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Abstract

Cloud spot instances trade unpredictable interruption for substantial price savings, and understanding the availability
pattern is a central concern in using them. Existing work largely covers single-node availability on a single vendor and
has not characterized multi-node provisioning dynamics, nor has it tested whether vendor-provided availability scores
actually predict real outcomes. This paper aims to close both gaps through systematic cross-vendor data collection,
multi-node availability analysis, and real-world provisioning validation. To this end, a collection system is first built
to continuously monitor spot instance availability across major cloud vendors, with vendor-specific query-optimization
algorithms reducing query overhead to enable practical long-term collection within current API rate limits. Using the
resulting cross-vendor dataset, the characteristics of multiple spot metrics across vendors are analyzed, revealing that
price and interruption frequency act as long-term stability signals, while real-time availability metrics track local supply
and demand cycles at both single-node and cluster scale. Fitting a degradation model on both vendors further exposes a
structural asymmetry in which availability decreases rapidly with cluster size on AWS while showing minimal degradation
and a higher availability floor on Azure. To verify whether the collected metrics actually represent real spot instance
provisioning behavior, over 215,000 real provisioning attempts are conducted on both vendors, confirming that the same
availability score carries different operational meaning on different providers. The collected dataset and the collection
system are released through a public webpage and open-source repository.
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1. Introduction predicting availability to help users manage the trade-off
between price savings and potential interruptions. Volatile
spot price changes triggered extensive research [I1 2, [3] [4]
paradigms with its on-demand, pay-as-you-go billing 5 6] on price prediction models, optimal bidding strate-
model. This model permits organizations to dynamically gies [718,9], and interruption mitigation techniques across
scale resources without significant upfront hardware in- domains including big data processing [I0, [T} 2], deep
vestments. Driven by the flexibility of paying only for con- learning [13], and batch processing [14} [[5]. However, a
sumed resources, enterprises have increasingly migrated pricing operation policy change stabilized spot prices and

from traditional on-premises infrastructure to cloud ser- reduced volatility [16} [17], making most of this price-based
vices. To optimize the utilization of idle capacity and offer  |itarature obsolete [18].

substantial price reductions, public cloud vendors provide This paradigm shift necessitated new availability met-
surplus computing resources as spot instances. These in- rics, and cloud vendors introduced real-time availabil-
stances present a critical trade-off of significant price dis- ity scores and historical interruption statistics to replace
counts and possibility for sudden instance interruptions. price-based predictions. Recent research efforts have sys-

Spot instances initially operated on a market-driven tematically collected and archived these metrics to serve
auction mechanism, requiring users to manage the inher- them as a web-service [I9, 20]. Although these new
ent volatility and risk of sudden terminations. Cloud ven- q.tacets offer valuable spot instance availability informa-
dors provided spot price history as the primary dataset for tion, existing systems primarily focus on single-node avail-
ability metrics and analysis for a single cloud vendor [21],
leaving multi-node provisioning dynamics in multi-cloud
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though this gap has been demonstrated on a single ven-
dor, whether the same degradation pattern holds across
vendors, and whether the degree of degradation differs
structurally, remains an open question. Major cloud
providers have recently introduced multi-node availability
metrics [23], [24] that enable such cross-vendor studies, but
answering this question requires cross-vendor multi-node
collection, which introduces additional challenges. The
query space grows by orders of magnitude and each vendor
imposes different API rate limits that make comprehensive
monitoring impractical [19].

Building a cost-effective, large-scale spot instance clus-
ter across multiple cloud vendors requires a thorough un-
derstanding of how availability behaves at multi-node scale
and whether vendor-provided metrics reliably guide re-
source selection. Moreover, whether these vendor-provided
availability metrics actually predict real provisioning out-
comes has not been independently validated, and scoring
or recommendation systems built on these metrics inherit
any unverified assumptions about their predictive power.
To that end, this paper addresses the following research
questions.

RQ-1 What are the practical challenges of collecting spot in-
stance availability data across multiple vendors, and
what collection strategies are needed to assemble an
accurate, long-term multi-vendor dataset within cur-
rent API constraints?

RQ-2 How do spot instance cost efficiency and availability
characteristics vary across vendors, regions, and in-
stance categories?

RQ-3 Does spot instance availability show specific temporal
change patterns? If so, how do these patterns differ
across vendors?

RQ-4 How does multi-node spot instance availability de-
grade as cluster size increases, and what are the cross-
vendor differences?

RQ-5 Do vendor-provided availability metrics reliably pre-
dict actual spot instance provisioning success?

To answer these questions, we build a serverless collec-
tion system that continuously monitors spot instance avail-
ability on AWS and Azure, with supplementary price col-
lection on GCP. The proposed system continuously mon-
itors and stores historical availability patterns, establish-
ing the first long-term, cross-vendor dataset for multi-node
spot instances (RQ-2). To enable practical data collec-
tion within strict API constraints, vendor-specific opti-
mization algorithms reduce query requirements by over
60% through intelligent sampling and aggregation strate-
gies. The system also employs an efficient representation
method that captures cluster-level availability degradation
patterns (RQ-4) while significantly reducing storage and
monitoring overhead (RQ-1).

Using extensive data continuously collected from the
proposed system, systematic cross-vendor analysis re-
veals fundamental differences in how availability degrades
as cluster size increases, with some providers maintain-
ing consistent performance across varying node counts
while others show rapid degradation in large-scale deploy-
ments (RQ-4). Temporal analysis further reveals provider-
specific fluctuations between peak and off-peak periods
(RQ-3), and examines dataset update characteristics that
affect monitoring strategies (RQ-1). To verify whether
these collected metrics actually represent real provision-
ing behavior, real-world experiments with over 215,000 at-
tempts are conducted on both providers, confirming that
the same availability score carries different operational
meaning on different providers (RQ-5). These findings
demonstrate that data-driven resource selection is crucial
for optimizing multi-cloud deployments. To support both
researchers and practitioners, this work provides a publicly
accessible dataset archive serviceﬂ with comprehensive his-
torical data across multiple cloud platforms, enabling in-
formed decision-making for large-scale spot instance usage.

The core contributions are summarized as follows.

o Implementation of vendor-specific query-optimization
algorithms that reduce Spot Placement Score (SPS)
query budgets and enable long-term multi-node col-
lection within current per-account API rate limits

(RQ-1).

e Construction and public release of the first long-
term cross-vendor multi-node spot availability dataset,
hosted through the SpotLake archive service for con-
tinuous reanalysis (RQ-1, RQ-2).

e Discovery of a structural cross-vendor asymmetry in
multi-node availability degradation, captured by an in-
verse model fitted to multi-node SPS as a function of
target cluster size on both vendors and observed again
in independent provisioning experiments (RQ-3, RQ-
4).

e First real-world validation of vendor-provided avail-
ability scores across both AWS and Azure at single-
node and multi-node scale, including the resulting
215,000-attempt provisioning dataset against which
any future analysis of these scores can be checked

(RQ-5).

2. Spot Instance Mechanisms and Datasets

Public cloud vendors offer surplus computing resources
at reduced prices through spot instances, including AWS
Spot Instances, Azure Spot Virtual Machines (VMs), and
Google Cloud Spot VMs. Providers can reclaim capacity
at any time, so users trade reliability for price savings [2].

4https://spotlake.ddps.cloud/
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Cloud vendors provide three categories of datasets to
help users manage this trade-off. First, spot price history
reflects the cost of spot instances over time. AWS provides
up to three months of price change history through its
CLI/API, and Azure offers current pricing through REST
APT endpoints. Second, interruption frequency (IF) statis-
tics indicate the historical rate of interruptions over the
preceding month. AWS provides this data through a web-
based management console, while Azure offers API-based
access. Third, spot placement scores (SPS) provide real-
time availability assessments [23]. AWS’s SPS takes de-
sired instance types, regions, and target capacity as argu-
ments and returns a score from 1 to 3 [25], with higher
scores indicating greater likelihood of successful provision-
ing. Azure’s SPS provides analogous functionality, return-
ing categorical values [24] (High, Medium, Low) that can
be mapped to a 1-3 numerical scale. Both vendors sup-
port multi-node queries, enabling assessment of cluster-
level provisioning likelihood. Google Cloud does not pro-
vide IF or SPS datasets, limiting cross-vendor analysis be-
yond price comparisons to AWS and Azure.

Table [I] summarizes the availability of these datasets
across vendors.

Table 1: Spot instance dataset availability across cloud vendors.

Dataset AWS Azure GCP

Price CLI/API REST API REST API
Interruption Web only API-based Not provided
Availability =~ CLI/API REST API Not provided

2.1. Related Work

Table [2] summarizes how prior work covers each axis.
Cross-vendor multi-node analysis, end-to-end validation
of vendor-provided availability scores, and the query-
optimization machinery needed to collect such a dataset
within current API limits are all absent from the prior
literature.

Table 2: Comparison of existing spot instance studies.

Study Price Multi- Multi- Real-world Query
anal. vendor node valid. optim.

Ben-Yehuda et al. [2] v

Javadi et al. [3] v

Kim et al. [21] v

Pham et al. [26] v

Lee et al. [19] v v

Cheon et al. [22] v

This work v v v v v

Spot Price Analysis. The spot price dataset has been ex-
tensively analyzed for statistical characterization [T 2, [3]
4, 51 [6l, 27] and optimal bidding [7] [8 [, 28, 29]. AWS later
changed its internal spot pricing policy in 2017 [16], 18] [I7],
after which spot prices became stable and these prior price-
based analyses lost their applicability.

Modeling Spot Instance Availability. Kadupitige et al. [30]
proposed a statistical interruption model for Google Cloud
Spot VMs through empirical experiments. Pham et al. [26]
empirically analyzed AWS spot instance availability using
interruption frequency data. Yang et al. [31] developed
a spatial-temporal eviction prediction model for Azure.
However, these studies focused exclusively on single-node
availability metrics for individual vendors, leaving multi-
node provisioning dynamics and cross-vendor comparisons

unexplored (RQ-2, RQ-4).

Dataset Collection and Archive Services. Kim et al. [21]
and Lee et al. [I9] developed dataset archive services for
AWS spot instances, providing historical data for single-
node metrics. Cheon et al. [22] implemented multi-node
SPS collection for AWS, demonstrating the importance of
cluster-scale metrics. These efforts are limited to single-
vendor data collection and lack empirical validation of
whether collected metrics predict real-world provisioning
outcomes (RQ-1, RQ-5).

Applications Using Spot Instances. A range of systems
use spot instances for deep learning [I3], big data pro-
cessing [10, B2, B3], batch jobs [14, [I5], online ser-
vices [34],85], and HPC workloads [27] [36]. ExoSphere [37]
proposed a portfolio approach for transient servers. These
application-side studies all assume the underlying avail-
ability characterization that this work supplies in the
multi-node and cross-vendor setting.

3. Data Collection Methodology

Systematic collection of spot instance datasets faces
three categories of challenges, summarized in Table [3|
First, the absence of historical data for most metrics re-
quires continuous real-time collection. While AWS offers
up to three months of spot price history, neither AWS
nor Azure provides historical data for availability scores or
interruption ratios. Second, restrictive query constraints
limit data throughput. AWS restricts unique SPS queries
to 50 per account per day, and Azure allows only 10 calls
per hour per subscription-location pair. Third, disparate
access interfaces across platforms complicate unified collec-
tion. For example, AWS provides interruption data only
through a web console, while Azure offers API-based ac-
cess.

Table 3: Query constraints and historical data availability for AWS
and Azure spot datasets.

Dataset Query Constraints Hl]s)to:wal
AWS Azure ata

Price None Pagination required 3 months

Interruption None Standard API limits None

Availability (SPS) 50 scenarios/day 10 calls/hr/location None

For multi-node collection, the query space grows dra-
matically. Systematic collection for node counts from 1 to



50 across all instance types and availability zones (AZs)
would require approximately 192,700 unique queries on
AWS alone, necessitating over 3,854 accounts under cur-
rent API limits.

3.1. Query Optimization Algorithms

The collection challenges above admit an algorithmic so-
lution. A fixed query budget can be exploited by carefully
packing each call so that it returns the maximum amount
of useful information. AWS and Azure expose different
rate-limit shapes, however, so the packing problem takes
a different form on each vendor and must be formulated
separately.

3.1.1. Single-Node Query Optimization

For AWS, the optimization problem is modeled as a
bin-packing problem [38]. Regions are treated as items,
with the weight of each region being the number of AZs
supporting a specific instance type. The bin capacity is
constrained by the API’s limit of 10 placement scores per
query. This is solved using a Mixed-Integer Program-
ming approach with the COIN-OR CBC solver [39] via
Google’s OR-Tools [40]. Figure[]illustrates this optimiza-
tion with the p.48zlarge instance type as a worked ex-
ample. The left side of the figure lists the regions that
support pJ.48zlarge along with the number of availability
zones each region exposes for this instance type. A naive
collector would issue one query per region, returning fewer
than 10 placement scores most of the time and consuming
the per-account query budget faster than necessary. The
bin-packing solver instead groups multiple regions into a
single query whenever their combined AZ count fits within
the per-call limit of 10, so that each query is densely packed
and the total number of queries needed to cover all regions
drops accordingly.
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Figure 1: AWS query optimization using bin-packing.

For Azure, where each API call supports up to 5 instance
types and 8 regions and returns SPS values for every (in-
stance type, region) combination drawn from the chosen
sets (the cartesian product of the two parameters, yield-
ing up to 40 pairs per call), the problem is formulated as

a cardinality-constrained Set Cover Problem [41l [42]. A
naive approach of arbitrarily combining regions and in-
stance types in a query would waste call capacity on un-
supported combinations, since the availability of specific
instance types varies across regions. A greedy heuristic
instead iteratively constructs each query by selecting the
node (region or instance type) providing maximum incre-
mental coverage of un-queried region-instance pairs, ex-
panding the query until either no further pairs can be cov-
ered by adding a new node or the per-call limits of 8 re-
gions and 5 instance types are reached. Figure [2] shows
a single step in this iterative construction. The depicted
intermediate state has a query that already includes re-
gions {R0, R1} and instance types {I0, 11,12}, and the
algorithm evaluates the incremental coverage gain of ev-
ery adjacent un-included node. Adding region R2 would
cover 3 new pairs, while adding either instance type 13 or
region R3 would cover only 1 new pair each. The greedy
step therefore picks R2 for inclusion in the query, since it
offers the largest immediate gain. Ties between candidates
of equal incremental coverage are resolved by preferring in-
stance types over regions, and remaining ties by evaluation
order.

Gain =3 Gain =1

O Region

I:I Instance Type B EE Not in Query

EEE |n Query

Max Gain Node

Figure 2: Azure query optimization using greedy set cover.

8.1.2. Multi-Node Sampling Strategy

Exhaustive enumeration of all node counts is infeasible
under current API constraints. The collection system ex-
tends the single-node optimization above by sampling one
target node count per cycle in round-robin order (1, 5, 10,
..., 50) and estimating non-sampled points through an up-
date propagation heuristic based on the monotonicity as-
sumption SPS(n) > SPS(n+1). When a query for target
count T, returns score Sy, all stored scores for T; > T,
are updated as SPS[T;] + min(SPS[T;], Snew). To-
gether, periodic sampling and monotone-consistent prop-
agation capture availability transitions while operating
within practical API query limits.



3.1.3. Compact Representation of Multi-Node SPS

The monotonically decreasing property of SPS admits
a compact representation using two transition thresholds.
T3 is the maximum node count maintaining SPS = 3,
and T2 is the maximum node count maintaining SPS > 2.
These two values reconstruct the full availability profile.
The score is 3 if n < T3, 2if T3 < n < T2, and 1 if
n>T2.

3.2. System Implementation

The collection system, SpotLake, uses a serverless ar-
chitecture as illustrated in Figure The Data Collector
executes scheduled jobs via AWS EventBridge, using AWS
Batch with spot instances for cost efficiency. A daily query
planner at 00:00 UTC retrieves current instance-type-to-
region mappings and allocates optimized query scenarios
across accounts (AWS) or subscriptions (Azure) using the
algorithms described above. Each account is assigned a
fixed slice of the query plan in round-robin order so that
no account exceeds its per-day quota. The collector em-
ploys round-robin sampling across target node counts (1,
5, 10, ..., 50). The Data Storage Backend writes each
completed cycle’s results first to S3 (the system of record)
and then to a time-series database used for low-latency
queries. The time-series store is treated as a derived view
that can be rebuilt from S3. The Web Interfacrﬂ provides
visualization and query capabilities through a static web
application.

SpotLake: Multi-vendor Spot Dataset Archive System
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Figure 3: SpotLake system architecture.
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4. Dataset and Metrics

This section defines the dataset scope, metric defini-
tions, and temporal analysis convention used throughout
the subsequent analysis.

Dataset Scope. The primary analysis uses data collected
during June 2025 at 10-minute sampling intervals. The
AWS dataset covers 17 regions, 923 instance types, and
55 AZs. The Azure dataset comprises 61 regions, 1,350
instance types, and 129 AZs. GCP price data covers 40
regions and 596 instance types but can only be used for
spot price comparisons, since GCP does not provide IF or
SPS metrics.

Seven representative regions per vendor, spanning major
geographic areas (Table, are used for spatial and tempo-
ral analyses. This selection balances geographic diversity
with analytical depth, covering North America, Europe,
and Asia-Pacific. Where the two vendors’ cities differ,
both names label the pair. Every pair shares a city ex-
cept Oregon / Washington, where West US 2 is Azure’s
geographically closest region.

Metric Definitions. The categorical IF data are converted
to a numerical IF score for consistent analysis. The low-
est interruption frequency (less than 5%) maps to 3.0, and
the highest (more than 20%) maps to 1.0, with interme-
diate categories at 2.5, 2.0, and 1.5. Azure’s categorical
SPS values (High, Medium, Low) are mapped to numeri-
cal scores (3, 2, 1). Instance types are classified into five
categories (General, Compute, Memory, Accelerated, and
Storage) based on vendor-specific naming conventions.

Non-Availability Response Handling. Azure SPS queries
return, in place of a score, one of two structured non-
availability responses. RestrictedSkuNotAvailable isre-
turned when the Spot SKU is not available for the query-
ing subscription, and DataNotFoundOrStale is returned
when the data needed to generate a score is missing or
stale [24]. Because both responses indicate an access re-
striction or missing data rather than low capacity, all SPS
averages and model fits in the subsequent analysis use valid
scores only. Records carrying a non-availability response
are excluded, pairs with no valid response during the mea-
surement period do not enter the analysis dataset, and the
raw responses are preserved in the archive.

Temporal Analysis Convention. All temporal analyses
(hourly and daily patterns) are presented in each region’s
local time with daylight saving time adjustments applied
for June 2025 (e.g., US East at UTC—4 for EDT, EU
Central at UTC+2 for CEST, AP Northeast at UTC+9
for KST). Since all seven representative regions are ana-
lyzed together, the reported patterns reflect demand cycles
aligned with local business hours in each region. Values
represent averages over all 10-minute samples during the
measurement period unless otherwise noted.
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Table 4: Representative regions for spatial and temporal analyses. City names are used as figure labels.

Geography City (Label)

AWS Region Azure Region

N. America (East)
N. America (West)

Virginia

Europe (West) Ireland
Europe (Central) Frankfurt
Asia (Southeast) Singapore
Asia (East) Tokyo
Asia (Northeast) Seoul

Oregon / Washington

us-east-1 East US
us-west-2 West US 2
eu-west-1 North Europe

Germany West Central
Southeast Asia

Japan East

Korea Central

eu-central-1

ap-southeast-1
ap-northeast-1
ap-northeast-2

5. Collection System Validation

The collection system that produced the June 2025
single-node dataset described above is evaluated along
three axes, namely query optimization effectiveness, op-
erational overhead, and dataset quality.

Query Optimization Effectiveness. Table [f] compares the
number of API queries required with and without op-
timization. In the naive approach, each instance type
queries each supported region separately, yielding 10,875
queries for AWS and 4,405 for Azure. The bin-packing
optimization for AWS groups multiple regions into single
queries by packing AZ counts into bins of capacity 10, re-
ducing queries to 3,875 (64.4% reduction). The greedy set
cover for Azure maximizes the coverage of valid region-
instance pairs per API call, achieving a 75.1% reduction
to 1,098 queries.

Table 5: Query count comparison for single-node SPS collection.

Vendor Naive Optimized Reduction
AWS 10,875 3,875 64.4%
Azure 4,405 1,098 75.1%

Operational Overhead. Each collection cycle completes in
approximately 90 seconds on average for both vendors, well
within the 10-minute collection interval. The collection
pipeline uses AWS Batch with spot instances to minimize
compute overhead. Per-query failures (HTTP errors, tran-
sient API failures, throttling) are retried within the same
cycle with bounded exponential backoff. Cycle-level fail-
ures (e.g., the planner itself failing) are retried as part of
the next 10-minute cycle, and the most recent successful
snapshot per (instance type, region, AZ) is preserved in S3
so that downstream analyses always read from a consistent
state.

Dataset Quality. AWS SPS  values all fall within
the defined {1,2,3} range, and Azure’s structured
non-availability responses (RestrictedSkuNotAvailable,
DataNotFoundOrStale) are stored unchanged, account-
ing for 45.8% of Azure records (45.6 percentage points

from RestrictedSkuNotAvailable, concentrated in spe-
cial hardware categories and large regions, and 0.2 per-
centage points from DataNotFoundOrStale) and available
for downstream analyses to filter or interpret as appro-
priate. Per-(instance, region, AZ) snapshot counts cluster
tightly around the expected 4,320 snapshots over the 30-
day month, with the AWS modal value at 4,292 and the
Azure median at 4,302.

Propagation  Fidelity. Because multi-node collection
queries one node count per cycle, a stored profile mixes
observations taken up to one rotation apart, and an
apparent inversion in that record can reflect either a
genuinely non-monotone response or a real capacity
change between staggered queries.

Two reference streams separate the two. The first is an
Azure stream that queried all eleven node counts within
each collection cycle for six instance types across all re-
gions (March through December 2025). The second is an
AWS probe that queried six target capacities between 5
and 50 within each cycle for 37 instance types across six re-
gions (January 2024). Measured within a single cycle, non-
monotone responses are rare, with one adjacent-count in-
version among 2.5 million comparisons on AWS, and 1.7%
of profiles on Azure, 98% of them by a single score step,
while the round-robin record read at the same instants
shows apparent inversions in 0.21% and 11.1% of profiles
on the identical data. Most apparent non-monotonicity is
therefore an artifact of staggered sampling rather than a
property of the scores. The rates measured within a sin-
gle cycle are themselves upper bounds, since the queries of
one cycle are issued in parallel within a short window.

Table [f] scores the candidate reconstruction rules cell by
cell against the same-cycle profiles, reporting the share of
stored cells that differ from the reference and the mean
signed difference in SPS points. Min-propagation is the
closest to the reference on both vendors, and its residual
error is almost entirely downward, so the stored profile can
understate but rarely overstate the observed score (cells
recorded above the reference fall from 1.9% to 0.1% on
Azure). Isotonic regression yields no gain on either vendor
and produces fractional scores that the three-level scale
cannot represent, so the one-sided min rule is retained.



Table 6: Reconstruction rules scored against the same-cycle reference

profiles.
Rule Azure (2025-06) AWS (2024-01)
Mismatch Signed Mismatch Signed
Raw record (no update) 3.69% +0.0001 1.63%  +0.0000
Min-propagation 2.72%  —0.026 1.62% —0.0002
Isotonic (fractional) 7.35%  +0.0002 1.66%  40.0000
Isotonic (integer) 3.73% —0.0004 1.64% 40.0001
6. Characterizing Dataset Volatility

With the collection system validated and the dataset
quality confirmed, the remaining practical question is how
frequently the system must sample each metric to avoid
missing meaningful changes. This section addresses RQ-1
by analyzing the temporal dynamics of metric updates to
inform optimal collection strategies.

6.1. Metric Change Frequency

Update patterns are characterized using two comple-
mentary metrics. Let P denote the set of valid instance-AZ
pairs and T the set of 10-minute observation intervals over
30 days (|T| = 4,320). Pair-level Coverage measures the
fraction of pairs that changed at least once:

ZpGP ]-changcd (p)
|P|

Coverage = x 100%

(1)

Temporal Change Rate measures how frequently changes
occur:

doter 2pep Lai(p;t)

x 100%
|T| x |P|

Change Rate = (2)
where 1g;g(p,t) = 1 if and only if pair p has a valid ob-
servation at interval ¢ whose value differs from the most
recent preceding valid observation of the same pair. Any
change of the recorded price counts for spot price, with
no minimum threshold, and any change of level counts for
the categorical metrics IF, SPS, and T'3. Intervals with a
missing observation contribute no change. lchanged (p)=1
if and only if 14;s(p,t) = 1 for at least one t.

Table [7] shows large cross-vendor differences. On AWS,
spot price has the highest coverage (99.7%) but a change
rate of only 2.5%: most pairs change at some point, but
rarely. Azure SPS has the highest change rate (5.8%) and
is the most volatile metric. These differences suggest dis-
tinct monitoring roles: SPS and T'3 as real-time indicators
of current availability, IF score as a long-term stability
assessment.

6.2. Change Interval Distribution

Figure[dshows the distribution of time intervals between
consecutive changes. Azure SPS and T3 show 40% of in-
tervals concentrated at 10 minutes, indicating rapid con-
secutive updates. IF score shows the longest intervals on
both platforms, with most beyond 1,000 minutes, confirm-
ing its nature as a slowly evolving long-term metric.
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6.3. Impact of Collection Interval on Data Quality
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Figure 5: Data loss relative to 10-minute baseline at extended sam-
pling intervals.

Figure [5| quantifies data loss at extended sampling in-
tervals. Azure SPS is the most sensitive, with 14.3% loss
at 20-minute intervals and 23.2% at 60 minutes. IF score
tolerates extended intervals on both platforms with loss
below 0.2%.



Table 7: Dataset volatility over June 2025 with 10-minute sampling.

Spot Price IF score SPS T3
Provider Cov.(%) Rate(%) Cov.(%) Rate(%) Cov.(%) Rate(%) Cov.(%) Rate(%)
AWS 99.7 2.542 37.0 0.013 38.2 0.451 80.5 2.277
Azure 18.3 0.006 13.9 0.008 54.6 5.759 34.2 3.633

The loss type distribution shows vendor-specific behav-
iors. On AWS, Timing Distorted cases dominate, consis-
tent with gradual metric changes, while on Azure Com-
pletely Lost cases prevail, consistent with abrupt fluctua-
tions. These findings establish concrete collection guide-
lines. Azure SPS requires collection intervals of 10 min-
utes or less, while AWS SPS and IF score tolerate up to
30-minute intervals with less than 5% data loss.

6.4. Temporal Consistency of Dataset Dynamics
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Figure 6: Change interval distributions across January of 2023, 2024,
and 2025 for AWS metrics.

Figure [6] examines whether update patterns are stable
over time using AWS data from January of 2023, 2024,
and 2025. Spot price shows consistent patterns across
years, while SPS and IF score exhibit significant year-to-
year shifts. These variations indicate that metric change
intervals are not static, and collection systems should in-
corporate adaptive mechanisms to maintain data quality
as vendor behaviors evolve.

7. Analysis of Single-Node Spot Datasets

With the collection methodology, system validation, and
sampling strategy established, the remainder of this paper
turns to analyzing the collected dataset. This section ad-
dresses RQ-2 and RQ-3 by analyzing the spatial and tem-
poral characteristics of single-node spot instance datasets
across vendors, establishing the baseline for multi-node
analysis.

7.1. Cross-Vendor Price Comparison

Figure [7] compares price savings across vendors and in-
stance categories. Azure consistently offers the highest
median savings in every category. GCP exceeds AWS in
four of the five categories, while their Accelerated Com-
puting medians are nearly equal (66.1% and 66.3%). AWS
exhibits substantially wider variance, with numerous out-
lier instances offering lower savings, necessitating care-
ful instance selection on AWS. Despite high demand for
GPU hardware, the Accelerated Computing category does
not show a markedly different savings pattern from other
categories. These vendor-level differences prompt a finer-
grained question of whether the same patterns hold at the
regional and availability-zone level.

7.2. Spatial Characteristics

Regional and AZ-Level Price Variations. Figure [8 shows
that AWS has the widest inter-regional variance in price
stability, with standard deviation ranging from about 7%
in eu-west-1 to nearly 15% in eu-central-1. Azure and
GCP are more uniform across regions, with regional stan-
dard deviations spanning 2.9 and 1.8 percentage points
versus 8.0 for AWS. Azure and GCP also keep spot prices
uniform across AZs within a region, whereas AWS prices
vary across AZs by 9.1% on average and by up to 91% in
extreme cases (Figure E[)

IF and SPS Spatial Distribution. Figures [I0] and [II]
present heatmaps of IF and SPS across instance cate-
gories and regions. For both vendors, Storage-optimized
instances have the highest IF scores (AWS: 2.09, Azure:
2.48). On AWS, Accelerated Computing has the lowest,
consistent with high demand for GPU instances, while
Azure returns no valid IF values for that category. The
two vendors also differ sharply in data coverage. AWS
provides valid IF scores for 99.8% of instance-AZ pairs ver-
sus Azure’s 31.2%. For SPS, AWS reaches 100% coverage
versus Azure’s 79.5%.

The average SPS of Azure (2.2) is lower than AWS (2.6).
Each vendor, however, computes SPS through an undis-
closed and proprietary methodology, so the lower Azure
score does not by itself imply lower actual availability. Sec-
tion [9] addresses this question directly through real-world
provisioning experiments.

Correlation with Region Size. Using public IPv4 address
counts as a proxy for region size [43], with the counts com-
puted from the vendors’ published IP ranges archived in
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1.00 :
0.75

50.50 | (Mean: 8.5%)
0.25 i
0.004 10 20 30 40 50

AZ Savings Difference (%)

Figure 9: CDF of price savings variability across AZs within AWS
regions.

> (®Jylel¥j¢=3 2.1 1.8 2.1 106 1.7/ 1.8 1.8 .2 52323272424 3.0
% [eNE1.71.92.21.91.7 2.1 2.1 §fl 2,0 222220240 &8
§ (Elle)g%%1.6 1.8 2.1 2.01.82.1 1.90EWA2.12.02.1 222222 2.0
g Storage PAVAVIS RvAVAV IV AV 2.0. 2125272927 3,0 15
E Accelerate pRCICINRCI By An BCIPRORC |\ /A N/AIN/AIN/AIN/AIN/AN/A 10
] N '
4@%7:&?&;@}&2@ ' b’@:%““ﬁ {%%%fé%%o\%%
L () ?Q(bo 2 'OO,,Q
2
(a) AWS (b) Azure

Figure 10: Spatial variations of IF scores by instance category and
region.

June 2025 [44] [45], Azure exhibits a strong negative corre-
lation between region size and both IF score (r = —0.94)
and SPS (r = —0.75), indicating that larger, more popu-
lar regions have lower availability. AWS shows only weak
correlations (IF: » = —0.26, SPS: » = 0.56), suggesting
capacity provisioning that is more uniform relative to de-
mand.
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Figure 11: Spatial variations of SPS by instance category and region.

Azure SPS Aggregation Mechanism. Azure SPS API pro-
vides both per-AZ and per-region values. To understand
the aggregation logic, per-region scores were compared
against aggregated per-AZ scores using three common
statistics (mean, maximum, minimum). The maximum
aggregation achieves the highest match rate at 85.4%, with
71.9% for both the mean and the minimum, indicating
that the region-level SPS corresponds to the maximum
SPS across AZs. Having characterized the spatial distri-
bution of spot metrics, the next question is whether these
metrics also vary over time.

7.8. Temporal Characteristics
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Figure 12: Temporal variations of SPS (local time).

Spot price and IF score are temporally stable on both
vendors. Price shows no significant fluctuation consistent
with the post-2017 pricing policy [I7], and IF score dilutes
short-term changes by summarizing interruption frequency



over the preceding month. In contrast, SPS exhibits sub-
tle but discernible cyclical patterns (Figure: scores are
marginally lower during weekdays compared to weekends
and during local business hours compared to off-peak peri-
ods. This makes SPS the most responsive real-time indica-
tor among the three metrics. With three metrics showing
different spatial and temporal behaviors, a natural follow-
up is whether they carry redundant or complementary in-
formation.

7.4. Correlation Analysis
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Figure 13: CDFs of pairwise Pearson correlation coefficients among
Spot Price, SPS, and IF score.

The Pearson correlation coefficient r measures the
strength of a linear relationship between two variables on
a —1 to +1 scale, where values near zero indicate no linear
association. Figure [13]shows the distributions of the pair-
level coefficients. Median coefficients are small on both
platforms (price-IF —0.17 and price-SPS —0.11 on Azure,
+0.09 and +0.02 on AWS), and no relationship is consis-
tent enough for price to serve as a proxy for availability.
Analyses targeting reliability should rely on SPS and IF
instead. The preceding analyses treat all instance sizes
equally. The final dimension to examine is whether in-
stance size itself affects these metrics.

7.5. Instance Size Impact

Figure [I4] shows consistent patterns across both
providers: SPS decreases as instance size increases, indi-
cating reduced placement favorability for larger instances.
Spot price scales non-linearly, with AWS reaching the best
price efficiency at 16xlarge (64 vCPU) and Azure at 64
vCPU, before sharp increases at the largest size classes.
IF score remains stable across size classes on both plat-
forms.

The drop of single-instance SPS with increasing instance
size already hints that requesting multiple instances at
once should degrade availability further. The next section
quantifies this multi-node degradation directly and asks
whether the resulting curves admit a compact functional
form across vendors.
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Figure 14: Spot Price, SPS, and IF score as functions of instance
size.

7.6. Cross-Vendor Availability Complementarity

The preceding subsections compare AWS and Azure in-
dependently on each metric. A distinct question for multi-
cloud practitioners is whether the two vendors’ availabil-
ity fluctuations are correlated. If both vendors experience
low availability simultaneously, multi-cloud diversification
provides no protection. To test this, the average SPS time-
series of each vendor is computed per 10-minute timestamp
for seven region pairs over the June 2025 observation pe-
riod, and the Pearson correlation between the two aligned
series is measured. Each pair follows the matched regions
of Table @l Correlations use the full 10-minute resolu-
tion (n = 4,281 timestamps), and uncertainty is quantified
with day-block bootstrap 95% confidence intervals, which
resample whole days to respect the strong within-day au-
tocorrelation of the series.
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-0.2 0.0 0.2 0.4 0.6 0.8
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Figure 15: Pearson correlation of region-aggregate SPS between
AWS and Azure for each matched region pair. Error bars show
bootstrap 95% confidence intervals.

Figure shows that the correlation is region-
dependent, ranging from —0.02 (Singapore) to 0.69 (Ore-



gon). For three pairs (Singapore, Seoul, Virginia) the con-
fidence interval contains zero, so the two vendors’ avail-
ability fluctuations are statistically indistinguishable from
independent in those regions. Oregon and Tokyo exhibit
strong positive correlation (r = 0.69 and 0.61) and Ire-
land and Frankfurt moderate correlation (0.49 and 0.32),
suggesting that demand-driven capacity pressure in those
areas affects both vendors simultaneously. Joint low-
availability events in which both vendors’ region-aggregate
SPS falls below 2.0 at the same timestamp do not occur
in any pair over the month. This reflects the aggregate
levels rather than co-movement, as the AWS region aggre-
gate never falls below 2.0 in the window, so joint events
are unreachable regardless of how the vendors co-move,
and the diversification argument rests on the near-zero
correlations instead. Multi-cloud spot deployments can
therefore reduce the probability of cluster-wide provision-
ing failure, though the degree of diversification benefit is
region-dependent and strongest in regions with low cross-
vendor correlation.

8. Analysis of Multi-Node Availability

This section addresses RQ-4 by analyzing cross-vendor
differences in how spot instance availability degrades as
cluster size increases. An inverse degradation model is fit-
ted on both AWS and Azure to enable direct quantitative
comparison of degradation shape, steepness, and availabil-
ity floors.

8.1. SPS Across Target Node Counts
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Figure 16: Average SPS by target node count and instance category.

Figure[L6] presents the cross-vendor comparison of multi-
node SPS. At single-node scale, AWS records higher SPS
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values than Azure for most categories. As node count
increases, however, AWS SPS decreases substantially and
converges toward or falls below Azure’s values, while Azure
SPS varies by less than 0.2 points across the same node-
count range and across categories.

This indicates a structural cross-vendor difference. AWS
is more favorable for single-node or small-cluster deploy-
ments, while Azure offers more predictable availability for
large-scale clusters.

8.2. Awailability Degradation Model

To make this qualitative observation precise and enable
quantitative cross-vendor comparison, a parametric model
is fit to the degradation curves. Six candidate models are
fit to the average SPS as a function of target node count n,
namely Linear (a — bn), Exponential (a-e~*" +¢), Power-
law (a-n~"+ ¢), Logarithmic (—b - In(n) + a + ¢), Inverse
(a/(n + b) + ¢), and Square root (a — b+/n + ¢). Model
quality is evaluated by two metrics. R? (coefficient of de-
termination) measures how much of the variance in the
data the model explains, where 1.0 is a perfect fit and 0 is
no explanatory power. The Akaike Information Criterion
(AIC) [46] balances goodness of fit against model complex-
ity, penalizing a model with more parameters unless it fits
substantially better. A lower AIC is better.

Table [8| summarizes the average R? and AIC across all
five instance categories for each model on both vendors.
Among the six candidates, the inverse model achieves the
highest average R? and lowest AIC on both AWS and
Azure. Per (vendor, category) combination, the inverse
model is selected as the best by AIC for 7 of 10 combi-
nations, namely AWS Memory, Storage, Accelerated and
Azure General, Compute, Memory, Storage. In the re-
maining three combinations, AWS Compute and Azure
Accelerated are best fit by the Logarithmic and Exponen-
tial models respectively, but the inverse model remains
within AAIC < 3 and is statistically indistinguishable
from the best. AWS General is fit substantially better
by the Logarithmic model (AAIC = 22 for the inverse).
For consistency of cross-vendor parameter interpretation,
the inverse model is adopted as the unified form for sub-
sequent analysis even on AWS General. The resulting fit
still has R? = 0.997 for that category, and the loss in AIC
reflects the inverse model’s slightly slower decay near the
small-cluster end rather than a structural mismatch:

a
n+b

SPS(n) = +c (3)
where a, b, and ¢ denote the degradation magnitude, offset
parameter, and availability floor respectively.

The degradation magnitude a controls how much SPS
drops from single-node to large-cluster scale. The offset
parameter b governs the initial decline rate. The slope of
the fitted curve is SPS’(n) = —a/(n + b)?, so the initial
decline rate at the single-node end equals a/(1 + b)?, and



a smaller b produces a steeper initial decline. The avail-
ability floor ¢ represents the minimum SPS that the fitted
model converges to as cluster size increases.

Table 8: Average R? and AIC of six candidate degradation models.

AWS Azure
Model Avg R?2  Avg AIC Avg R? Avg AIC
Linear 0.740 —-33.5 0.926 -95.0
Sqrt 0.894 —41.8 0.988 —113.5
Power-law 0.992 —-71.9 0.922 —-93.1
Exponential 0.988 —65.2 0.996 —126.9
Logarithmic 0.993 —81.8 0.929 —94.2
Inverse 0.998 -97.3 0.997 —132.9

Table [J] presents the fitted inverse model parameters for
all five instance categories on both vendors.

The fitted parameters reveal three cross-vendor differ-
ences. First, the total degradation from single-node to 50-
node scale is far larger on AWS, where SPS drops by 1.13
to 1.33 points compared to 0.09 to 0.16 points on Azure.
Second, the initial decline rate a/(1+b)? ranges from 0.15
to 0.29 on AWS and from 0.004 to 0.012 on Azure. The
AWS rate is roughly 12 to 45 times larger in every cate-
gory, confirming that AWS availability drops more rapidly
at small cluster sizes. Measured as total degradation in-
stead of initial decline rate, the same gap is 7 to 14 times.
The two ratios differ because the AWS curves are convex
and decline fastest at small n, whereas the Azure curves
are nearly linear over the sampled range. Third, the floor
¢ diverges sharply for General and Memory categories,
where Azure floors (near 2.0) indicate near-Medium avail-
ability at large cluster sizes while AWS floors (near 1.1)
converge toward Low availability. Accelerated and Storage
categories show comparable floors on both vendors, sug-
gesting similar worst-case availability for GPU and storage
resources.

The widest cross-vendor gap at 50 nodes is in Mem-
ory (AWS 1.26 vs Azure 1.94), and the steepest initial
decline on either side is AWS Accelerated Computing (ini-
tial decline rate 0.29, floor 1.02), where GPU contention
dominates at cluster scale. A 70/30 train-test split at the
instance-AZ pair level, repeated 10 times with different
random seeds, gives a root mean square error (RMSE) be-
low 0.035 on the held-out test set on the 1-3 SPS scale
across all categories and vendors. The fit is therefore not
specific to the sampled pairs.

The cross-vendor asymmetry is also robust to the treat-
ment of Azure non-availability responses (Section . Re-
fitting the Azure curves with every non-availability re-
sponse treated as the lowest score, an extreme lower
bound, flattens the Azure curves further. The AWS
initial decline rate becomes 17 to 114 times larger
across categories, and Azure’s higher floors for the Gen-
eral and Memory categories persist.  Treating only
DataNotFoundOrStale responses as the lowest score
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changes the fitted floors by at most 0.003.

The asymmetry is also stable over time. Refitting on
each month of pre-propagation observations from April
2025 through June 2026 preserves every cross-vendor com-
parison in all fifteen months. AWS degrades more in every
category, in total degradation and in initial decline rate
alike, and the steepest decline always belongs to AWS.
The smallest monthly AWS total degradation (0.75 SPS
points) exceeds the largest on Azure (0.15) five-fold. The
absolute values change within the window, most visibly for
AWS Accelerated Computing, whose initial decline rate
halves from 0.30 to 0.17, while the cross-vendor ordering
is unchanged in every month.

While the inverse model describes the average degrada-
tion shape across all snapshots, T3 is a time-varying metric
computed at each collection cycle that reflects the current
maximum cluster size at high availability for each instance-
AZ pair. T2 and T'3 are strongly correlated (mean Pearson
r = 0.692 for AWS, 0.754 for Azure), justifying the use of
T3 as the representative multi-node metric in subsequent
validation analyses.

Section [J] tests these metrics against real provisioning
outcomes.

9. Real-World Validation Experiments

This section addresses RQ-5 by independently testing
whether vendor-provided SPS values predict actual pro-
visioning outcomes. Existing studies have not addressed
this question. Prior work either uses these metrics as
inputs to scoring and recommendation systems without
validating their predictive power, or validates availability
on a single vendor only. Real-world availability is mea-
sured by having each worker issue a spot request, record
whether the request is fulfilled, and terminate immedi-
ately. This approach is also adopted in recent spot in-
stance studies [47, [48]. The short worker lifetime isolates
the provisioning-success outcome that SPS is meant to pre-
dict and keeps cloud cost manageable at the scale required
for cross-vendor validation. The experiments were con-
ducted on AWS and Azure during March and April 2026.

9.1. Single-Node Validation
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Figure 17: Single-node provisioning success rate by SPS.



Table 9: Fitted inverse degradation model parameters (SPS(n) = ﬁ +c).

Vendor Category a b c¢(floor) SPS(1) SPS(50) Drop R2
AWS General 12.25 8.14 1.30 2.64 1.51 1.13  0.997
AWS Compute 15.55  8.73 1.06 2.65 1.32 1.33  0.998
AWS Memory 9.91 5.82 1.08 2.53 1.26 1.28 0.998
AWS Accelerated  6.77  3.83 1.02 2.42 1.14 1.28 1.000
AWS Storage 10.10  6.73 1.15 2.45 1.33 1.13  0.999
Azure General 3.91 17.18 2.07 2.29 2.13 0.16 0.998
Azure Compute 11.37 54.96 1.74 1.94 1.84 0.09 0.999
Azure Memory 5.18 22.86 1.87 2.08 1.94 0.15 0.999
Azure Accelerated 10.46  38.05 1.24 1.51 1.36 0.15 0.992
Azure Storage 6.79 28.32 1.28 1.51 1.37 0.14 0.998

Three 24-hour single-node provisioning rounds were con-
ducted on AWS (28,224 attempts) and two on Azure
(134,069 attempts), each covering the 7 representative re-
gions and 12 to 35 instance types. The SPS value at re-
quest time was obtained from the SpotLake archive. Only
outcomes that represent a capacity decision enter the anal-
ysis. A request counts as a success when the instance
is created and as a failure when the vendor declines it
for lack of capacity. On AWS every logged outcome is
of one of these two kinds. On Azure the excluded out-
comes are requests for three VM sizes that Azure does
not offer as spot instances (5,040 attempts, all failing de-
terministically), conflicts over the measurement harness’s
own network interfaces, and polls that timed out before
an outcome was returned. After matching each remaining
request to the snapshot in effect at its issue time, 121,186
Azure attempts and all 28,224 AWS attempts enter the
analysis. Figures [[7a] and [I7D] show the combined success
rates by SPS value. Error bars indicate cluster bootstrap
95% confidence intervals, obtained by resampling the (in-
stance type, region, AZ) pairs within each group: repeated
attempts on the same pair are strongly correlated (intra-
class correlation 0.51-0.70), and intervals that treat at-
tempts as independent would be narrower than these in-
tervals by a factor of six to more than forty. For the two
Azure groups with no failures the resampled interval is de-
generate, and their uncertainty is better read from their
pair counts (8 and 63 pairs). The chi-squared contrasts re-
ported below likewise treat attempts as independent and
are therefore read as descriptive summaries, with uncer-
tainty carried by the cluster-aware intervals.

The two vendors produce qualitatively different SPS be-
havior. On AWS, success rates rise monotonically from
21.2% at SPS=1 (n = 3,213) to 52.5% at SPS=2 (n = 402)
to 78.4% at SPS=3 (n = 24,609). To confirm that these
gaps are not due to chance, Pearson’s chi-squared test was
applied to each adjacent pair. This test compares observed
success/failure counts against what would be expected if
both SPS levels had the same underlying rate. Both com-
parisons yielded p < 0.001 (x? = 186.0 and 152.5), and
both remain significant under Bonferroni correction for
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two tests (o = 0.025). AWS SPS therefore acts as an ordi-
nal availability predictor. In the SpotLake archive, SPS=2
accounts for only 1.3% of snapshots (vs 7.6% SPS=1 and
91.1% SPS=3), making the scale effectively binary in prac-
tice. The cross-cycle swing of SPS=2 (22% to 81%) reflects
this rarity: a 24-hour window can land on either side of a
transition.

Azure does not exhibit this ordinal structure. SPS=1
and SPS=3 both succeed at 100% (n = 9,697 and 87,042),
and failures concentrate only in SPS=2 (9.5% fail rate,
n = 24,447), tracing to a small set of Storage-optimized
instance-region pairs in AP Fast and KR Central. Ap-
plying the same chi-squared test to Azure confirms that
SPS=2 differs significantly from both SPS=1 (x? = 991.8,
p < 0.001) and SPS=3 (2 = 8479.4, p < 0.001). The dif-
ferences are statistically significant, but the pattern is not
ordinal: SPS=1 outperforms SPS=2 while SPS=3 matches
SPS=1, so SPS does not rank availability monotonically
on Azure. This cross-vendor asymmetry becomes appar-
ent only when both vendors are validated under the same
protocol.

The same cross-vendor asymmetry appears in the
archive-based characterization of Section B2} AWS has
steep initial decline rates (0.15-0.29) and low floors ¢
(1.02-1.30), an environment where SPS variation carries
meaning, while Azure has near-flat initial decline rates
(0.004-0.012) and high floors ¢ (1.24-2.07), where SPS
rarely signals more than a localized hot spot.

9.2. Multi-Node Provisioning Validation

Single-node SPS captures only one point on the multi-
node degradation curve. To validate whether the cluster-
level metric T3 (Section predicts actual multi-node
provisioning, a 10-minute round experiment was con-
ducted. Each round requested 50 spot instances of one (in-
stance type, region, AZ) combination, drawn round-robin
from a fixed schedule covering the 7 representative regions
and a rotating set of instance types. At the moment each
request is issued, the most recent SpotLake snapshot for
that (instance type, region, AZ) is read and its T3 value



(the largest cluster size whose SPS equals 3 in that snap-
shot) is recorded as the predictive metric for the round.
Each of the 50 workers in a round independently observes
its launch result. The round’s success rate is the count of
successes divided by the 50 requested results, and a result
that is not returned within a 10-minute matching window
is counted as a failure.

Three contiguous experiment windows were aggregated
into a 96-hour dataset spanning weekend (Saturday—
Sunday) and weekday (Monday—Tuesday) operation in
early April 2026. The combined dataset contains 528
rounds and 26,400 requested results on AWS, and 529
rounds and 26,450 requested results on Azure. On AWS,
100 of the requested results (0.38%) were not returned
and are counted as failures. All of them trace to a fault in
the measurement client specific to a single instance type
rather than to a capacity shortage. Azure returned ev-
ery requested result. Because the 50 workers of a round
share one (instance type, region, AZ) draw at a single time
point, their outcomes are strongly correlated (intraclass
correlation 0.66 on AWS and 0.31 on Azure). Interval esti-
mates therefore resample whole rounds (cluster bootstrap,
B =10,000) rather than treating workers as independent,
which would overstate the effective sample size by more
than an order of magnitude.
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Figure 18: Multi-node provisioning success rate by 7'3. Error bars
show bootstrap 95% confidence intervals.

AWS multi-node results. Figure [I8a]shows that AWS suc-
cess rate increases with T'3 from 46.0% at T3 = 1 to 99.0%
at T'3 = 50, generally monotonically except for small dips
at T3 = 20 (89.8%), T3 = 30 (89.4%), and T3 = 35
(91.3%) whose pooled rates lie within the bootstrap con-
fidence intervals of the adjacent buckets, consistent with
sampling variation across rounds rather than a break in
the trend. The T3 = 20 bucket also contains one round
whose results were lost to the fault in the measurement
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client and count as failures. Pairs with small 7T'3 fail about
half of the time in real provisioning, while pairs with large
T3 succeed almost always. Because the experiment sam-
ples a different (instance type, region, AZ) combination
each round rather than repeating a single combination, in-
dividual rounds at the same T'3 come from combinations
with different baseline availability (std 0.27 at T3 = 10,
0.39 at T3 = 1). The monotone rise of the aggregate curve
with T'3 therefore demonstrates that T'3 ordinally tracks
real provisioning success across the full set of combina-
tions, not merely within a few specific ones.

Azure multi-node results. The Azure curve in Figure [I8D]
is flat across all T'3 values: pooled success rate stays in
the 94-100% range, and the cluster bootstrap 95% con-
fidence intervals that resample whole rounds are at most
0.085 wide and lie entirely above 0.89, the two widest (at
T3 = 40 and T3 = 10) falling at the two node counts
where the mean rate dips. There is no monotone relation-
ship between T'3 and success rate. Instead, the 20 rounds
that fall below 80% are spread over 11 of the 81 sampled
instance-region pairs, dominated by Memory-optimized in-
stances in EU West and EU North and General-purpose
instances in AP Southeast, EU West, and US East. Only
three are Storage-optimized instances, all in AP South-
east. The multi-node experiment therefore supports the
single-node observation: Azure’s T'3 value, like its SPS,
is not a reliable ordinal predictor of cluster-level capacity,
and the few failures that do occur are localized rather than
systemic.

9.3. Cross-Vendor Validation Summary

The single-node and multi-node experiments produce a
consistent cross-vendor contrast. On AWS, both SPS at
single-node scale and T3 at multi-node scale function as
ordinal predictors of real provisioning success, with success
rates varying from 21% to 78% by SPS value and from
46% to 99% by T3. On Azure, neither metric shows an
ordinal relationship with success: single-node rates stay
within 90.5-100% across all SPS values, and multi-node
rates remain within 94-100% regardless of T'3. A rank test
at the round level makes the contrast exact: the Spearman
correlation between 7'3 and round success rate is p = 0.53
(p < 1073%) on AWS and p = —0.02 (p = 0.72) on Azure.

These validation results translate into different opera-
tional habits. On AWS the SpotLake-derived metrics (SPS
for single-node, T'3 for multi-node) are usable as ordinal
availability predictors, and instance selection can rely on
them without additional probing. On Azure capacity is
plentiful in essentially every instance-region pair, so the
same metrics carry almost no signal and users do not
currently need to consult them before launching spot in-
stances. The flip side is that if Azure capacity were to
deteriorate in a specific instance-region pair, SPS or 73
alone would not detect the change. Active probing would
be needed as a complementary signal.



10. Discussion

This section synthesizes findings across all analyses and
discusses limitations.

10.1. Key Findings

Update dynamics (RQ-1). Metric update behavior is
vendor-specific and changes over time. Azure SPS de-
mands high-frequency sampling at 10 minutes or less,
whereas AWS SPS and IF score tolerate up to 30 min-
utes with under 5% data loss. Collection systems should
treat these intervals as adaptive parameters rather than
constants.

Pricing and spatial structure (RQ-2). Azure offers the
highest median spot price savings while AWS shows the
widest variance, with intra-region (AZ-level) price dis-
persion reaching 91% on AWS in extreme cases. Re-
gion size correlates strongly with Azure availability (SPS
r = —0.94) but barely at all with AWS (r = 0.56).

Temporal patterns (RQ-3). Spot price and IF score are
temporally flat, but SPS and T3 track real-time demand.
Both metrics dip during local business hours and weekday
operation. Temporal analysis must therefore be conducted
in local time rather than UTC, otherwise region-specific
demand cycles average out.

Multi-node degradation (RQ-4). Of six candidate models,
the inverse form SPS(n) = a/(n+b) + ¢ achieves the best
average AIC for both vendors and R? > 0.99 for every
(vendor, category) combination. AWS SPS drops by 1.13
to 1.33 points between 1 and 50 nodes with initial decline
rates (a/(14b)?) between 0.15 and 0.29, while Azure drops
by only 0.09 to 0.16 points with rates between 0.004 and
0.012. The floor parameter ¢ indicates the worst-case SPS
that the model converges to at large cluster sizes, ranging
from 1.24 to 2.07 on Azure and only 1.02 to 1.30 on AWS.
Azure therefore exhibits both a flatter degradation curve
and a higher availability floor for most categories.

AWS walidation (RQ-5). SPS is an ordinal predictor of
AWS single-node capacity, with 21.2%, 52.5%, and 78.4%
success at SPS=1/2/3 and all adjacent gaps significant
at p < 0.001. The cluster-level metric T3 extends this
property to multi-node provisioning: success rises with 73
from 46% at T3 = 1 to 99% at T3 = 50 across 528 rounds
spanning weekend and weekday operation, with small dips
at T3 = 20, T3 = 30, and T3 = 35 that stay within the
confidence intervals of adjacent buckets, and the overall
shape mirrors the cross-vendor structure characterized in
RQ-4: a correspondence of pattern rather than of fitted
values, one that monthly refits preserve in every month
from April 2025 through June 2026.
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Azure walidation (RQ-5). The same metrics on Azure
carry almost no signal. SPS=1 and SPS=3 both succeed
at 100%, multi-node success stays between 94 and 100%
at every T3, and the failing rounds concentrate in a small
subset of the sampled instance-region pairs rather than in
a single instance family.

Generalizability. The analysis is based primarily on June
2025 data, with supplementary three-year longitudinal ob-
servations for update pattern analysis (Figure@. The core
cross-vendor structural differences, the large total degra-
dation and low floor on AWS versus the minimal degra-
dation and high floor on Azure, reflect infrastructure and
capacity-management choices by each provider. Monthly
refits on the pre-propagation archive show them holding in
every month from April 2025 through June 2026. Specific
numerical values do drift within that window, most visi-
bly the initial decline rate of AWS Accelerated Computing
halving and the single-node lead of AWS General revers-
ing, which motivates continuous data collection through
services like SpotLake and periodic reanalysis.

Application Scenarios. The findings translate into deploy-
ment guidance for the workload classes that already rely
on spot instances. Distributed training pipelines [13] face
the steepest availability decline on AWS, whose Acceler-
ated Computing category combines the highest initial de-
cline rate (0.29) with the lowest floor (1.02). Multi-GPU
jobs therefore benefit from consulting 7'3 before placement
and from keeping an Azure fallback for the same category,
where the floor is higher. Delay-tolerant batch and HPC
systems [I4] [15] 27) [36] can rank vendors and regions by
the archived T3 directly, which ordinally predicts multi-
node success on AWS (46% at T3 = 1 rising to 99% at
T3 = 50). Big-data frameworks that provision clusters of
a fixed size [10, 32, B3] can read the expected availabil-
ity at their target node count off the fitted degradation
curves instead of probing. Cross-vendor portfolios [37] re-
duce risk in the region pairs whose availability fluctuations
are statistically independent (Section . These benefits
apply where the spot discount dominates the overheads
that multi-cloud operation adds, such as data egress, data
locality, image portability, and separate credential man-
agement.

10.2. Limitations

The degradation model captures average behavior at the
category level and does not account for instance-level vari-
ance or sudden capacity events. The multi-node validation
experiment uses 12 rounds per 7'3 value within each 24-
hour cycle, so individual outlier rounds can shift cycle-level
estimates by several percentage points. The 96-hour ag-
gregated dataset reduces but does not eliminate this noise.

11. Conclusion

Two main findings emerge from this study. First, multi-
node spot availability degrades structurally differently on



AWS and Azure. An inverse model fits both vendors
well, but the AWS curve is roughly an order of magni-
tude steeper at the small-cluster end, with initial decline
rates 12 to 45 times larger across categories, and converges
to a much lower floor than Azure, so cluster-size-aware
vendor selection is a consequential decision rather than a
marginal optimization. Second, the same vendor-provided
availability score has different operational meaning on the
two providers. AWS SPS and the multi-node T'3 statistic
are usable as ordinal availability predictors, but the same
metrics on Azure are uncorrelated with real success be-
cause Azure capacity is plentiful in nearly every instance-
region pair. Practitioners should therefore treat the SPS
scale as semantically vendor-specific rather than as a com-
parable cross-vendor index.

A consequence for monitoring is that the absence of use-
ful SPS signal on Azure has a cost of its own. It also means
the metric will not flag a future loss of capacity in a spe-
cific instance-region pair, and complementary signals such
as observed provisioning latency or active probing will be
needed in that setting. Techniques developed for extract-
ing patterns from noisy operational data [49, 50] provide
candidate building blocks for automating the detection of
such capacity losses over the archived metric streams. The
SpotLake system, the multi-node dataset, and the fitted
models are released to support that follow-on monitoring
as well as continued research and reanalysis.

Data availability

The archived multi-vendor dataset is publicly served
through the SpotLake web service (https://spotlake.
ddps.cloud/), and the collection system is open source
(https://github.com/ddps-lab/spotlake). The analy-
sis scripts, the provisioning-experiment logs, and the re-
producibility documentation that regenerates every pub-
lished table and figure are released as a separate public
artifact archive on Zenodo (https://doi.org/10.5281/
zenodo.20351146).
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