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ABSTRACT: Multi-cloud deployments promise flexibility and resilience, but scheduling workloads across
heterogeneous clouds often becomes a trade-off between cost and reliability (availability, failure risk, and SLA
compliance). This paper proposes a constraint-based scheduling model that jointly optimizes total operating cost and
expected reliability loss while satisfying hard constraints such as data residency, capacity, latency budgets, and
affinity/anti-affinity rules. We formulate the problem as a mixed-integer optimization with reliability-aware objectives
and implement a practical solver-driven workflow with policy-as-code guardrails. Using a simulation study over
representative enterprise microservices, we compare the proposed approach with greedy cost-only and reliability-only
baselines. Results show that the proposed model reduces cost while improving SLA adherence and reducing expected
downtime, demonstrating a controllable Pareto frontier for real-world multi-cloud operations.

KEYWORDS: Multi-cloud scheduling, constraint programming, mixed-integer optimization, reliability, SLA, SLO,
Kubernetes, cost optimization, policy-as-code

L. INTRODUCTION

Enterprises increasingly adopt multi-cloud strategies to avoid vendors locking in, improve resilience, meet compliance
requirements, and optimize costs. However, multi-cloud introduces complexity: each provider offers different pricing
models, regional availability, quota limits, performance characteristics, and operational controls. The scheduling
decision—where to run workloads (cloud, region, cluster) and how to place replicas—directly impacts both cost and
reliability.

Traditional schedulers (including cluster-level schedulers) often prioritize feasibility and local resource fit, while cost
optimization tools typically focus on spend reduction and treat reliability as a secondary or implicit factor. Reliability
engineering practices emphasize SLOs, redundancy, and risk controls, but may over-provision or choose expensive
regions to mitigate risk.

This paper addresses the following research question:

How can we systematically schedule workloads across multiple clouds to minimize cost while explicitly modeling
and maximizing reliability, under real-world constraints (policy, compliance, latency, and capacity)?

We propose a constraint-based approach that:

e Encodes enterprise rules as hard constraints (must satisfy),

e Models cost and reliability as joint objectives (optimize),

e Generates an actionable placement plan and explainable trade-offs.

II. LITERATURE SURVEY / SYSTEM MODEL

2.1 Literature Survey

Key foundations motivating this work include:

e Reliability as an engineering discipline with quantified objectives (SLOs/SLA error budgets) [1].

e Large-scale cluster scheduling concepts from industry systems (e.g., cluster managers and production schedulers)
[2113].

e Multi-cloud/geo-distributed placement and the need for policy/compliance constraints [4].
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e Optimization methods for constrained allocation problems using mixed-integer programming and constraint
programming [5][6].

e Practical solver technologies enabling real-world scheduling at scale [7].

e Policy-as-code and admission controls to enforce governance at deployment time [8].

e Workload orchestration platforms and scheduling primitives in container ecosystems [9].

2.2 System Model

We consider an enterprise platform deploying microservices across multiple clouds and regions.
Sets

e W: workloads/services (indexed by w)

e S:schedulable units (replicas, pods, or service instances) (indexed by i)

e R:regions across clouds (indexed by )

C: clouds (AWS/Azure/GCP etc.) (indexed by c)

Input
e Resource demands per unit: CPU, memory, storage, GPU, etc.

e Regional capacity limits.

o Cost parameters: computing, storage, egress, managed services.

o Reliability parameters: region availability A4, incident rate, or expected downtime.

o Constraints: data residency, latency bounds, affinity/anti-affinity, minimum replicas per failure domain, budget caps.
Output

¢ Placement decision x; - € {0,1}: 1 if unit iruns in region r, else 0.
e Replica distribution across clouds/regions to meet reliability constraints.

III. PROPOSED METHODOLOGY AND DISCUSSION

3.1 Objective: Cost + Reliability (Bi objective — Scalarized)
We combine cost and reliability into a single tunable objective:

min « - Cost(z) + (1 — «) - ReliabilityLoss(x)
Where:
e «a € [0,1]expresses preference toward cost vs reliability.
o Cost(x) includes computing + storage + network + service charges.
o ReliabilityLoss(x) approximates expected downtime or SLA penalty.
A practical reliability loss proxy:
ReliabilityLoss(z) = Z A, - E[Downtime,, (z)]

wi W

Where A,,1s a business criticality weight.

3.2 Constraints (Hard Rules)
1. Assignment constraint (each unit placed once):

S @i, =1 Vi
roll
2. Capacity constraints:
Z CPU; - z;, = CPUCap, Wr

(similarly for memory/storage)
3. Data residency constraints (example):
If workload wmust stay in a set of allowed regions R, :

Zip =0 ¥Vr ¢ Ry
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4. Latency constraints (simplified):
If workload wmust be within latency budget L, to a user zone z:

zi, = 0if Latency(r,z) > Ly

5. Reliability constraints (replicas across failure domains):
For critical services, require at least kdistinct regions:

Y yue 2k

re i

where y,, , = 1if any unit of wis placed in 7.
6. Anti-affinity (avoid same failure domain):
For replicas i, jof the same service:

bR B = 1 %r

3,7 TR

(or apply at zone/region level)

3.3 Policy-as-Code Guardrails

We recommend coupling optimization with governance:

e A policy engine validates placements against security/compliance rules (e.g., “PII workloads cannot be scheduled
outside approved regions”) [8].

e The solver proposes, policy validates, and the deployment system enforces.

3.4 Implementation Approach

Collect inputs (cost catalogs, capacities, reliability metrics, latency matrix).

Build optimization model (MILP/CP-SAT).

Solve with a time limit and optimality gap tolerance.

Produce placement plan + explanation: “Why region X was chosen” (cost vs reliability vs constraint satisfaction).
Integrate with CI/CD and runtime admission controls.

S

Figure 1: Conceptual Architecture for Constraint-Based Multi-Cloud Scheduling
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IV. EXPERIMENTAL RESULTS (WITH TABLES / FIGURES)

4.1 Experimental Setup (Simulation)

We simulate 30 microservices with:

3 clouds % 4 regions each (12 regions total)

Service classes: bronze/silver/gold with increasing SLO targets

Replica counts: 2—6 per service depending on criticality

Constraints: residency for 20% of services, latency for 40%, anti-affinity for gold
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Baselines

e Bl: Cost-Greedy: choose lowest unit cost feasible region.

e B2: Reliability-Greedy: choose highest availability feasible region.

e B3: Proposed (Constraint-Based): optimize cost + reliability with a = 0.6.

4.2 Sample Region Parameters

Region ID|Cloud fr")mp“ter SVCPU-E gress ($/GB)|Availability 4,
R1 Cloud AJ0.040 0.080 0.9990
RO Cloud A0.045 0.070 0.9995
R3 Cloud BJ0.038 0.090 0.9988
R4 Cloud BJ0.050 0.060 0.9996
RS Cloud C[0.042 0.085 0.9992

Table 1: Example regional parameters

4.3 Results Summary

We report:

e Monthly Cost (normalized units),

o Expected Downtime (minutes/month) using a simplified mapping from availability,
¢ SLA Violations count (services whose reliability constraint was not met).

Method Monthly Cost (|)|[Expected Downtime (|)|SLA Violations (|)
B1 Cost-Greedy 100 38.5 6
B2 Reliability-Greedy|121 18.0 0
B3 Proposed (0=0.6) [106 20.5 0

Table 2: Overall comparison

Interpretation:

o Cost-greedy is cheapest but violates SLAs for critical services.

o Reliability-greedy is reliable but expensive.

e The proposed method eliminates SLA violations while staying close to the cost-greedy baseline.

4.4 Trade-off Curve (a sweep)
We sweep afrom 0.2 to 0.9.

o [Cost Index (])[Expected Downtime (])
0.2(118 18.3
0.4{112 19.1
0.6106 20.5
0.8(101 27.9
0.9(100 33.8

Table 3: Cost—Reliability frontier (illustrative)
This demonstrates a controllable trade-off. In practice, acan be set per environment (prod vs dev) or per service tier.
4.5 Discussion

e Constraint modeling naturally captures non-negotiables (residency, latency, minimum failure-domain spread)
while still optimizing spending.
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e A solver-based approach yields explainable placements: decisions are tied to constraints and objective
contributions [5][6][7].

e Operationally, integrating policy-as-code prevents drift and enforces governance continuously [8].

e The model can be extended to include carbon footprint, spot/preemptible risk, and queueing latency.

V. CONCLUSIONS

This paper presented a constraint-based, reliability-aware scheduling framework for multi-cloud deployments. By
modeling enterprise constraints explicitly and optimizing cost together with reliability loss, the approach produces
placement plans that avoid SLA violations without incurring the large premium of reliability-only strategies.
Experimental results show that the proposed method can remain near the cost optimum while substantially improving
reliability outcomes.

Future work includes integrating live incident metrics, region risk forecasting, adaptive aselection, and online re-
optimization under failures and capacity changes.
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