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Abstract

This study investigates the resource scheduling challenges arising from the deploy-
ment of large language models (LLMs) in cloud-based service invocation. It ana-
lyzes the computational structures required for model deployment and the fluctuat-

DOL: 10.26855/acc.2025.10.001 ing workload patterns during inference. Key mechanisms such as containerized de-
ployment, service warm-up, load balancing, and runtime state monitoring are ex-
amined to map how mainstream platforms manage elastic resource allocation. The
applicability of elastic scaling strategies is further summarized in the context of
multi-model concurrency and edge computing scenarios. The results indicate that
building coordinated strategies based on state awareness and invocation prediction

can significantly enhance service stability and resource utilization.
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Introduction

With the rapid advancement of natural language processing technologies, large language models have been widely
integrated into service modules such as search engines, intelligent customer support, content generation, and decision-
making assistance. These models typically involve massive parameter scales and demand intensive computational
resources, leading to significant challenges in service responsiveness, resource scheduling, and workload manage-
ment during cloud-based deployment. In multi-tenant environments, high concurrency and non-linear traffic further
intensify computational pressure, exposing the limitations of conventional scaling mechanisms. Current industry
practices often rely on static thresholds or resource consumption indicators, which are insufficient for responding to
real-time fluctuations in model states and request densities. This necessitates targeted adaptations in both resource
management and scheduling strategies to ensure scalable and stable model service delivery.

1. Characteristics of Large Language Model Execution in Cloud-Based Service Invocation
1.1 Service Deployment Architecture and Resource Dependencies

The deployment of large language models (LLMs) in cloud environments typically involves a combination of model
service encapsulation and containerized orchestration to support remote invocation interfaces such as RESTful APIs
or gRPC. The architecture generally consists of a request ingress layer, an inference layer, and a resource scheduling
layer. The inference layer, as the computational core, must be bound to GPU instances or TPU nodes to ensure high-
throughput responses. Model initialization often includes multiple stages—such as parameter loading, weight

DOI: 10.26855/acc.2025.10.001 162 Advances in Computer and Communication


https://www.hillpublisher.com/journals/acc/

Linghong Cheng

mapping, and memory binding—which contribute to significant startup overhead. From a resource dependency per-
spective, LLM services are highly compute-intensive, requiring stable access to large-scale GPU memory, high-
bandwidth memory interfaces, and parallel processing units [1]. To maintain timely input processing and output de-
livery, the system framework also relies on high-speed network I/O and internal caching mechanisms, raising the
baseline infrastructure requirements.

1.2 Performance Bottlenecks in Service Response

In cloud runtime environments, service responsiveness is frequently constrained by both startup latency and dynamic
resource scheduling delays. Due to the large model size, loading operations—such as file reading and GPU weight
initialization—must be completed before serving begins. Without persistent warm-up mechanisms, initial invocations
are prone to cold-start delays. In multi-tenant environments, frequent model migrations across compute nodes can
lead to GPU memory reclamation, reinitialization of execution contexts, and temporary service interruptions or la-
tency fluctuations. Network I/O bottlenecks also pose challenges. If the platform lacks asynchronous flow control or
buffering strategies, data transfer during inference may become a blocking factor, degrading the end-user experience.

1.3 Evolution Patterns of Invocation Workloads

LLM service workloads exhibit increasingly diverse and non-linear invocation patterns. In typical scenarios, high-
frequency, low-latency requests—such as real-time question answering or search autocomplete—coexist with low-
frequency, long-duration calls, including document generation or code completion. This hybrid load structure cannot
be managed effectively with a single scheduling policy, necessitating a scheduler capable of recognizing both task
intensity and duration. In multi-tenant cloud platforms, high concurrency and wide request variance demand enhanced
flexibility in backend resource allocation. Statistical observations indicate that workload peaks closely correlate with
user behavior patterns, alternating between predictable cycles and sudden surges, imposing sustained pressure on the
model’s elastic response capabilities.

2. Elastic Scaling Mechanisms and Scheduling Adaptation

With the rapid growth of generative Al services, large language models (LLMs) are increasingly deployed on cloud
platforms to support question answering, document generation, and dialogue interfaces. In practice, platforms such
as AWS Bedrock and Azure OpenAl Service frequently encounter issues like cold-start latency, imbalanced GPU
utilization, and unpredictable resource contention. These challenges highlight a structural mismatch between tradi-
tional scaling mechanisms and the architectural demands of LLM services.

2.1 Container Orchestration and Resource Pool Management

Cloud-based LLMs are typically deployed using containerized infrastructure, with orchestration systems like Kuber-
netes enabling dynamic resource scaling. While containerized services offer flexibility in replication and migration,
LLM initialization remains time-consuming and memory-intensive, exposing scheduling inefficiencies in traditional
pod allocation. To improve resource utilization, platforms often segment compute resources into specialized pools—
for example, AWS SageMaker separates inference acceleration nodes from general-purpose CPU pools, with the
former dedicated to high-performance model serving. Scheduling mechanisms leverage node affinity and taint-toler-
ation policies to pin frequently accessed model instances to stable GPU nodes, minimizing the overhead of context
switching and memory 10. Some platforms introduce model-aware scheduling plugins that interpret task labels to
optimize pod placement and GPU allocation [2]. Replica scaling is typically governed by horizontal autoscalers based
on load metrics or by Vertical Pod Autoscalers for adjusting resource limits at the container level. This approach has
demonstrated low-latency scheduling performance in production environments like GCP and Meta.

2.2 Service Warm-up and Cold-start Scheduling

Due to their large parameter sizes and reliance on GPU-based initialization, LLMs are particularly prone to cold-start
delays when first invoked or dynamically migrated. To mitigate this, major cloud providers implement pre-warming
strategies tightly integrated with their scheduling controllers. For instance, AWS Inferentia supports preloaded model
containers during idle periods, keeping model weights resident in GPU memory to avoid repeated loading. For long-
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tail, low-frequency requests, a “delayed initialization” policy may be applied—temporarily maintaining warmed in-
stances before releasing unused resources to reduce GPU idle cost. Coupled with call volume forecasting, schedulers
estimate upcoming workload density and proactively assign more prewarmed replicas to high-frequency models or
deploy lightweight edge-side versions to reduce routing latency. This approach, validated by deployments at Meta
and OpenAl, has shown substantial reductions in cold-start latency and is now a critical component of elastic scaling
frameworks.

2.3 Traffic Control and Load Balancing Mechanisms

Effective traffic management and load balancing are essential for maintaining inference throughput and service sta-
bility in cloud-based LLM deployments. Most platforms implement multi-tier scheduling pipelines, including ingress
gateways, rate-limiting controllers, traffic schedulers, and replica-level dispatchers. Components such as Istio or
NGINX Ingress manage initial request intake and enforce basic rate limits, while downstream controllers dynamically
adjust replica selection based on metrics like requests per second (RPS) and GPU utilization. As illustrated in Figure
1, when thresholds are approached, the controller prioritizes routing to underutilized instances and leverages request
tags or priority fields (e.g., priority=high) to implement fine-grained traffic shaping [3]. This approach, validated in
production at OpenAl and AWS Bedrock, balances resource protection with service quality. Enhanced stability can
be achieved by combining replica tiering with label-based classification to ensure consistent quality of service (QoS)
under variable load conditions.
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Figure 1. Traffic scheduling mechanism in a cloud platform based on resource thresholds and request priority.
2.4 Runtime State Monitoring and Scheduling Feedback Loop

Building on the reactive mechanisms driven by request rate and load metrics, runtime state monitoring adds a critical
feedback layer to elastic scheduling. Unlike system-level resource scaling, this approach emphasizes the dynamic
collection and interpretation of internal model states. Lightweight monitoring agents collect key indicators such as
GPU utilization, memory pressure, initialization time, and inference latency, which are then fed into the scheduling
engine. On platforms like Google Vertex Al, model instance states are exported in Prometheus format, enabling real-
time threshold comparisons. When GPU usage exceeds 90% or request queue times surpass 200ms, the controller
can trigger scaling actions, hot migrations, or instance restoration. Some platforms implement “frozen replica
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reactivation,” where preloaded but idle instances are preferentially reactivated to avoid full reload delays. Coupled
with distributed tracing tools such as OpenTelemetry, this mechanism enables end-to-end visibility into inference
performance, supporting fine-tuned optimization in multi-model, multi-tenant environments. As a result, runtime
state feedback significantly enhances the responsiveness and precision of model schedulers.

3. Analysis of Elastic Scheduling Strategies for Large Language Models
3.1 Hybrid Scaling Strategy

Large language models (LLMs) deployed as cloud services often experience significant workload fluctuations, en-
compassing both bursty, short-term, high-frequency requests and long-running, compute-intensive tasks. Traditional
horizontal scaling or vertical scaling alone is insufficient to handle such mixed workloads and may lead to resource
redundancy or response bottlenecks. As a result, mainstream platforms have introduced hybrid scaling strategies,
combining instance replication with dynamic resource adjustments to achieve a balance between scheduling flexibil-
ity and cost-efficiency.

For instance, Amazon SageMaker and Lambda Labs implement horizontal scaling by automatically adjusting the
number of model service replicas based on concurrent request volume, which is particularly effective in latency-
sensitive applications. Replication actions are triggered using threshold-based metrics such as CPUUtilization > 80%
or GPU Memory Usage > 90%. In resource-constrained or multi-model deployments, vertical scaling mechanisms
are used in parallel—such as adjusting GPU allocation through CUDA VISIBLE DEVICES or NVIDIA MIG par-
titioning—to maximize utilization within single containers.

To avoid scheduling conflicts, the orchestrator must coordinate these two scaling dimensions. A typical implemen-
tation involves joint deployment of Kubernetes Horizontal Pod Autoscaler (HPA) and Vertical Pod Autoscaler (VPA),
working in conjunction with model load-awareness modules to inform scaling decisions. This hybrid strategy has
demonstrated robust performance and resource efficiency across use cases such as multi-tenant semantic search and
conversational generation.

3.2 Invocation Prediction-driven Strategy

Given the high variability of LLM service workloads, reactive scaling strategies often fail to respond promptly to
sudden traffic surges. Invocation prediction-driven scaling introduces trend analysis mechanisms that allow schedul-
ing systems to proactively scale resources, and has become a key technique for optimizing LLM availability across
multi-cloud platforms [4].

Typical solutions rely on time-series forecasting models such as ARIMA, Exponential Smoothing, or LSTM net-
works to estimate short-term request volume (RPS) or average latency. Platforms like Google Cloud Run and Mi-
crosoft Azure Functions gather fine-grained call data—e.g., per-second invocation counts over five-minute win-
dows—to project workload trends. When predicted values exceed predefined capacity thresholds (e.g., Predicted
RPS > 95% capacity), the system initiates pre-scaling or migration to prevent cold-start delays.

Beyond statistical modeling, prediction mechanisms may also incorporate contextual signals such as time-of-day
user activity, batch API triggers, or upstream scheduling pipelines, enabling semantic load forecasting. To improve
stability, schedulers often apply signal-to-noise filtering to suppress low-confidence predictions and reduce false-
positive scaling events. Compared to purely metric-driven strategies, prediction-based approaches enable better prep-
aration and smoother transitions, making them well-suited for low-latency applications like real-time dialogue gen-
eration and interactive content creation [5].

3.3 Priority and QoS-aware Scheduling Strategy

LLM service deployments involve a wide range of task types with varying performance requirements. To prevent
resource contention caused by low-priority requests affecting high-priority services, cloud platforms typically employ
priority-based scheduling combined with Quality of Service (QoS) guarantees to enforce differentiated resource dis-
tribution and fine-grained task isolation [6].

Priority classification is often derived from request headers or task-level metadata. For example, the OpenAl API
allows developers to assign headers such as priority=high or tier=premium, enabling the scheduler to route high-
value requests to dedicated resource pools or high-performance replicas. In Azure Al Services, service tier levels
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directly influence quota enforcement, replica minimums, and latency ceilings, ensuring consistent availability even
during peak usage.

At the execution level, platforms implement multi-queue scheduling models that incorporate priority, resource
availability, and replica load as decision factors. When a high-priority request is queued, the scheduler may interrupt
lower-priority jobs or preempt queued inference tasks to reallocate compute. This relies on reserved instance pools
or latency-aware fallback logic to preserve response consistency. To avoid starvation of low-priority tasks, some
platforms introduce dynamic priority adjustment, factoring in queue time or contextual urgency. Anthropic’s LLM
infrastructure, for instance, employs a deadline-aware queuing mechanism that automatically promotes task priority
if waiting time exceeds a threshold. QoS strategies can also be extended to bandwidth, concurrency, and latency
enforcement in multi-tenant environments. Through tiered QoS classes and isolated resource domains, platforms can
minimize cross-tenant interference. The synergy between priority mechanisms and service guarantees provides a
scalable foundation for diverse LLM workloads, especially in production-grade Q&A systems, commercial writing
assistants, and high-frequency API services [7].

3.4 Cloud-edge Collaborative Elasticity Strategy

As multi-tenant and multi-scenario deployments expand, centralized cloud-only scheduling for LLMs faces growing
limitations in latency control, resource reclamation, and bandwidth cost. In edge-sensitive scenarios requiring real-
time responsiveness, cloud—edge collaborative elasticity offers a compelling extension to traditional priority and QoS
strategies. This approach distributes partial or distilled model components to edge nodes for localized inference,
reducing transmission latency and enabling proximity-based task resolution. Platforms such as AWS Greengrass and
Azure IoT Edge allow partial NLP models or tokenizer components to be offloaded to edge hardware. If the incoming
request complexity remains below a predefined threshold, the task is handled locally; otherwise, it is escalated to the
cloud for full inference using high-capacity replicas. Edge resources are typically provisioned using lightweight con-
tainer runtimes (e.g., K3s) and low-power GPU environments. Prediction-driven preload strategies ensure frequently
used model assets are cached at the edge. Synchronization logic between cloud and edge ensures model version
consistency and aligned response behavior. In practice, edge nodes monitor local traffic density and hardware load,
dynamically coordinating with cloud schedulers to determine execution locality. NVIDIA Triton Inference Server
supports seamless migration of TensorRT models between edge and cloud, enabling dynamic balancing without in-
terrupting inference performance [8].

Cloud-edge strategies are particularly beneficial in latency-critical services, offline use cases, and regions with
intermittent connectivity. They complement centralized scaling mechanisms by offering architectural redundancy and
adaptive locality, forming the structural basis for hierarchical elasticity across distributed deployments.

Conclusion

The deployment of large language models in cloud-based service invocation introduces unprecedented levels of com-
putational intensity and scheduling complexity, placing higher demands on elastic scaling mechanisms. This paper
systematically analyzed key technical approaches across three dimensions: execution characteristics, mechanism ad-
aptation, and strategy optimization. Core focus areas included container orchestration, service warm-up, runtime state
monitoring, priority-based scheduling, and cloud—edge collaboration. The findings suggest that single-metric-driven
scaling strategies are insufficient to maintain service stability across diverse LLM scenarios. Instead, a composite
strategy—integrating invocation prediction, workload classification, and state-aware feedback—is required. Looking
forward, advancements in heterogeneous resource scheduling and lightweight model deployment are expected to
further enhance the responsiveness and sustainability of large-scale inference systems.
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