengths, cache hit behavior, accelerator utilization, memory pressure,
and error rates, the framework cannot distinguish between a good configuration and a
temporarily lucky one. Machine-learning-based delay prediction [6] can improve scheduling
by anticipating latency under different load conditions, but prediction models must be
integrated with governance mechanisms. A prediction that a configuration will be fast is not
sufficient if it violates tenant isolation, exceeds a carbon budget, or depends on hardware that
is unavailable in a required jurisdiction. The framework should treat prediction as one signal
among many, with explicit uncertainty estimates and fallback policies.

Governance enters through the definition of objectives, constraints, and audit trails. Who
decides whether energy efficiency outweighs latency? How are fairness guarantees encoded
when multiple tenants share accelerators? What happens when a tuning action degrades
performance for a minority workload? These questions cannot be resolved by optimization
alone. They require policy layers that specify acceptable ranges, escalation paths, and
transparency requirements. For example, a cloud provider may allow aggressive batching for
best-effort workloads but require strict latency isolation for interactive applications. An auto-
tuning framework should record the rationale for each configuration change, the observed
outcome, and the affected tenants. This record becomes essential for incident review,
regulatory compliance, and continuous improvement.

The governance challenge is amplified by multi-tenancy. Inference serving systems such as
Clipper [15], Clockwork [16], and INFaaS [17] demonstrate that serving infrastructure must
handle variation in model type, latency targets, and resource requirements. When auto-tuning
operates across tenants, it can inadvertently create feedback loops in which popular workloads
receive more optimization attention while rare workloads are underserved. A fair framework
should include workload-aware budgeting, minimum performance guarantees, and periodic
audits for disparity. It should also distinguish between tuning for provider profit and tuning
for user welfare. Without such distinctions, auto-tuning becomes a hidden policy instrument
that shapes access to computational capability.

5. Deployment, Robustness, and Fairness Across Cloud Infrastructures

Deployment is where auto-tuning meets operational reality. A configuration that performs
well in a controlled benchmark may fail under production traffic because of burstiness, noisy
neighbors, thermal throttling, or software version drift. Robustness requires redundancy in
tuning decisions. The framework should maintain multiple candidate configurations, monitor
for distribution shift, and revert quickly when performance or accuracy degrades. It should
also test configurations under adversarial or unusual conditions, such as very long prompts,
multilingual inputs, repeated prefixes, or sudden changes in tenant mix. Robustness is not



merely an engineering property; it is a governance commitment to predictable service under
stress.

Fairness in auto-tuning is often overlooked because efficiency is treated as a universal good.
In practice, efficiency gains may be unevenly distributed. A framework that optimizes for
average throughput may allocate more memory to large tenants and reduce cache availability
for small tenants. A framework that routes requests to the lowest-cost accelerator may send
users in certain regions to older hardware with higher latency. A framework that compresses
models aggressively may reduce accuracy for dialects or domains with less representation in
calibration data. Fairness requires explicit metrics, such as performance parity across tenant
classes, accuracy parity across language groups, and error rate parity across request types.
Auto-tuning should not be allowed to silently trade fairness for aggregate efficiency.

Cloud infrastructure also introduces dependency and lock-in risks. Auto-tuning frameworks
often rely on vendor-specific profilers, compilers, and accelerator libraries. If the framework
encodes too much hardware-specific knowledge, it may become brittle when the provider
introduces new instances or changes pricing. A more resilient design separates portable policy
from device-specific implementation. The policy layer defines objectives, constraints, and
acceptable trade-offs, while device adapters implement tuning actions for particular
accelerators. This separation supports portability, auditability, and competition among
hardware providers. It also makes it easier to incorporate new accelerator types without
rewriting the entire control plane.

6. Sustainability, Economics, and Policy Implications

Sustainability is a first-class concern for large language model inference because inference
occurs continuously and at scale. Training has received substantial attention for its energy and
policy implications [20], and green computing research has argued for efficiency metrics that
go beyond raw performance [21]. Inference auto-tuning can contribute to sustainability by
reducing wasted computation, improving accelerator utilization, and selecting configurations
that match workload demand. However, it can also increase energy consumption if it
encourages speculative decoding, redundant model replicas, or always-on maximum-
performance settings. A sustainable framework should incorporate energy intensity, carbon
intensity of the regional grid, and embodied hardware costs into its objective functions. It
should also distinguish between energy saved per request and total energy consumed by the
service.

The economics of auto-tuning are similarly multi-dimensional. Cloud providers charge for
accelerator time, memory, storage, and data transfer, while users experience cost through
latency, reliability, and accuracy. A framework that minimizes provider cost may increase
user cost if it shifts computation to client-side preprocessing or reduces output quality. A
framework that minimizes user latency may increase provider cost by overprovisioning.
Economic governance therefore requires transparent accounting. The framework should
expose cost attribution by tenant, workload, and configuration, and it should allow policy
constraints such as maximum cost per thousand tokens or maximum carbon per request.
These constraints turn auto-tuning into a negotiated infrastructure rather than an opaque
optimization.

Policy implications extend beyond internal governance. Regulators and standards bodies may
increasingly require disclosure of computational intensity, energy use, and performance
discrimination in automated systems. An auto-tuning framework that can document its



decisions, constraints, and outcomes is better positioned for compliance. It can also support
public-interest research by providing anonymized telemetry and configuration performance
data. At the same time, transparency must be balanced against security and proprietary
information. The policy design should therefore specify what must be disclosed, what may be
aggregated, and what must remain protected. The goal is not radical transparency for its own
sake but accountable efficiency that can be examined by affected parties.

7. Case Illustrations and Cross-Domain Comparisons

Several inference serving systems illustrate the value of auto-tuning as a control plane.
Clipper [15] showed that a general-purpose prediction serving system can abstract model
execution and apply latency-aware policies. Clockwork [16] emphasized performance
predictability from the bottom up, arguing that serving systems should provide stable latency
rather than only high average throughput. INFaaS [17] automated model selection and
configuration, demonstrating that inference serving can benefit from model-less abstractions
that hide implementation details from users. These systems predate the current scale of large
language models, but their lessons about abstraction, predictability, and automation remain
directly relevant. An auto-tuning framework for large models should inherit their emphasis on
service-level objectives rather than model-level benchmarks.

More recent systems address transformer-specific challenges. Orca [19] introduced
continuous batching and iteration-level scheduling for generative models, improving
accelerator utilization under dynamic request patterns. AlpaServe [18] used statistical
multiplexing and model parallelism to serve many models efficiently, showing that placement
and parallelism decisions can be automated. DeepSpeed-Inference [14] demonstrated large-
scale distributed inference with optimized kernels and communication overlap. These systems
illustrate that auto-tuning must span scheduling, partitioning, and kernel selection. A
framework that tunes only one of these layers may miss cross-layer interactions that dominate
end-to-end performance. The case for an integrated framework is therefore empirical as well
as conceptual.

Cross-domain comparisons with database query optimization and network traffic engineering
are instructive. Database optimizers select execution plans based on statistics and cost models,
but they also provide hints, plan stability, and workload management. Network traffic
engineering balances utilization and fairness through admission control, pacing, and routing.
Auto-tuning for inference can borrow these ideas by treating configuration selection as plan
optimization, tenant isolation as admission control, and model routing as traffic steering.
However, inference differs because model accuracy, language coverage, and safety behavior
can change with configuration. The framework must therefore include quality-of-service
dimensions that are not present in traditional query optimization or packet routing.

8. Future Directions and Research Agenda

Future research should advance three interconnected areas. The first is multi-objective
optimization under uncertainty. Auto-tuning frameworks need methods that can reason about
latency, throughput, accuracy, fairness, energy, and cost without collapsing them into a single
scalar. They also need uncertainty quantification so that decisions are robust to noisy
telemetry and unpredictable workloads. The second area is governance-aware automation.
Frameworks should support policy specification, audit trails, and contestability, allowing
affected users or administrators to understand and challenge tuning decisions. The third area



is sustainable infrastructure co-design. Accelerators, data center cooling, power markets, and
inference schedulers should be studied together rather than as separate layers.

A research agenda should also address evaluation. Benchmarks for auto-tuning must move
beyond static datasets and average latency. They should include bursty traffic, mixed tenants,
multilingual workloads, long-context requests, hardware failures, and carbon-aware
scheduling. They should measure tail latency, fairness gaps, energy per request, and accuracy
regressions under compression. Comparisons between frameworks should report not only
best-case performance but also stability, recovery time, and operational complexity. Without
such evaluation, auto-tuning risks becoming a collection of impressive demonstrations rather
than a dependable infrastructure capability.

9. Conclusion

Auto-tuning for large language model inference on cloud accelerators is fundamentally a
systems and governance problem. The technical layers include attention optimization,
memory management, quantization, adaptation, speculative decoding, distributed execution,
and request scheduling. The socio-technical layers include tenant fairness, robustness,
sustainability, cost attribution, policy compliance, and public accountability. Efficient
inference cannot be achieved by optimizing one layer in isolation. It requires a control plane
that observes workloads, predicts performance, selects configurations, enforces constraints,
and records outcomes. The framework proposed in this paper treats auto-tuning as an
accountable infrastructure rather than a hidden optimizer.

The path forward requires collaboration among systems researchers, machine learning
engineers, cloud providers, policymakers, and affected communities. Auto-tuning frameworks
should be designed to expose trade-offs, support contestability, and align efficiency with
broader public values. They should reduce waste, improve access, and protect against unfair
performance degradation. They should also remain adaptable as models, accelerators, energy
markets, and regulations change. If designed with these principles, auto-tuning can become a
foundational capability for responsible and efficient large language model inference in cloud
environments.
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