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ABSTRACT: In the evolving landscape of artificial intelligence (AI), deploying models across multiple cloud 

providers—referred to as multi-cloud AI deployments—has emerged as a strategic choice for balancing cost, 

performance, availability, and vendor lock-in. This paper systematically explores the tradeoffs involved in architecting 

and operating AI workloads across heterogeneous cloud environments. We present a mixed-methods study combining 

quantitative benchmarking experiments on major providers (AWS, Azure, GCP) with qualitative analysis from 

practitioner interviews. Key metrics such as inference latency, throughput, cost per inference, and elasticity are 

measured using standardized model workloads (e.g., BERT, YOLO). Additionally, we evaluate interoperability 

challenges, data transfer overheads, and orchestration complexity. Our findings demonstrate that while multi-cloud 

deployments can offer cost savings through spot/preemptible instances and competitive pricing arbitrage, they also 

introduce performance variability and increased operational overhead. A well-designed orchestration layer leveraging 

container orchestration (Kubernetes), model-agnostic frameworks (Kubeflow), and cross-cloud SDK abstractions (like 

Apache Beam, Terraform) can mitigate these challenges. We propose a decision framework that helps practitioners 

decide when multi-cloud strategies yield positive ROI based on workload patterns, latency sensitivity, and team 

maturity. Finally, we outline best practices and tooling guidelines to streamline multi-cloud deployments. This study 

offers a comprehensive reference for cloud architects, ML engineers, and decision-makers navigating the complex 

dynamics of cost optimization and performance assurance in distributed AI systems. 

 

KEYWORDS: Multi-cloud deployments, AI model orchestration, Cost vs. performance, Cloud benchmarking, 

Inference latency, Cloud elasticity, Hybrid infrastructure, Vendor lock-in 

 

I. INTRODUCTION 

 

Advancements in AI and cloud computing have enabled scalable deployment of advanced machine learning models. 

Traditionally, organizations relied on a single cloud provider to simplify management. However, growing concerns—
such as fluctuating pricing, vendor lock-in, regional outages, and variable performance—have prompted interest in 

multi-cloud AI strategies. These approaches aim to harness the best features of each provider, such as low-cost spot 

instances, GPU acceleration, or specialized services. Yet, multi-cloud orchestration presents new complexities: 

infrastructure heterogeneity, API differences, data egress costs, and inconsistent performance characteristics. Decision-

makers must weigh these tradeoffs to determine whether the cost savings outweigh the operational effort. 

 

This paper investigates cost-performance dynamics across multi-cloud AI deployments. Our goals are: 

1. Quantify the performance and cost differentials when distributing AI workloads across providers. 

2. Explore orchestration challenges—such as data locality, container management, and dynamic scaling. 

3. Derive best practices and build a decision framework to support multi-cloud adoption in industrial settings. 

 

We focus on key real-world use cases like batch inference for transformer models, real-time image classification at the 

edge, and autoscaling scenarios under demand spikes. Through both experimental benchmarks and practitioner 

interviews, we aim to provide a data-driven, practical guide for cloud architects considering multi-cloud strategies. 

 

II. LITERATURE REVIEW 

 

Existing research on multi-cloud environments covers distributed systems more broadly, but relatively few focus 

specifically on AI workloads. Early works such as Armbrust et al. (2010) laid the foundation by analyzing cloud 

economics and vendor coupling, while more recent surveys (e.g., Sun et al., 2021) explore inter-cloud orchestration and 

interoperability layers. 
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On performance benchmarking, researchers like Dean et al. (2020) evaluated GPU latency across AWS, Azure, and 

GCP, finding up to 40% variance depending on instance class and region. Ioannou et al. (2022) examined inference 

throughput consistency under spot instance interruption, concluding that preemption risk often negates cost savings 

unless robust checkpointing and autoscaling are employed. 

 

Cost-related studies (e.g., Patel & Gonzalez, 2023) compare pricing tiers, highlighting how spot/preemptible pricing 

can reduce cost by up to 70% but require careful orchestration frameworks. In terms of orchestration, Kubernetes and 

Kubeflow have been widely adopted to mask provider heterogeneity (Zhang et al., 2022). Additionally, frameworks 

like Apache Beam and Terraform have been instrumental in abstracting cloud-specific APIs and automating 

deployments. 

 

However, a gap remains: comprehensive, unified studies quantifying cost-performance tradeoffs in realistic AI 

deployments across multiple clouds. Existing benchmarks often focus on isolated components or single-cloud setups. 

Our study attempts to fill this void by combining systematic benchmarking with practitioner insight and orchestration 

patterns. 

 

III. RESEARCH METHODOLOGY 

 

Study Design 

We adopted a mixed-methods approach combining quantitative benchmarking and qualitative practitioner 

interviews. 

 

Benchmarking Setup: 

• Cloud Providers & Regions: Selected AWS (us-east-1), Azure (eastus), GCP (us-central1). 

• Instance Types: GPU-optimized (e.g., p3, NC, NVIDIA T4) and CPU batch instances. 

• Test Models: BERT base for NLP inference; YOLOv5s for image classification. 

• Workloads: Single, batched (size 8, 32), and streaming scenarios. 

• Metrics Collected: Cost per inference, latency percentiles (p50/p95/p99), throughput (images/sec), interruption 

rates for spot/preemptible nodes, data-transfer cost/time. 

 

We deployed identical containerized frameworks via Kubernetes pods across providers, managed through a central 

control plane using Terraform and Helm charts. We stressed test peak loads (simulated 10k reqs/minute) and idle 

periods to measure autoscaling behavior and cost. 

 

Qualitative Interviews: 

We conducted semi-structured interviews with 12 cloud architects and ML engineers across S&P 500 firms and AI 

startups. Topics included adoption drivers, architectural challenges, orchestration tools, cost management tactics, and 

failure recovery strategies. 

 

Data Analysis: 

Data was aggregated to compute statistical measures—means, variances, confidence intervals—across scenarios. 

Interview transcripts were coded into themes using grounded theory, capturing common pain points and best practices. 

 

Validation & Reproducibility: 

All infastructure-as-code scripts and benchmark configurations are available in a public repository. We repeated 

experiments over two months to account for pricing and performance fluctuations. Interview quotations are 

anonymized. 
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Figure 1: Multi-Cloud AI Deployment Architecture 

 
 

IV. KEY FINDINGS 

 

1. Cost Savings: 

o Spot/preemptible instances offered cost reductions of 50–65% vs. on-demand. Multi-cloud arbitrage 

further trimmed costs by 10–20%, particularly when balancing Azure spot with AWS GPU options. 

o However, data egress and cross-region transfer costs diminished net savings by 15–25%. 

2. Performance Variability: 

o Inference latency varied significantly: AWS p3 pods averaged 65ms latency for BERT, while GCP’s T4 

pods averaged 85ms. 

o P99 tail latency spiked under high load on Azure spot nodes, emphasizing the need for buffering and 

queue management. 

3. Orchestration Overhead: 

o Kubernetes + Kubeflow provided adequate portability, but integrating Terraform across clouds required 

~4 weeks of engineering effort. 

o Autoscaling was effective but triggered significant instability under bursty traffic, especially when 

scale-up across multiple clouds. 

4. Reliability and Preemption: 

o Spot instance interruptions occurred on average 3 times per week per node. Solutions such as 

checkpointing with Kubernetes native DaemonSets were essential. 

5. Operational Complexity: 

o Teams reported a 1.7× increase in operational load compared to single-cloud setups. Integration 

monitoring frameworks like Prometheus + Grafana were critical. 

6. Decision Tradeoff: 

o For large-scale, elastic, non-latency-critical workloads, multi-cloud led to net cost savings. For low-

latency, high-reliability workloads, single-cloud with reserved instances was more effective. 

 

V. WORKFLOW 

 

Step-by-step orchestration pipeline: 

1. Infrastructure Provisioning: 

o Defined multi-cloud resources via Terraform modules: compute, storage, networking. Providers 

abstracted via common interface, with conditional branching per provider. 

2. Container Packaging: 

o Models and dependencies containerized with standardized Dockerfiles. Images pushed to cloud-agnostic 

container registry (e.g., Harbor). 
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3. Deployment via Kubernetes + Helm: 

o Helm charts parameterized per provider to specify node selectors, GPU types, auto-scaling config. 

4. Workload Routing & Traffic Management: 

o Traffic ingress controlled via a central control plane running Istio. Canary and blue-green strategies 

enabled routing by load, availability, and region. 

5. Monitoring & Autoscaling: 

o Metrics collected via Prometheus. Horizontal Pod Autoscaler triggered scale-out based on queue depth. 

Spot instance pools managed via KEDA. 

6. Preemption Handling: 

o Node-level DaemonSets ensure model component state is periodically checkpointed to persistent volumes 

(S3/Blob/Cloud Storage). On preemption, remaining replicas seamlessly take over. 

7. Cost and Performance Dashboarding: 

o Custom Grafana dashboard aggregates per-provider cost alerts, latency distributions, and throughput stats. 

Anomalies trigger auto-scale or policy-based shifts. 

8. Continuous Optimization: 

o A nightly job re-runs benchmark pipelines to detect cost/performance shifts. Terraform revisions 

automatically recommend adjustments. 

 

Advantages 

• Cost Efficiency: Leverages spot/preemptible pricing and provider arbitrage. 

• Avoiding Vendor Lock-in: Infrastructure and workload portability. 

• Resilience: Failover capabilities across clouds reduce downtime. 

• Scalability: Combined capacity increases peak handling beyond single-provider limits. 

 

Disadvantages 

• Operational Overhead: Complex orchestration and monitoring. 

• Performance Variability: Latency and throughput inconsistency across vendors. 

• Inter-cloud Costs: Data egress and network latency impact net ROI. 

• Engineering Effort: Bill-of-materials effort required in IaC and orchestration tooling. 

 

VI. RESULTS AND DISCUSSION 

 

Our benchmarks revealed multi-cloud setups can reduce per-inference cost by ~30% on average. But performance 

variance necessitates workload-aware placement: e.g., Azure spot is best suited for batch, while AWS GPUs excel at 

low-latency inference. 

 

Interview insights highlighted that only organizations with mature devops pipelines and cost-monitoring cultures 

realized positive ROI. For smaller teams, overhead outweighed benefits. 

 

The proposed decision framework guides stakeholders through a tradeoff matrix based on latency sensitivity, 

workload elasticity, dataset size, and engineering bandwidth. Validated through case studies, the framework helps 

decide between cost-first, performance-first, or hybrid strategies. 

 

VII. CONCLUSION 

 

Multi-cloud AI deployment delivers compelling cost advantages and improved resilience through provider arbitrage 

and spot pricing. However, it introduces significant complexity in orchestration, monitoring, and engineering effort. 

Our study shows optimal ROI emerges when workloads are elastic, non-latency-critical, and infrastructure pipelines are 

mature. 

 

We propose a workflow and tooling blueprint—built on Terraform, Kubernetes, and checkpointing best practices—as a 

foundation for multi-cloud strategy. The decision framework we present enables practitioners to assess their use case 

viability along cost, performance, reliability, and effort axes. 
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VIII. FUTURE WORK 

 

• Edge-to-multi-cloud extension: Integrate edge deployments for geographical optimization. 

• Auto-placement optimization: Use ML to dynamically route workloads to the lowest-cost, fastest-performing 

zone. 

• Extended provider coverage: Analysis including smaller providers (Oracle Cloud, IBM) and specialized 

hardware (TPU, Habana). 

• Containerless & serverless inference models: Assess tradeoffs using FaaS and micro-VM offerings. 
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