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Abstract
Accurate Virtual Machine (VM) power estimation is criti-
cal for safe oversubscription and power-aware scheduling,
but score-based placement policies distort historical observa-
tions and bias template-based predictive models. We present
the CAPES framework, an offline inference layer that esti-
mates the causal Physical Machine (PM) power increase from
launching new VMs under rule-based schedulers. CAPES ex-
ploits the score cutoff induced in each burst and applies
regression discontinuity to compare near-cutoff PMs with
similar pre-state but different placement outcomes. Our ex-
periments show that CAPES reduces underestimation and
improves interval coverage versus template-based ML base-
line while achieving similar mean absolute error.
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1 Introduction
Datacenter management requires answering what-if ques-
tions: what would happen if we changed policies? Howmuch
more power would a server consume with versus without
a new VM? What would the rack temperature be with ver-
sus without a new job? Unlike mere correlations, causal
analysis predicts counterfactual outcomes—what would hap-
pen under different placement decisions. Estimates for such
questions support capacity planning, admission control, and
service-level guarantees. Yet obtaining unbiased estimates
is difficult in production systems where selection biases in-
herent in schedulers can obscure true causal relationships.
Power estimation illustrates this challenge.
Power has emerged as a binding constraint as compu-

tation consolidates in hyperscale facilities and deploys on
high-density GPUs [19]. Datacenter operators often oversub-
scribe facility power to maximize utilization without trip-
ping circuit breakers [13, 16, 18]. Estimating power used by

particular software and hardware combinations is therefore
essential for safe power management.
Historical scheduling decisions could inform power esti-

mates when placing a particular workload on a candidate
server. Yet such observational data is biased by the scheduler,
which tends to favor particular workload-server assignments
according to its policy and rules. Machine learning with this
data will produce biased, rule-driven correlations between
workload types, server features, and power outcomes rather
than the causal effect of placing a workload on a server.

Bias is a particular issue when estimating workload power
on a server rarely selected under the scheduler’s policy. Ma-
chine learning would extrapolate from a skewed slice of
the power distribution. Even worse, scheduling rules might
evolve as operators tune for efficiency or new system config-
urations. Each rule change induces a distribution shift and
breaks learned correlations even when underlying causal
relationships are unchanged.

Yet, the same scheduler that creates selection bias also cre-
ates opportunity for causal identification. For each workload,
modern schedulers score candidate servers based on their
hardware resources and operating conditions. The scheduler
prioritizes servers with the lowest scores and results in an
implicit cutoff: servers below a score cutoff receive the work-
load and servers above do not. Such cutoffs exist in Google’s
Borg [22, 23], Azure’s Portean [7], and emerging LLM serving
systems such as Serverless LLM and Llumnix [6, 17, 20].
The scheduling cutoff creates a discontinuity that we ex-

ploit for causal analysis. Near the cutoff, two servers have
nearly identical scores and thus nearly identical hardware
resources and operating conditions. But they receive dif-
ferent workload assignments due to the scheduler’s server
selection rule. This discontinuity approximates a random-
ized experiment as workload assignment changes sharply
at the score cutoff while server conditions change smoothly.
Workload arrivals, which can be bursty, further facilitate
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natural comparisons around the cutoff. When many work-
load placement decisions occur within short windows, each
burst of decisions creates its own cutoff and generates re-
peated natural experiments from the normal operation of a
production system.
We present the CAPES, a new framework that exploits

scheduler cutoffs and estimates causal effect from a pro-
duction system. CAPES ingests workload placement logs
and power telemetry. It then identifies windows with bursts
of scheduling decisions that reveal implicit cutoffs. Finally,
it uses Regression Discontinuity Design (RDD) and causal
forests to estimate marginal power used by a virtual ma-
chine [2, 5, 10, 14, 21]. We evaluate CAPES on Azure VM
workloads under Protean-style scheduling [7]. Compared to
a machine learning baseline, CAPES achieves comparable
accuracy while mitigating systematic bias (under-estimation)
when predicting virtual machine power on physical ma-
chines rarely selected by scheduler’s preference rules.

2 Causal Analysis of Power Effect
This section presents the causal analysis framework under-
lying CAPES. We first show how score-based scheduling
creates natural experiments (§2.1). We then introduce RDD
as the method to exploit these experiments (§2.2) and for-
malize the identification strategy for power effects (§2.3). We
extend RDD with causal forests to estimate heterogeneous
power effects across diverse server conditions (§2.3). Finally,
we describe the CAPES framework architecture (§2.4).

2.1 Score-Based Scheduling Creates Natural
Experiments

The gold standard for causal analysis is the randomized con-
trolled trial (RCT): randomly assign workloads (the treat-
ment) to servers, then measure the difference in server power.
However, production public clouds use optimized scheduling
policies instead of random placement, and A/B tests that de-
liberately vary VM assignments would violate service-level
agreements. We observe that modern datacenter schedulers
create natural experiments that approximate randomized
assignment.
Datacenter schedulers assign workloads to servers using

rule-based scoring. For each virtual machine (VM) that seeks
assignment to a physical machine (PM) or server, the sched-
uler evaluates the PM against a set of preference rules that en-
code constraints and objectives. These considerations might
account for hardware resources and power capacity, software
versions and server configurations, as well as proximity to
data. The scheduler computes a scalar score for each candi-
date based on the extent to which various rules and prefer-
ences are satisfied by the PM. Lower scores indicate a better

Figure 1: Score-based scheduling induces a cutoff sep-
arating selected from unselected servers. Near-cutoff
servers have similar pre-placement states but differ-
ent placement outcomes, enabling quasi-experimental
comparison.

fit. The scheduler selects from the best candidates, typically
the PM with the lowest score, to receive the workload.

This selection procedure induces an implicit cutoff for each
scheduling decision. The score of the best server defines a
threshold. Servers scoring below this threshold receive the
workload while servers scoring above do not. Crucially, the
cutoff is not fixed and set by the datacenter operator. Rather,
the cutoff emerges from dynamic interactions between VM
demand, available system capacity, and the scoring rules
employed by the scheduler. The cutoff also varies depending
on the scheduling window and mix of VM types within that
window.

Figure 1 illustrates the cutoff in scheduling scores. Clients
submit VM requests to the scheduler, which scores PMs and
then dispatches workloads to the top-ranked servers. The
cutoff partitions the pool of candidate PMs into groups of
selected and unselected servers. Near this cutoff, servers
exhibit nearly identical pre-placement system conditions,
yet receive different VM placement decisions.
Production VM traces exhibit several characteristics that

further support this natural experiment formulation [7, 13].
• VM Types. VM requests are organized into discrete
types and placement decisions are made per type. Al-
though datacenters support hundreds of VM types, the
top three types account for more than 50% of arrivals.

• Bursty Arrivals. Arrivals are highly bursty. Within
short ten-minute windows and for dominant VM types,
the peak arrival rate is 6–22× higher than the average1.

1Less frequent VM types exhibit even higher burstiness (10–50×).
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Table 1: Mapping score-based scheduling to causal anal-
ysis.

RDD Concept Scheduler Analog Description
Unit 𝑖 Physical machine Entity receiving treatment
Features 𝑋𝑖 PM features PM state and configuration
Running
variable 𝑟𝑖

Scheduler score Determines selection;
continuous

Cutoff 𝑐 𝑗 Selection threshold Implicit; varies per window
Treatment 𝑇𝑖 VM placement count Binary or multi-valued
Outcome 𝑌𝑖 PM power 𝑃95 post-placement power

This burstiness produces repeated, comparable place-
ment decisions.

• VM Type Isolation.Within short ten-minute windows,
95-100% of PMs that receive a particular VM type host
only that type during the window. The concurrent place-
ment of multiple, heterogeneous VM types is rare.

• Short VM Lifetimes. Most VMs run for less than an
hour and power effects manifest quickly after placement.

These characteristics, combined with the score-based cut-
off, create natural experiments: servers near the cutoff have
similar conditions but different placement outcomes. This
structure enables causal analysis via RDD, which we intro-
duce next.

2.2 RDD: Causal Analysis at the Cutoff
RDD is a quasi-experimental method for causal analysis
when a treatment decision is determined by whether a con-
tinuous variable crosses some threshold [2, 5, 10, 14, 21].
Under specific conditions and assumptions, RDD allows us
to estimate the causal effect of that treatment from purely ob-
servational data, avoiding the costs of randomized controlled
trials (e.g., A/B tests).

The underlying intuition is best illustrated by a canonical
example. Suppose we wish to estimate the earnings effect
of attending a selective university [8]. Naively comparing
graduates from selective versus non-selective universities
confounds the effects of education and selection. Admitted
students typically exhibit higher ability or socioeconomic
status that would lead to higher earnings regardless of the
university they attend. However, if admission depends on a
quantitative cutoff (e.g., SAT exam score greater than 1200),
applicants that report scores immediately above and below
the cutoff (e.g., 1200 versus 1199) are statistically indistin-
guishable in their latent ability such that we can view their
one-point difference as noise. Near the cutoff, admission is
effectively random. Any discontinuity in later earnings be-
tween these groups of students reveals the causal effect of
university attendance.
Formally, let 𝑟 denote the running variable, 𝑐 denote the

cutoff, and 𝐷 = I[𝑟 ≥ 𝑐] denote the treatment decision. For

our example, 𝑟 corresponds to the exam score, 𝑐 the admis-
sion threshold, and 𝐷 the admission decision. RDD identifies
the causal effect by comparing outcomes just above and be-
low the cutoff where treatment decision changes sharply but
other features of the applicant change smoothly.

The RDD method makes two assumptions. First, expected
potential outcomes are continuous at the cutoff. Units just
above and below the threshold would have similar outcomes
in the absence of treatment. With this assumption, any dis-
continuity or difference in observed outcomes must there-
fore be caused by the treatment itself. Second, units cannot
precisely control or manipulate their running variable to
influence their position across the cutoff. If applicants could
manipulate their exam scores to land at exactly 1200, the
comparison of individuals across this cutoff would be con-
founded by their unobserved characteristics.

The datacenter scheduler naturally satisfies both assump-
tions. For continuity, pre-treatment PM features (hardware
type, available cores, memory, and CPU utilization) vary
smoothly at the cutoff with no significant discontinuities.2
For non-manipulation, scores are computed deterministically
by the scheduler based on system state.3
Table 1 shows how the VM scheduling system maps di-

rectly to the causal analysis framework. We model each PM
as a unit and focus on short time windows with high VM
arrivals for a given VM type. The treatment is the count of
newly placed VMs on that type of a PM within the windows.
The PM’s power increase after VM placement is viewed as
the causal effect of that placement. Production traces provide
strong evidence that this formulation is both representative
and suitable for causal analysis. We formalize this identifica-
tion strategy next.

2.3 Formalizing Power Effect Identification
Consider a VM type 𝑗 and a short scheduling window. For
each candidate PM 𝑖 , the scheduler computes a scalar score
𝑟 = 𝑆 (𝑃𝑀𝑖 , 𝑗). The scheduler selects servers below an implicit
cutoff 𝑐 𝑗 . Let 𝐷𝑖 = I[𝑟𝑖 < 𝑐 𝑗 ] indicate this selection. Let
𝑇𝑖 ∈ {0, 1, 2, . . .} denote the number of VMs of type 𝑗 that
were placed on PM 𝑖 in this scheduling window.
Potential outcomes. Let 𝑌𝑖 (𝑡) be the power outcome if PM
𝑖 were to be assigned 𝑡 additional VMs of type 𝑗 . The causal
effect of launching one VM on PM 𝑖 depends on the difference
in potential outcomes:

𝜏𝑖 = 𝑌𝑖 (1) − 𝑌𝑖 (0)

2RDD does not require globally homogeneous PMs—only that PM features
vary continuously at the cutoff. The continuity of important features is
confirmed statistically via robust local polynomial regressions [1] (𝑝 > 0.05).
3The McCrary density test [3, 15] confirms no discontinuity in score density
at the cutoff (𝑝 > 0.05).

3



Xing et al.

selected unselected

Figure 2: Illustration of rule-based scoring and Regres-
sion Discontinuity.

Note that only one of these potential outcomes is observed
per PM. Once the scheduler makes a scheduling decision
𝑇𝑖 = 𝑡 , we observe 𝑌𝑖 (𝑡) and the counterfactual 𝑌𝑖 (𝑡 ′), 𝑡 ′ ≠ 𝑡

is unobservable. This is the core challenge in causal identifi-
cation.
Figure 2 illustrates the relationship between scheduler

scores and power. The x-axis shows scores with a vertical
line to indicate cutoff 𝑐 𝑗 . Servers to the left of this cutoff
(𝑟𝑖 ≤ 𝑐 𝑗 ) are selected and receive a VM for computation and
we observe 𝑌𝑖 (𝑡). Those to the right (𝑟𝑖 > 𝑐 𝑗 ) are not and
we observe 𝑌𝑖 (0). The vertical gap between 𝑌𝑖 (1) and 𝑌𝑖 (0)
represents the treatment effect 𝜏𝑖 that we wish to estimate.
Regression Discontinuity Design. The RDD framework
estimates 𝜏𝑖 by exploiting the discontinuity at the scheduling
cutoff. Assume expected potential outcomes are continuous
at the threshold. This assumption states that servers just
above and below the cutoff would have similar power out-
comes under the same treatment decision.

lim
𝑟↓𝑐 𝑗

E[𝑌𝑖 (𝑡) | 𝑟𝑖 = 𝑟 ] = lim
𝑟↑𝑐 𝑗

E[𝑌𝑖 (𝑡) | 𝑟𝑖 = 𝑟 ] for 𝑡 ∈ {0, 1}

RDD defines the outcome discontinuity as follows. Be-
cause the cutoff creates only a discontinuity in treatment
decision and not discontinuities in server conditions, any
discontinuity in observed power outcomes 𝑌 is driven solely
by the discontinuity in treatment 𝑇 .

Δ𝑌 ≜ lim
𝑟↓𝑐 𝑗

E[𝑌𝑖 | 𝑟𝑖 = 𝑟 ] − lim
𝑟↑𝑐 𝑗

E[𝑌𝑖 | 𝑟𝑖 = 𝑟 ]

The causal effect at the cutoff is determined by normalizing
the jump in power outcomes Δ𝑌 by the jump in treatment
decisions Δ𝑇 .

𝜏RDD𝑗 ≜
Δ𝑌

Δ𝑇

For binary treatment, where Δ𝑇 = 1, this causal effect
simplifies to the following.

𝜏RDD𝑗 = Δ𝑌 = E[𝑌𝑖 (1) − 𝑌𝑖 (0) | 𝑟𝑖 = 𝑐 𝑗 ]

However, RDD yields only an average effect at the cutoff.
We next extend it to estimate server-specific effects.

2.4 Causal Forests for Heterogeneous
Effects

Practically, we wish to understand heterogeneous power ef-
fects. The same VM type 𝑗 may increase power by varying
degrees depending on server configurations, resource utiliza-
tion, colocated computation, and hardware architecture. The
RDD estimand 𝜏RDD𝑗 summarizes an average power effect at
the cutoff but for power-related decision making, we would
prefer predictions tailored to a server’s specific operating
conditions.

We define the conditional average treatment effect (CATE)
as follows. 𝑋𝑖 captures PM features such as background pro-
cessor utilization, memory pressure, hardware configura-
tions, or colocated computation. CAPES estimates 𝜏 𝑗 (𝑋 ) us-
ing causal forests, a non-parametric method for estimating
heterogeneous treatment effects. Causal forests extend ran-
dom forests to causal analysis, using tree splitting criteria
that maximize heterogeneity in treatment across sub-groups.

𝜏 𝑗 (𝑋 ) ≜ E
[
𝑌𝑖 (1) − 𝑌𝑖 (0) | 𝑋𝑖 = 𝑋

]
(1)

𝜏 𝑗 (𝑋 ) = 1
|L(𝑋 ) |

∑︁
𝑖∈L(𝑋 )

𝜏𝑖 (2)

CAPES trains a causal forest using only the data for PMs
within a band 𝜖 around the observed cut-off. The bandwidth
𝜖 can be set using data-driven optimal selectors [1, 9] or
chosen as a fixed percentage. It pools data for all PMs near
the cutoff across multiple scheduling windows. The pooling
allows CAPES to accumulate enough data for causal forest
training. The forest then learns how effects 𝜏 𝑗 vary with
server features 𝑋 . Estimated value 𝜏 𝑗 (𝑋𝑖 ) is a server-specific
power effect based on a sub-group of similar servers in the
causal forest L(𝑋 ). These power estimates can be integrated
into the existing cloud schedulers. We next describe how
CAPES implements this pipeline.

2.5 CAPES Framework and Implementation
Illustrated in Figure 3, CAPES is an offline inference layer
that augments a production scheduler. It targets schedulers
that (i) compute scores for candidate servers per workload
type, (ii) select the best candidate servers based on scores, (iii)
induce score cutoffs when scheduling bursts of workloads.
Given historical placement logs and server power telemetry,
CAPES executes in four stages.
(1) Log ingestion. For each VM type, CAPES extracts the
set of candidate PMs considered for each placement decision,
their calculated scores, and the placement outcomes. The
logs indicate which PMs received VMs and how many.
(2) Scheduling window. CAPES identifies a scheduling
window with bursts of VM requests. For each VM type and
window, it determines a cutoff score based on the best score
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Figure 3: CAPES framework design overview. PM refers
to servers.

among PMs that received at least one new VM. CAPES col-
lects PM features before the scheduling window and it col-
lects PM power telemetry after the scheduling window for
servers within the 𝜖 band around the cutoff.
(3) Causal forest. CAPES fits a causal forest on pooled
PM data around the scheduling cutoff to estimate hetero-
geneous treatment effects 𝜏 𝑗 (𝑋 ). The framework supports
multi-valued treatments. Specifically, when multiple VMs
of the same type are placed on a single PM within a single
scheduling window, the treatment variable 𝑇𝑖 takes a value
greater than one.
(4) Effect estimation. CAPES estimates the power effect
𝜏 𝑗 (𝑋𝑖 ) and confidence intervals. These estimates can be shared
with datacenter operators for capacity planning or integrated
directly into the scheduler’s scoring rules.

All inference runs offline or asynchronously. CAPES con-
sumes historical logs and power telemetry after system exe-
cution to produce a causal forest. Today’s schedulers already
cache scores 𝑟𝑖 for each server and workload type. The causal
effect estimate 𝜏 𝑗 (𝑋𝑖 ) can be similarly cached and incorpo-
rated into the scoring function. At runtime, the scheduler
performs its routine lightweight score lookup with no addi-
tional overhead. The design and implementation requires no
scheduler modifications, no active experimentation, and no
additional instrumentation beyond existing scheduling logs
and power telemetry.

3 Experimental Methodology
We evaluate CAPES against template-based ML baselines
on estimating the PM-level power increase from new VM
launches.
Trace replay.We replay the Azure VM trace [7] on a syn-
thetic cluster of 121,510 PMs (112-core, 252GB PMs) using
Protean-style scoring (BestFit + PreferNonEmptyMachines) [7].
For VM type #42 (most popular), we extract the top busiest

10-minute windows per day over 5 days, logging PM features,
VM placements, scores, and cutoffs.
Ground-truth power measurement. We run controlled
experiments on CloudLab (dual AMD EPYC 7543, 256GB,
Ubuntu 20.04). Each VM executes stress-ng at its trace-
derived 95th-percentile CPU utilization [7]. We measure
IPMI power with and without new VMs; the difference is
ground-truth 𝜏𝑖 . This controlled experiment provides ground-
truth labels for evaluation only and is invisible to both ML
baselines and CAPES during training.
Models. CAPES trains Causal Forest on PMs within ±5% of
cutoffs using aggregated PM features (CPU/memory utiliza-
tion percentiles, VM subscription/type entropy, pre-burst
state). ML baseline trains on full replay history and the
observed PM power. The ML baseline implements Azure’s
PBPO [13]: (1) a two-stage RandomForest classifies each VM
into four CPU utilization buckets based on VM configuration
and subscription history; (2) a linear regression predicts PM
CPU delta from bucket predictions of new VMs; (3) a cubic
polynomial maps predicted CPU delta to power delta.

4 Evaluation

Figure 4: Predicted (blue triangles) vs. ground-truth
(yellow/red circles)marginal power increase perVM for
ML baseline (top) and CAPES (bottom). Purple dashed
lines: 95% confidence intervals. Circles: ground-truth
power increases from controlled experiments, yellow
if within the confidence interval, red otherwise. Green
vertical dashed line: score cutoff.

Figure 4 plots, for each treated PM, the ground-truth mar-
ginal power increase per VM and the corresponding pre-
dictions from ML baseline (top) and CAPES (bottom). The
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x-axis is the scheduler score, and the vertical dashed line
marks the empirical cutoff. For each method, we also plot
its predicted uncertainty interval (purple dashed) and mark
interval misses as red points.
PMs with lower scores than the cutoff will receive new

VMs, so for each server 𝑖 the statistical models observe
𝑌𝑖 (𝑇𝑖 ), 𝑇𝑖 > 0 on the left side of cutoff line. The remain-
ing PMs are not selected and models observe 𝑌𝑖 (0) on them.
This is same as the illustration in Figure 2 but Figure 4 plots
the 𝜏𝑖 instead of 𝑌𝑖 on y-axis.
Results. Overall, the ML baseline attains Mean Absolute Er-
ror (MAE) =6.42 W/VM with average bias=−3.40 W/VM and
interval coverage=73.9%. CAPES attains MAE=6.31 W/VM
with bias=0.72 W/VM and coverage=91.8%.

Breaking down by treatment groups reveals a stark dif-
ference. The ML baseline performs well on treated PMs
(n=159), achieving MAE=4.95 W/VM and bias=−0.23 W/VM.
However, it performs poorly on control PMs (n=285), with
MAE=7.47W/VM and bias=−5.28W/VM. In contrast, CAPES
maintains consistent performance across both groups. On
control PMs, bias is only −0.08 W/VM. Visually, the ML base-
line exhibits more interval misses (red circles).
Implication. The ML baseline exhibits systematic under-
estimation of VM-induced power increase, with error con-
centrated on control PMs where bias reaches −5.28 W/VM—
nearly half the average marginal effect of 11 W/VM. In con-
trast, CAPES maintains low bias and higher interval cover-
age, suggesting better-calibrated uncertainty and improved
generalization beyond the rule-selected region.
The template-based ML baseline is trained on historical

placements shaped by scheduler rules, so treated observa-
tions concentrate in the selected region (𝑟𝑖 ≤ 𝑐 𝑗 ). When
predicting for PMs outside this region, the baseline extrapo-
lates from a biased slice and systematically underestimates
power increase—consistent with the large negative bias on
control PMs in Figure 4. In contrast, CAPES ties estimation
to the score cutoff and uses near-cutoff samples as derived in
Section 2.3. This local comparison reduces rule-tied selection
effects and yields lower-bias estimates and better interval
coverage.

5 Discussion and Related Work
Performance-counter based VM power estimation. Jou-
lemeter and follow-up work estimate VM power from OS-
level resource signals and (when available) hardware coun-
ters [11, 12]. Unlike statistical approaches, counter-based
methods do not scale well in public clouds due to the over-
head of collecting fine-grainedmicroarchitectural data across
thousands of heterogeneous servers. Moreover, they cannot

predict power for VMs that have not yet arrived, as they re-
quire runtime measurement. CAPES instead targets the mar-
ginal power increase from new VM launches and identifies it
from near-cutoff comparisons under score-based scheduling.
Power capping and oversubscription. Datacenter power
delivery is traditionally provisioned based on conservative
“nameplate” peak power, leaving significant capacity strand-
ed [13]. Production systems employ oversubscription to re-
claim this capacity by exploiting statistical variance in multi-
tenant workloads [13, 18]. Most solutions rely on reactive
power capping (e.g., Intel RAPL) to prevent circuit breaker
trips [13, 18], but hardware-level throttling creates “noisy
neighbor” effects by impacting all VMs on a socket [11, 13].
Operators thus set conservative budgets where capping is a
rare emergency rather than a proactive signal [13].
RDD and causal forests. CAPES builds on two economet-
ric advancements. Cattaneo et al. formalize normalizing and
pooling RDD estimates across multiple cutoffs [4], allow-
ing CAPES to aggregate many burst windows. CAPES em-
ploys Causal Forests [24] for heterogeneous treatment effects,
whose “honesty” property ensures pointwise consistency and
rigorous confidence intervals for server-specific predictions.
Non-bursty arrivals. CAPES targets bursty arrival patterns
where multiple placements per window create a well-defined
score cutoff for RDD. For VMs with sparse, uniform arrivals,
RDD degenerates to matched-pair comparisons with reduced
statistical power.

6 Conclusion and Future Work
Score-based schedulers complicate power modeling by in-
troducing selection bias into historical data. CAPES demon-
strates that this scoring mechanism can be repurposed for
causal inference: scheduling bursts induce implicit cutoffs,
enabling an RDD-style quasi-experiment to identify the mar-
ginal power impact of VM launches. In our trace-driven
evaluation, CAPES yields lower bias and better calibration
than template-based ML baselines, particularly on server
states rarely selected by current policies.

For future work, we plan to conduct more comprehensive
power evaluations using diverse and realistic workloads be-
yond stress-ng, to test model generalization. In addition,
we aim to compare CAPES against a broader range of ML
baselines to rigorously benchmark its robustness against
distribution shifts in production environments.
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