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Abstract
Modern commercial datacenters operate with heterogeneous
hardware, deploying new servers to meet the growing com-
pute demands while retaining older servers due to budgetary
and environmental constraints. Datacenter planners can use
daily performance and power profiling data to continually
refine power budgets for legacy hardware. By contrast, power
planning for new hardware must begin as early as the pre-
silicon stage of server development when such data is not
yet available. This paper presents our practical experience in
power planning for Meta’s datacenters over the past decade,
emphasizing heterogeneous hardware, and shares strategies
for future power planning and management.

To plan power more efficiently, we begin with a comprehen-
sive power characterization study for hyperscale workloads
in Meta’s datacenters, using live production traffic data span-
ning millions of servers across multiple hardware generations.
Building on characterization insights, we present a hardware
lifecycle-aware rack power budgeting methodology account-
ing for both the hardware and workload heterogeneity. This
methodology has been deployed at scale in Meta’s datacenters
for over a decade, enabling an average power oversubscription
of approximately 20% across the fleet.

Though effective, the current power planning approach
requires production-level power telemetry, which is typically
unavailable during the early stages of hardware development.
To address this challenge, we develop PowerSight, a machine
learning-based model to predict system power without relying
on power sensor data. We demonstrate practical use cases of
PowerSight for improving power planning in future system
deployments. To the best of our knowledge, this is the first
comprehensive study to formally introduce the concept of
hardware lifecycles in commercial datacenters, along with
tailored power budgeting strategies for each phase.

1 Introduction

As the demand for digital services continues to rise, the
power consumption of the datacenters to support them is

growing rapidly [10, 44, 50, 51, 65]. To meet the growing
demands, Meta – like other major datacenter operators such
as Google [30, 56], Microsoft [25, 51], and Alibaba [73, 74]
– continues to grow its server fleet by adding new hardware,
while maintaining older systems to balance both budgetary
and environmental constraints [24, 52, 68].

This mix of old and new hardware creates heterogeneity,
making it necessary to account for hardware lifecycles when
conducting power planning. A hardware lifecycle (§ 2) is the
complete sequence of stages that a rack program goes through,
from initial planning and acquisition, through deployment and
operation in mass production, to eventual decommissioning
and disposal. For older servers in mass production, a wealth
of historical power and performance data is available across
the fleet, enabling power planning methodologies based on
past observations [23, 27, 34, 52, 64, 65, 77]. In contrast, when
a new hardware generation is introduced, large-scale power
sensor data typically becomes available only after mass pro-
duction begins. However, the initial phase of rack installation
demands power planning decisions before comprehensive
data is available.

To address the challenges, we develop the hardware
lifecycle-aware power budgeting methodology by answering
the following questions:

• What are the power characteristics of heterogeneous dat-
acenter hardware and workloads? What are the power
trends across generations of hardware?

• How can power planning be adapted across hardware
lifecycle stages at scale using these power insights?

• What are alternative power planning methods for early
lifecycle phases when power sensors are unavailable?

Effective power planning for hyperscale datacenters – such
as Meta’s, which deploy microservices across globally dis-
tributed infrastructure – requires in-depth workload charac-
terization throughout the hardware lifecycle for power plan-
ning. To this end, we present a comprehensive analysis of
system power based on live production traffic collected across



(a) Hyperscale vs. SPEC CPU.

(b) Power breakdown. (c) Server trend across time.

Figure 1: (a) Core power approaches its design power, while
memory power stays well below, especially for SPEC CPU.
(b) System power breakdown of a hyperscale web service;
core power is less than half of the total. (c) Server core counts
have increased over CPU generations, whereas memory band-
width per core has not kept pace.

multiple system types (Compute, Storage, AI) within Meta’s
datacenters at the beginning of our study.

Hyperscale workloads exhibit behaviors that differ signifi-
cantly from those of standard benchmarks [22,33,61,62]. Fig-
ure 1a shows component-wise power contributions for an idle
system, a SPEC CPU2017 workload (geometric mean of int
rate), and a representative hyperscale web service. Both work-
loads achieve peak CPU utilization, while hyperscale work-
loads place substantially greater power demands on the mem-
ory subsystem and other non-core components than SPEC
CPU2017 workloads. Furthermore, focusing solely on proces-
sor core power is insufficient, as it accounts for less than 50%
of the system power (Figure 1b). Additionally, as illustrated
by Figure 1c, server compute and memory capabilities differ
across generations in Meta’s datacenters.

Building on insights from our characterization study, we
have enabled the infrastructure to collect component-level per-
formance counters and power sensor data across all machines
in our fleet. This fleet-wide telemetry supports power plan-
ning that accounts for the heterogeneity of both workloads
and hardware throughout the hardware lifecycle, capturing a
critical reality: not all services or machines reach peak power
simultaneously. Leveraging this heterogeneity, we have de-
veloped a power oversubscription methodology that has been
deployed across Meta’s datacenters for over a decade. By
aligning power budgeting with each stage of the hardware
deployment lifecycle, this approach has enabled Meta to pro-
vision approximately 20% more racks in its global datacenter
fleet without increasing the overall power footprint. Notably,
this work is the first to introduce the concept of hardware life-

cycles in heterogeneous datacenter environments, along with
phase-specific power budgeting strategies – an area not ex-
plored in prior datacenter power studies [27,34,52,59,64,77].

Finally, in the early stages of the hardware lifecycle, power
planning must proceed without the production-level teleme-
try available in later phases. To address this challenge, we
introduce PowerSight, a machine learning (ML)-based model
that predicts system power consumption using performance
counters1, which are available throughout all phases of the
hardware lifecycle. PowerSight is a holistic power model capa-
ble of predicting the power consumption of compute, storage,
and AI servers, as co-locating different types of servers within
the same datacenter is essential to minimize cross-region com-
munication overhead, which is particularly important for ser-
vices such as AI training [15]. We also present case studies on
how PowerSight facilitates power planning during the initial
phases of the hardware lifecycle in datacenters.

In summary, our key contributions include:

• We conduct a comprehensive power characterization
study using live production data at Meta, covering thou-
sands of services deployed on multiple generations of
compute, storage, and AI servers.

• We present the power oversubscription methodology
that has been deployed in Meta’s datacenters for over a
decade, which allows us to safely oversubscribe power
by ∼20% on average in compute, storage, and AI racks.

• We introduce PowerSight, an ML-based model for early-
stage datacenter power planning. PowerSight can be eas-
ily deployed at scale using existing datacenter infrastruc-
ture. We also plan to publicly release artifacts to benefit
the broader community in the future.

2 Background

Our study begins by introducing the foundational concepts
of power distribution in Meta’s datacenters.
Definition of hardware lifecycles: Commercial datacenters
typically use a mix of old and new machines to handle a
massive number of workloads [25, 30, 51, 52, 56, 68, 73, 74].
As service load increases over time, datacenters add new ma-
chines to increase capacity, but often keep older machines in
operation due to cost and environmental concerns [4, 24, 72].
Introducing a new hardware generation into production is a
multi-phase process, which we refer to as the hardware life-
cycles (Table 1). The process begins with the pre-engineering
validation test (pre-EVT) phase, which focuses on platform

1Though prior works have explored using ML-based power models for
power prediction [12, 17, 19, 37, 47, 82], we are the first to demonstrate the
real use cases of ML models for power planning in datacenters. The primary
goal of this paper is to present a power planning system across hardware
lifecycles that could be deployed at scale.



Table 1: Hardware lifecycle of a server. It takes 18+ months
before hardware moves into the mass production (MP) stage.
Power sensors are usually equipped in the DVT/PVT stage.

Stage Timeline Goal Usage

Pre-EVT 2-3 years before MP Silicon & platform design Forecast RPB
EVT 9-12 months before MP Tooling bring-up Forecast RPB
DVT 6 months before MP App test & power plan Forecast RPB
PVT 3 months before MP Production evaluation Initial RPB
MP Mass production Initial RPB

MP+1 year Scale deployment Refined RPB
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Figure 2: Telemetry sensors in Meta’s datacenters. Sensors are
deployed at different levels to measure power across different
components and subsystems.

design and pre-silicon performance evaluation. In the engi-
neering validation test (EVT) phase, where hardware is avail-
able, efforts shift to system bring-up and performance bench-
marking. The subsequent design validation test (DVT) and
production validation test (PVT) phases involve application
testing, power planning, and production validation. During
this period, servers are seamlessly equipped with baseboard
management controllers (BMCs) to enable reliable power
data collection through physical power sensors deployed at
various system levels, as shown in Figure 2. After approxi-
mately nine months of extensive testing, the platform enters
the mass production (MP) phase. Even during mass deploy-
ment, machine configurations – such as CPU frequency – are
continuously tuned to maximize performance-per-Watt and
overall energy efficiency (MP + 1 year).
Datacenter power distribution hierarchy: Figure 3 shows
the hierarchical power distribution architecture in Meta’s dat-
acenters, which enables efficient power delivery and central-
ized management across the fleet. At the top, the main switch
delivers up to ∼2.5 MW to IT equipment. Downstream, inter-
mediate switchboards draw ∼1.25 MW each and feed multi-
ple leaf-level panels, each sustaining up to ∼190 kW. These
panels power tens of heterogeneous racks hosting diverse
machine types hosting different services [27, 52].
Definition of design power: In datacenters, power control is
typically managed at higher aggregation points, such as main
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Switchboard-1
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~190 Kilowatts
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Figure 3: Power distribution hierarchy of the fleet.

switches, switchboards, or panels, rather than at individual
racks [27, 52, 77]. This simplifies power management by
reducing the number of monitored units. However, each rack
still has a fixed power limit set by its electrical design, and
the total power drawn by all components, including servers
and the top-of-rack (TOR) switch, must stay within this limit.
To enforce this constraint, datacenter operators define the
concept of design power, denoted as D, which captures the
peak power usage of all servers under the most demanding
workload, plus overheads such as TOR switch power.
Definition of rack density: In datacenter power planning,
an important metric alongside design power is rack density,
defined as the maximum number of servers, denoted as n,
that can be deployed without exceeding the design power of
each rack. A typical method to calculate rack density involves
three steps: (a) determine the peak server power, Ps, under
the most power-intensive workload; (b) account for the power
consumed by other rack components, such as TOR switch,
PTOR; and (c) calculate n accordingly: n = (D−PTOR)/Ps.
Definition of rack power budget: In practice, the design
power of a rack is often unattainable, as not all services can
fully stress every server component simultaneously [27, 34,
64, 77]. To this end, we define the rack power budget (RPB)
as the expected power draw of a given rack type during peak
traffic, accounting for worst-case fleet-level failure scenarios.
We routinely update RPB throughout the hardware lifecycle
(see Table 1) to optimize overall datacenter power utilization.
Additionally, accurate RPB planning is essential for new hard-
ware during the early stages of its lifecycle, as these initial
estimates play a key role in determining whether additional
datacenters are needed to support increased fleet capacity.
However, this process is challenging due to the lack of fleet-
wide power sensor data before massive production.

3 Understanding Power at Hyperscale

Leveraging fleet-wide performance counters and per-
component power sensors available on recent platforms, we
characterize the power consumption of hyperscale workloads
in Meta’s production datacenters. We cover experimental
setup (§ 3.1), benchmarks vs. production services (§ 3.2),
power variance across services (§ 3.3), cross-generational
trends (§ 3.4), and performance-power correlations (§ 3.5).



Table 2: Machine configurations of all types of services (*

denotes a variant configuration).

Service CPU Gen GPU Gen Data
Drive

# of con-
figs

Compute CPU-A, CPU-B, CPU-C,
CPU-D, CPU-E N/A N/A 13

Storage CPU-B*, CPU-C*, CPU-F N/A SSDs 10

AI (Inference) CPU-C*, CPU-G GPU-A,
GPU-B SSDs 9

AI (Training) CPU-C*, CPU-F, CPU-H GPU-A*,
GPU-B* SSDs 10

3.1 Experimental Setup

Our study focuses on hyperscale workloads running on
millions of machines, encompassing thousands of services,
from traditional web and network services [33, 34, 62, 63, 81]
to AI-related workloads [50, 51, 65]. We specifically analyze
the power consumption of in-production servers handling
live production traffic spanning eight CPU generations (Intel
Xeon and AMD EPYC architectures) and two GPU genera-
tions (GPU-A and GPU-B, corresponding to NVIDIA Am-
pere and Hopper architectures, respectively) running (general)
compute, storage, and AI services2. We list machine config-
urations in Table 2 (further details are publicly available in
the Open Compute Project [2]). Compute services run on
nodes that have CPUs and boot drives (see Table 3). Storage
services use servers equipped with flash devices. AI services,
both inference and training, operate on hosts provisioned with
GPUs. In total, we used 42 machine configurations with dif-
ferent combinations of core counts and socket counts, as well
as cache and DRAM capacities to conduct our study3.

We measured each service in the production environment
under its default deployment configuration and collected
system-level performance counters by running a lightweight
daemon process dynolog on each production server [1]. This
infrastructure setup allows us to query historical performance
metrics data from a massive database that contains infor-
mation from millions of machines. We read system module
power from Sensor 0 (measuring module input power), server
power from Sensor 1 (measuring server power including CPU
sockets, DIMMs, and disks), and CPU socket power from
Sensor 4 (measuring processor die power) using an internal
datacenter-wide power management system that monitors the
entire fleet power hierarchy [77], as labeled in Figure 2, which
shows the physical placement of each sensor in the power de-
livery path.

2Each type of service is deployed on a specific cluster of machines, with
each cluster having its own unique machine configuration.

3We did not count a machine configuration with different data drive
capacity as a new configuration, but if considered, there would be over 100
distinct machine configurations in total.

Table 3: CPU configs across compute server generations.

CPU Gen CPU-A CPU-B CPU-C CPU-D CPU-E

Year Deployed 2016 2018 2021 2022 2023
# of Cores 16 18 26 36 88
DRAM Tech DDR4 DDR4 DDR4 DDR4 DDR5
DRAM Capacity 32 32 64 64 256
DRAM Channels 2 4 4 4 8
DRAM Speed 2133 2400 2666 2933 4800

3.2 Benchmarks vs Production Services

In the early stages of power planning, benchmarks are com-
monly used as proxies for in-production services to estimate
system design power. However, standard benchmark suites
often underestimate design power, as they fail to match the
power intensity of hyperscale workloads. This section exam-
ines the differences in power characteristics between hyper-
scale services and conventional benchmarks.

From the thousands of services in the fleet, we select repre-
sentative ones4 to conduct in-depth case studies.
Compute Services: Web1 and Web2 are web servers imple-
mented using HipHop Virtual Machine (HHVM) deployed
across the fleet [5, 46, 61, 62, 81]. Feed is a key microser-
vice for the News feed service [61, 62, 84]. Ads maintains
user-specific data, ranks advertisements, and determines their
retrieval order [61, 62]. Video is a service for video transcod-
ing.
Storage Services: UDB is a user database service built on
MySQL and deployed under a distributed data store architec-
ture. ZippyDB is a distributed key-value store that builds on
RocksDB to ensure data consistency and reliability [14].
Benchmarks: We use SPEC CPU2017 [13, 18] to compare
its performance and power characteristics with hyperscale
workloads. If not specified, we run int rate using n copies,
where n represents the number of cores in the system.

While SPEC CPU2017 benchmarks are designed to rep-
resent a broad range of computing tasks, hyperscale work-
loads are tailored to specific applications and exhibit unique
power consumption patterns. Figure 4 shows that SPEC work-
loads exhibit lower power consumption, whereas hyperscale
workloads operate closer to the design power. On average,
hyperscale workloads utilize 85.6% of design power, whereas
SPEC workloads reach only 75.5%, approximately 11.8%
lower in relative terms. In contrast, hyperscale workloads ex-
hibit higher power consumption for (a) SoC non-core power,
namely network-on-chip, system IO, and memory controller
power; (b) memory power; and (c) other power such as net-
work interface, rack top-of-switch power, and fan power. This
is because hyperscale workloads typically have a larger in-

4The microservices deployed at Meta’s datacenters follow a long-tail
distribution, where a small subset of workloads accounts for the majority of
hosts within a given rack type [67]. For instance, in the latest compute rack,
the top ten workloads collectively occupy 55% of all hosts.



Figure 4: Power breakdown of SPEC CPU2017 benchmarks
and Hyperscale workloads. Hyperscale workloads consume
similar core power but higher system power than SPEC bench-
marks. On average, hyperscale workloads reach 85.60% of
design power, whereas SPEC benchmarks reach only 75.51%.

struction footprint, which places greater demands on the mem-
ory subsystem [33, 43, 62].
Takeaway 1: (1) Conventional benchmarks, like SPEC
CPU2017, can effectively measure core power consumption
but often fail to capture the power profile of the whole system.
(2) By leveraging live production data for power planning, we
avoid underestimating design power by 11.8% compared to
relying solely on standard benchmarks.

3.3 Power Variance Across Services
Instead of general-purpose benchmarks, we characterize

the power consumption of production services. In Figure 5a,
we show a snapshot of system power usage for thousands of
live traffic services running on millions of machines in the
fleet, including compute, storage, and AI services. Typically,
services operate within 40-70% of their design power capacity.
However, our analysis reveals that actual power consumption
can fluctuate substantially, ranging from as low as 20% to
as high as 90% of design power for different machine vari-
ants. The power variance shown in Figure 5a reflects both
inter-service and intra-service differences. Different services
can place varying demands on system components (e.g., a
memory-intensive caching service vs. a compute-bound video
transcoding service), and even instances of the same service
can exhibit power variation due to regional load imbalances
and hardware configuration differences. The significant varia-
tion in power consumption resulting from fluctuating system
loads in commercial datacenters [27, 51, 52, 64, 65] highlights
the importance of using data from the entire fleet to accurately
characterize system power.
Takeaway 2: The system power varies significantly during
runtime (varies between 20%-90% of the design power),
which poses great challenges for datacenter RPB planning.
Challenges in RPB planning: Workload power consumption
varies substantially, with different workloads using different
proportions of their design power capacity (Figure 5a). Con-

sequently, servers within a compute rack show considerable
variation in power usage (Figure 5b). Notably, only about
85% of compute rack servers – similar to those in storage and
AI racks – operate above 50% of their design power as shown
in Figure 5b. This variability highlights a key limitation of re-
lying solely on design power for datacenter power budgeting,
as it can lead to underutilized power capacity and inefficient
resource allocation. To address this, we continuously refine
the RPB throughout the entire hardware lifecycle (§ 4).

3.4 Power Trend Across Machine Generations
The characterization results in the previous section show

that each machine generation in the fleet has its unique power
characteristics, but there is also a noticeable trend across gen-
erations that can provide valuable insights for hardware ar-
chitects planning future datacenter capacity. For instance, as
shown in Figure 5a, newer machine generations like CPU-E
exhibit increased variability in system power consumption.
This wider spread is driven by the broader diversity of work-
load profiles supported by newer platforms – with significantly
more cores (e.g., 88 cores in CPU-E vs. 18 in CPU-B) and
memory channels. As a result, some services run compute-
bound while others are memory- or I/O-dominant, leading to
a wider range of component utilization levels and thus a wider
power distribution even when normalized to design power.

In addition to overall system power consumption, we also
observe trends across machine generations for individual com-
ponents within the system. Figure 6a shows the trend of CPU
power consumption per unit of throughput (measured as com-
mitted instructions per time frame) across various machine
generations. Our analysis reveals that as the number of cores
increases across machine generations, the per-throughput
socket power decreases. This trend is particularly prominent
when comparing later machine generations, such as CPU-E,
where we see nearly a 2× reduction in per-throughput CPU
socket power compared to CPU-B (CPU-E has roughly 5×
more cores than CPU-B and about 2.5× more cores than
CPU-D). In contrast, components of the memory subsystem
in servers did not improve at the same rate as cores (only
1.2× when comparing DDR5 versus DDR4, as shown in Fig-
ure 6b). As a result, there is a shift in power distribution across
different system components over time.

Figures 7a (focus on compute servers) and Figures 7b
(focus on AI training servers) illustrate the trend in system
power breakdown for each component across machine gener-
ations. The proportion of memory components over system
power has increased significantly over time5. Notably, the
next-generation pre-production system, CPU-X and GPU-X
(GPU-0 represents the previous decommissioned generation),
exhibits an even more pronounced trend, indicating that mem-

5The only exception is the transition from GPU-A to GPU-B, where
advancements in HBM technology enhanced power efficiency (the power ef-
ficiency of HBM3 has improved by more than 50% compared to HBM2 [36]).



(a) Fleet-wide service system power distribution for all machine generations. (b) Server distribution within a rack.

Figure 5: (a) Service power distribution across the fleet shows significant variability across all service types. (b) Server distribution
within a compute rack with different levels of design power utilization. 15%+ of servers have relatively low power utilization
(less than 50% of design power).

(a) CPU power. (b) Memory power.

Figure 6: CPU core power and memory power trend across
machine generations at different performance levels. Core
power drops by ∼2× in newer systems at the same IPC level
(CPU-E vs. CPU-B), while memory power shows a more mod-
est reduction of ∼1.2× when delivering equivalent bandwidth
(DDR5 vs. DDR4).

ory components will continue to play an increasingly impor-
tant role in overall system power usage.

This trend has two competing effects on future power plan-
ning. On one hand, memory power exhibits a relatively stable
relationship with bandwidth utilization (Figure 6b), which
may simplify power prediction as a larger share of system
power becomes more predictable. On the other hand, the
growing memory power fraction suggests that memory-aware
power management techniques will become increasingly im-
portant. The effectiveness of such techniques depends on
workload characteristics, as different services place varying
demands on the memory subsystem, and memory behavior of
each workload may change over time [33, 43, 62]. This mo-
tivates program-phase-aware power management solutions
that could, for example, dynamically reallocate power from
the memory subsystem to CPUs or other components during
memory-light phases, improving performance under the same
power budget.
Takeaway 3: (1) The power efficiency of system compo-
nents evolves at different rates. Over time, memory power has
grown to form an increasing percentage of total system power

(a) Components (Compute). (b) Components (AI Training).

Figure 7: System power breakdown across machine genera-
tions – (a) compute (Memory line) and (b) AI training servers
(HBM line) – shows memory components contributing in-
creasingly over time.

(>20% in the latest generation), which presents both an oppor-
tunity (more predictable power fraction) and a challenge (need
for memory-aware power management techniques) for data-
center power management. (2) Rather than focusing solely on
CPU power, we include all system components in power plan-
ning across hardware lifecycles. In recent platform genera-
tions, we have added dedicated power sensors for the memory
subsystem to account for the evolving hardware trend (see
Figure 2).

3.5 Perf. Metrics – System Power Correlation

In addition to studying system power breakdown trends
across machine generations, we analyze correlations between
performance metrics and system power to gain deeper in-
sights into the challenges of power modeling. We find that the
system power is affected by multiple performance metrics,
and this relationship differs across machine generations. For
instance, in some generations like CPU-A, peak system power
is reached at approximately 70% CPU utilization, whereas in
others, such as CPU-E, peak power occurs at a much lower
utilization level, around 40% (as shown in Figure 8a). One
explanation for this is that newer CPUs optimize SoC power
usage by maximizing frequency, which enables them to reach



(a) Correlations between CPU utilization and system power.

(b) Correlations between storage IO utilization and system power. (c) GPU utilization and system power.

Figure 8: Fleet-wide correlations between CPU utilization, Storage IO bandwidth, GPU utilization, and system power. No single
metric can decide the system power, and the correlation (listed in figure titles) changes across machine generations.

maximum power at lower utilization levels. The relationships
between storage IO bandwidth, GPU SM utilization, and sys-
tem power in storage and AI services also exhibit complex
patterns, emphasizing the need for a multi-metric approach to
accurately characterize system power.
Takeaway 4: (1) Modeling the power of an entire system
requires multiple inputs beyond just the metrics of the main
components (e.g., CPUs/GPUs), and thus firmware-level
readings, such as NVIDIA Nsight Systems reporting only
GPU power, are insufficient. To address this, we deploy a
lightweight daemon process dynolog [1] on each server to
collect performance counters of all components in the sys-
tem. (2) It is unreliable to directly extrapolate power models
from current systems to future platforms. A holistic power
model capable of predicting the power consumption of future
compute, storage, and AI servers is necessary to support the
hardware heterogeneity in datacenters [15, 52].

4 Hardware Lifecycle-aware Power Planning

Having characterized power at the individual machine level
(§ 3), we turn to higher-level planning. Although each ser-
vice and machine exhibits a distinct power profile, effective
datacenter power planning requires decisions at coarser granu-
larities, such as the rack. To address this, we have developed a
methodology for oversubscribing rack power across the hard-
ware lifecycle, accounting for both workload and hardware
heterogeneity (§ 4.1). In early deployment stages, however,
power sensors may not yet be available, necessitating a cross-
architecture model for power prediction (§ 4.2).

4.1 Oversubscribe RPB across Hardware Life-
cycles

The wide variation in power consumption across machines
and services (Figure 5a) demonstrates the drawbacks of re-
lying solely on design power for capacity planning, as this
results in stranded power capacity throughout the fleet. In
practice, all machines within a rack rarely operate at their
peak power simultaneously (Figure 5b). Consequently, data-
center planners can safely set the RPB below design power,
which improves overall power utilization across the fleet. Set-
ting the right RPB requires balancing multiple competing
constraints. If the RPB is set too low, more racks are placed
under each power device, and aggregate power draw may
exceed upstream device limits (RPP, SB, MSB), which trig-
gers power capping [23, 77] and degrades both performance
and efficiency. Conversely, an RPB set too high leaves pro-
visioned power capacity unused, requiring more datacenters
to be built for the same total compute capacity, which raises
costs and environmental impact. In this section, we present
our RPB planning methodology, deployed at scale for over
a decade, that spans the full hardware lifecycle from early
design through production optimization.
Forecast RPB (Pre-EVT/EVT/DVT): In the early stages of
hardware lifecycles, datacenter planners must estimate the
RPB to anticipate future power demands as machines begin
to arrive. Accurate forecasting is critical: (a) underestimating
forecasted RPB means deployed racks may exceed the power
provisioned for their location, forcing a late RPB increase that
reduces rack density per power device and necessitating rack
relocations to stay within device limits; (b) overestimating



Figure 9: Power variance of three top services over a week.
Each workload reaches its peak power at different time.

RPB under-projects compute density, potentially triggering
unnecessary datacenter construction. Without measured data,
this projection relies on the maximum power ratings defined
in the electrical specifications of each rack, adjusted using
derating factors based on historical experience.
Initial RPB (PVT/MP): Once systems are delivered, we work
with service owners, who have detailed knowledge of their
workloads, to determine the RPB. Service owners first con-
duct load tests to identify the highest sustainable load before
performance degradation occurs. They then measure the uti-
lization of the most critical resource (e.g., CPU, GPU, or disk),
referred to as the target utilization, for that specific rack type.
We use values supplied by service owners to calculate the
power budget for each service. By generating a power-versus-
utilization curve for every workload and applying the target
utilization value, we determine the corresponding power de-
mand, denoted as pw. In addition to pw, we also calculate a
weighted average distribution of each workload within the
rack, denoted as fw. Finally, we derive the RPB (Equation 1)6,
where each w denotes a distinct workload, n indicates the num-
ber of hosts and PTOR represents additional power consumed
by TOR switches.

RPB =
W−1

∑
w=0

( fw × pw)×n+PTOR (1)

Refined RPB (MP+1 year): The initial RPB would be suffi-
cient if all services deployed within a rack reach their peak
power consumption simultaneously. However, this rarely hap-
pens even during peak periods under worst-case failure scenar-
ios due to the workload heterogeneity [27]. To illustrate this,
Figure 9 presents the system power consumption of three key
workloads over one week. The data shows that peak power
periods for individual workloads typically do not overlap, en-
abling opportunities for power oversubscription and creating
a “power buffer” that can be leveraged to optimize power

6The weighted-average fw in Equation 1 reflects the planned workload
distribution for each rack type, enforced by scheduling systems such as
SmoothOperator [27] that actively prevent “hot rack” scenarios. The target
utilization used to derive pw is set conservatively based on load-test peaks,
and the refined RPB (Equation 3) further guards against worst-case temporal
alignment through the CR metric.

allocation. This buffer cannot be identified during initial RPB
planning, as only a limited number of services can be profiled
and proxy data may have to be used in the absence of fleet-
wide production traffic. To quantify the size of this power
buffer, we introduce a metric called the inter-workload max
correlation score, denoted as CR (Equation 2).

CR =
∑

W
i=0 max0≤t<T wi,t

max0≤t<T ∑
W
i=0 wi,t

(2)

The numerator sums the worst-case power consumption
of each workload (w) over a given time window (0 ≤ t < T ),
without considering when these peaks occur. The denomina-
tor captures the maximum total power drawn by all workloads
at any single point in time within that window. Because peak
power demands of different workloads usually occur at differ-
ent times, the CR is typically greater than one. A higher CR
reflects a larger “power buffer”, introducing opportunities for
power oversubscription without violating power constraints.
We refine the RPB7 formula by including the CR as follows:

RPB =
∑

W−1
w=0 ( fw × pw)

CR
×n+PTOR (3)

The refined RPB in Equation 3 incorporates the power over-
subscription principles from Equation 1 and Equation 2. It
first addresses spatial power oversubscription, which involves
the distribution of power usage across various workloads op-
erating on different servers (see Equation 1 and Figure 5b).
Additionally, it accounts for temporal power oversubscrip-
tion, considering the timing and occurrence of peak power
consumption events (see Equation 2 and Figure 9).

The refined RPB methodology allows us to expand overall
fleet capacity. As illustrated in Figure 10, we compare design
power with both forecast RPB and refined RPB across various
rack types. By using forecast RPB, the fleet can achieve a
13% power oversubscription compared to using only design
power. Furthermore, the refined RPB enables safe power over-
subscription by an additional 11% beyond the forecast power
budget, across compute, storage, and AI racks. This increased
power oversubscription unlocks additional datacenter capac-
ity, so more racks can be installed within the constraints of
the power devices (see Figure 3). As a result, this approach
allows us to make better use of the existing power capacity
within our current fleet and reduces the need to construct new
datacenters in the future.

Notably, this methodology has proven robust even as the
fleet’s workload mix evolved over time [16, 58, 69, 79]. The
anticipated growth of AI training and inference workloads
would not fundamentally alter our power planning method-
ology, but would introduce new rack types (AI training and
inference) with distinct power profiles. The core refined RPB
methodology applies uniformly across compute, storage, and

7Since it relies on fleet-wide historical service load and power data, the
decision making of the refined RPB is deferred until MP+1 year.



Figure 10: Lifecyle-aware RPB planning expands the fleet
capacity. Using the forecast RPB increases rack density by
13% compared to design power (middle shade), while the
refined RPB provides an additional 11% gain over the forecast
RPB (top shade).

AI racks. However, AI workloads introduce two main differ-
ences: (1) GPU-dominated racks may exhibit less temporal
power variance than CPU-dominated racks as training jobs
sustain high utilization for longer periods, resulting in lower
CR values; and (2) the introduction of AI racks increased
overall fleet heterogeneity, reinforcing the need for a cross-
architecture power model that can generalize across compute,
storage, and AI servers (§ 5).

Beyond power budgeting, the refined RPB approach is also
compatible with workload placement and scheduling strate-
gies, such as SmoothOperator [27] and Twine [70]. In addition
to initial workload placement, our refined RPB approach con-
siders the entire hardware lifecycle. As service loads fluctuate
over time, we periodically adjust the RPB, even after mass
production (MP + 1 year), to ensure continued alignment
with evolving workload demands. Additionally, by taking
advantage of rack heterogeneity (each power device can ac-
commodate different types of racks, as illustrated in Figure 3),
the refined RPB allows each power panel to support more
racks while reducing power fragmentation.

4.2 System Power Forecasting is Necessary

While the refined RPB has enabled provisioning of approx-
imately 20% more racks in our global fleet (based on the
weighted average of power oversubscription and rack power
footprints), it has a key limitation: it requires (a) fleet-wide
workload information to determine fw and (b) ground-truth
power readings from sensors to determine pw, which would
not be available at early stages of hardware lifecycles.

Accurate RPB estimation is essential for effective data-
center power planning, even during the early stages of the
hardware lifecycle. Unlike service-demand variance, which
determines how many servers are needed, RPB accuracy de-
termines how many racks fit within fixed power infrastructure
– even a few percentage points of overestimation can translate
to thousands of fewer racks fleet-wide, making it a critical
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Figure 11: Performance metrics and machine configurations
(input) to predict system power (output) for PowerSight. High-
lights are representative input features (less than 0.1% accu-
racy loss compared using the full set).

input to datacenter capacity planning. Currently, our power
budget model requires power sensor data, which typically
becomes available only in later phases (DVT/PVT). However,
the RPB must be determined much earlier to guide datacenter
layout and support decisions such as whether to build new dat-
acenters, a process that takes years. We introduce PowerSight,
a system that forecasts power consumption without power
sensors during the early hardware lifecycle stages (§ 5).

5 Future Power Budgeting Practice

Commercial datacenter planners need to make early trade-
offs between power and performance of future systems to
mitigate the risk of selecting a power-inefficient configuration.
In this section, we present our practice on power budgeting
for future machine generations at earlier phases of hardware
lifecycles, where power sensor readings are generally not
available (before DVT/PVT phases).

As discussed in Table 1, machine configurations are fi-
nalized at pre-EVT (2–3 years before mass production),
while engineering samples with calibrated power sensors
typically become available only at DVT (6 months before
mass production). To bridge this 12–18 month gap, we in-
troduce PowerSight (§ 5.1), an ML-based power model to
predict system power consumption of compute, storage, and
AI servers (§ 5.2). PowerSight can be easily deployed at
scale, as it requires only machine configuration and perfor-
mance counter data—both of which can be collected with
minimal performance overhead using existing datacenter in-
frastructure [30, 31, 75], and are obtainable from early EVT
samples before reliable power sensor data exists. PowerSight
can also facilitate informed decision-making during future
system power planning (§ 5.3).



5.1 PowerSight Overview
5.1.1 PowerSight Prediction Target

The primary objective of PowerSight is to accurately pre-
dict machine system power (a continuous numerical value).
We formulate this as a regression problem and train ML-based
models for prediction.

5.1.2 PowerSight Inputs and Outputs

PowerSight takes both workload and machine characteris-
tics as inputs (as our characterization results in § 3.5 show that
the system power is determined by multiple factors) to predict
system power consumption as its output. Figure 11 shows
the different machine characteristics and performance events
that PowerSight is built upon, all of which can be collected
efficiently with minimal overhead using existing datacenter
performance monitoring infrastructures [1, 30, 31, 75]. To
enable large-scale deployment in production environments,
we excluded kernel-level GPU performance counters, as pro-
filing such events incurs significant runtime profiling over-
head [26, 66, 78]. To model system power more accurately,
we include DRAM/HBM, drives, and network accesses in ad-
dition to core performance metrics used in prior studies [82].
For machine configurations, we consider a comprehensive
range of features to include not only the core architecture
characteristics but also other non-core properties. Using these
inputs, PowerSight employs an ML-based regression model
to predict system power as its output.
Input Feature Selection: To improve accuracy while keeping
training effort manageable (retraining or fine-tuning Power-
Sight can further enhance accuracy, more in § 5.2.5), we care-
fully choose the input features. Although incorporating more
performance metrics into ML models can generally improve
accuracy, prior research has shown that many performance
counters are strongly correlated [12, 40, 54], indicating that
not all features contribute equally to power prediction8. We
apply principal component analysis-based clustering meth-
ods [38, 48, 54] to select a representative subset of input fea-
tures (as highlighted in Figure 11). This approach achieves
nearly the same accuracy – within 0.1% difference – as using
the full set of input features.

5.1.3 PowerSight Machine Learning Formulation

To accurately predict system power using ML-based regres-
sion models, PowerSight requires selecting the most suitable
regression model and training on high-quality datasets.
ML Model Type: We evaluate six common ML models used
in performance and power modeling to predict system power

8There is also an opposite case where profiling and training overhead
can be ignored while accuracy is the top priority. However, this is not the
focus of this paper, as fleet-wide increasing even one counter would result in
significant storage overhead when deploying PowerSight at scale.

consumption [3, 7, 83], including Lasso Regression (Lasso),
Ridge Regression (Ridge), SVM Regression (SVR), Decision
Tree Regression (DT), Gradient Boosting Decision Tree Re-
gression (GBDT), and MLP Regression (MLP). Our evalua-
tion process consists of three stages. Initially, we evaluate
each model by using it to predict system-level power for
the same generation of hardware on which it was trained,
providing a preliminary assessment of its accuracy. This ini-
tial evaluation helps us narrow down our selection to the
top-performing models, specifically DT, GBDT, and MLP
(§ 5.2.3). Next, we expand our evaluation to assess the perfor-
mance of models across multiple generations for all compute,
storage, and AI services. This step allows us to evaluate the
robustness of PowerSight (§ 5.2.4). Finally, we conduct a rig-
orous test by evaluating the model on a machine generation it
has never seen before. Based on this ultimate evaluation, we
select MLP as the ML model for PowerSight (§ 5.2.5).
ML Model Training Dataset: We demonstrate the effective-
ness of PowerSight by leveraging a vast dataset, collected
by existing datacenter performance monitoring infrastruc-
tures [1, 30, 31, 75]. The dataset comprises real-world data
from in-production services running on millions of diverse
machines (more in § 5.2.2). This comprehensive dataset en-
ables PowerSight to achieve good accuracy.

5.2 Training and Evaluating PowerSight

5.2.1 Training Methodology

To optimize the performance of each model, we use a grid
search approach to select the most suitable model parameters
that yield good accuracy. We train the models on live produc-
tion data from actual measurements of performance counters
and power sensors. At fleet scale, such data inevitably contains
measurement noise–including temperature-related variance
across server locations, manufacturing variability across sili-
con batches, and sensor calibration differences across BMC
firmware versions. We mitigate these effects by aggregating
across thousands of machines per configuration and applying
standard data cleaning (e.g., removing outliers). As shown in
§ 5.2.2, the scale of our dataset provides inherent robustness
against per-machine noise. To evaluate the accuracy of the
models, we use data from separate days that was not used
during training. This ensures that our evaluation is robust
and unbiased, providing a true assessment of the predictive
capability of each model.

5.2.2 PowerSight Training Dataset

The accuracy of a machine learning model depends heavily
on the training dataset size. PowerSight leverages an exten-
sive dataset consisting of millions of in-production data points
collected from the entire datacenter fleet, which allows Pow-
erSight to achieve high accuracy in predicting system power.



(a) Single architecture. (b) Multiple architectures.

Figure 12: System power prediction error rate (MAPE) of (a) trained and test on the same architecture; (b) train on all types of
services and test on each architecture. DT, GBDT, and MLP achieve better accuracy than Lasso, Ridge, and SVM.

Figure 13: System power prediction MAPE (on testing
dataset) when training PowerSight using different number
of data points. The accuracy improves with more data points.

To demonstrate the effect of dataset size on model accuracy,
we train PowerSight using varying numbers of data points
from our entire fleet and present the results in Figure 13. Our
analysis reveals that expanding the training dataset leads to
significant improvements in the accuracy of PowerSight. How-
ever, when the model is trained with relatively small datasets
(tens of thousands of data points), it yields a system power
prediction error rate of over 10%. To attain optimal perfor-
mance, we recommend training the model with at least several
million data points. This ensures PowerSight uses sufficient
data to learn effectively and make accurate predictions.

5.2.3 Single-Architecture Power Prediction

We begin with the simplest evaluation scenario: predicting
system-level power for a single architecture, where the model
is trained and tested on the same generation. Figure 12a shows
the prediction error rate for all machine generations running
compute services.

Among the six ML models, DT, GBDT, and MLP consis-
tently outperform Lasso, Ridge, and SVM across all machine
generations. DT, GBDT, and MLP achieve above 95% system
power prediction accuracy for all machine generations. This
is because prior works have shown that the power model
may exhibit non-linear correlations between performance
metrics [12] and linear regression models are particularly

sensitive to the variability introduced by multiple machine
configurations [9, 11]. Although SVM achieves good accu-
racy, its training time complexity increases quadratically with
the number of samples, making it difficult to scale to large
datasets with millions of data points (we had to subsample
only 1% of the data to train SVM for this evaluation). Given
that the accuracy of PowerSight benefits from using a large
dataset with millions of in-production data points (more in
§ 5.2.2), the scalability limitations of SVM make it less suit-
able for this application. Therefore, DT, GBDT, and MLP are
more effective for power prediction compared to other linear
and support vector models, and we use these three models for
our later analysis in this section.

5.2.4 Multiple-Architecture Power Prediction

As DT, GBDT, and MLP demonstrate better accuracy for
single-architecture power prediction, we evaluate these three
ML models using the fleet-wide data for all machine genera-
tions. We show the mean absolute percentage error (MAPE)
of each model for all types of services (Figure 12b).

When applying the three models for all compute, storage,
and AI services, all three models achieve good system power
prediction accuracy (MLP achieves 96.19% accuracy, while
DT and GBDT achieve 95.59% and 95.53% accuracy, respec-
tively). This is consistent with their robustness to outliers,
as also observed when training on individual machine gen-
erations. The tens of machine configurations (Table 2) in-
troduce additional noise into the data, but neural network
methods (MLP) can improve generalization by reducing
overfitting compared to tree-based methodologies (DT and
GBDT) [12, 19, 82]. In addition, the good accuracy of MLP
can be attributed to the large dataset, comprising millions of
data points across thousands of services and tens of machine
configurations.

5.2.5 Predicting the power of a new system

To further assess the effectiveness of PowerSight, we eval-
uate and compare the performance of DT, GBDT, and MLP
by predicting the system power of an inference platform



Table 4: Comparing ML models in predicting the power of
existing architectures but new workload and new architectures
unseen in the training set. MLP achieves the best accuracy.

Prediction Scenario Model Error Rate

Existing Architectures
New Workload

DT 4.41%
GBDT 4.47%
MLP 3.81%

New Architecture
New Workload

DT 9.39%
GBDT 11.26%
MLP 7.89%

equipped with CPU-H and GPU-B. Notably, these compo-
nents were not included in our training dataset, which makes
this evaluation a robust assessment of the ability of Power-
Sight to generalize to new scenarios. Specifically, CPU-H
features significant upgrades compared to CPU-E, including
more cores and increased memory bandwidth. Meanwhile,
GPU-B also has different HBM configurations compared with
GPU-B*.

We compare the performance of different ML models in
two scenarios: predicting power consumption for existing
architectures (top part of Table 4) and predicting power con-
sumption for a new, unseen system not included in the training
data (bottom part of Table 4)9. The results indicate that MLP
achieves the highest accuracy in both cases, as it is capable of
learning complex, nonlinear relationships between features
when provided with enough data [60]. Given its robust perfor-
mance in predicting system power across different machine
generations, including those not seen during training, we ul-
timately select MLP as the ML model for PowerSight. Its
ability to generalize well across various architectures and
workloads makes it an ideal choice for our system power
prediction framework.

5.3 Use Cases of PowerSight

In this section, we present case studies demonstrating how
PowerSight supports future power budget projections in dat-
acenters. PowerSight can be used to estimate the rack den-
sity (§ 5.3.1), estimate the rack power budget (§ 5.3.2), and
identify optimal system configurations based on performance-
per-Watt (Perf/W) metrics (§ 5.3.3) during the early phases
of hardware lifecycles.

5.3.1 Rack Density

PowerSight can help estimate rack density during the pre-
production phase, specifically before the availability of power
telemetry in the DVT/PVT stage. Using PowerSight at this

9Results in Table 4 indicate a slight decrease in accuracy for newer
systems, primarily because PowerSight is trained without vendor-specific
hardware information. Once power sensor data from new platforms becomes
available, we retrain the model to prevent such error accumulation.

early stage allows datacenter planners to expedite rack de-
mand projections and purchase planning, reducing the wait
time by several months. We validate rack density prediction by
training PowerSight on all machine generations except CPU-
E and comparing its predictions against the current CPU-E
planning. We use the vendor-labeled power for PTOR (defined
in § 2) as prior knowledge. Eventually, PowerSight can pre-
dict the rack design power with an average error rate (MAPE)
of 1.7%, which results in an estimate of n with an error of
8.7%.

Although PowerSight may overestimate or underestimate
power, which results in fewer or more machines per rack
than ideal, these estimates are sufficiently accurate to guide
early-stage power planning. When power is overestimated
and fewer servers are deployed than necessary, it is relatively
straightforward to add more servers to a rack during the mass
production phase10. Conversely, if power is underestimated,
datacenter planners can utilize techniques such as DVFS or
other methods to further expand the planned capacity [52,62].

5.3.2 Rack Power Budget

In addition to rack density, PowerSight can also be used
to estimate the RPB early in the PVT phase. Before power
telemetry is available, PowerSight can predict the pw in the
RPB formula RPB = ∑

W−1
w=0 ( fw × pw)×n+PTOR (details in

§ 4.1). We use the same PTOR and n as when predicting the
rack density using PowerSight (§ 5.3.1). We use the fraction
of hosts for a given workload, fw, based on the previous hard-
ware generation as prior knowledge. With all information,
PowerSight can predict pw for each of the workloads and
eventually predict the RPB. Finally, PowerSight achieves an
RPB prediction with a 2.5% error, demonstrating its capa-
bility to be incorporated into the production flow. This level
of accuracy provides datacenter planners with reliable guid-
ance, such as determining whether new datacenters need to
be constructed.

5.3.3 System Configuration

PowerSight can also be used within the same machine
generation to identify a more efficient system configuration,
e.g., searching for the optimal core frequency to maximize
Perf/W.

Within a fixed power budget per rack, datacenter planners
can use Dynamic Voltage and Frequency Scaling (DVFS)
to optimize energy efficiency [34, 52, 62, 64]. One approach
to achieving this is to sweep through all frequencies of a
workload to identify the most efficient one. However, given
the thousands of services running in a datacenter fleet, it is
impractical to perform such a sweep study for every case.

10We adopt a conservative strategy by initially setting a higher RPB to
accommodate unexpected increases. This approach is preferred because
raising RPB later may require physically relocating many racks, which is
operationally costly.



Figure 14: PowerSight can predict most Perf/W efficient fre-
quency. While the absolute power has errors, PowerSight
effectively captures the trend across different frequencies.

To address this challenge, PowerSight can predict the Per-
f/W of each workload based on its performance metrics at its
current frequency. We verify this capability by using the Video
workload as an example. As shown in Figure 14, real mea-
surements indicate that 2.6 GHz is the most energy-efficient
frequency for this workload. PowerSight predicts the most
Perf/W efficient frequency as 2.4GHz-2.8GHz, closely align-
ing with the actual optimal value. In production environments,
this prediction can serve as a starting point for fine-tuning
frequency within a narrow range. This significantly stream-
lines the optimization process, enabling datacenter planners
to efficiently identify the optimal frequency (or other system
configurations) for each workload.

6 Related Work

Datacenter Power: Although prior studies have examined
both machine-level [20, 28, 39, 41, 42, 62, 83] and rack-
level [21, 55, 57, 59, 77, 80] power budgeting in datacenters,
they largely focus on improving workload energy efficiency
but overlook the impact of hardware and workload hetero-
geneity. Although some studies, such as SmoothOperator [27],
have touched on workload heterogeneity, we are the first to
introduce the concept of hardware lifecycles and a power
budgeting methodology that can be adapted across different
lifecycle phases.
Workload Coverage: Previous studies have primarily fo-
cused on power of specific workloads. For instance, works
such as [23, 27, 34, 35, 64] studied general benchmarks and
web services, while others [50, 65] targeted large language
models. Our study encompasses thousands of AI and non-AI
services, evaluated under live production traffic at scale across
datacenters with millions of machines.
Power Modeling: Prior works have focused on predict-
ing the power of either CPUs [17, 29, 37, 47, 49, 53, 71] or

GPUs [6, 32, 45, 76]. Though a few have discussed the entire
system power, these analyses were limited to either small-
scale systems or existing machine generations [12, 19, 82].
Although using Running Average Power Limit (RAPL) coun-
ters is another common approach to estimate power, RAPL
is not supported by all vendors and may omit components
such as system voltage regulators [8]. PowerSight takes a
more holistic approach by considering the power of the en-
tire system, including memory, storage, accelerator, and other
components. Additionally, we are the first to demonstrate the
real use cases of machine learning for power modeling by in-
corporating the context of hardware lifecycles in datacenters,
particularly when power sensors are unavailable.

Our work is distinct from prior studies: we are the first
to (a) present a comprehensive power characterization study
across machine generations, showing how these insights can
guide power planning at scale; (b) introduce the concept of
hardware lifecycle in datacenters, showing how power plan-
ning is tailored to the specific characteristics of the heteroge-
neous hardware and workload in each phase; and (c) employ
ML-based models for early-stage datacenter power budgeting
before power sensor data is available, and provide case studies
on future power budget strategies.

7 Conclusion

As commercial hyperscale datacenters continue to grow,
power planning must account for multiple hardware genera-
tions and their lifecycles. In this paper, we first present a com-
prehensive power characterization on hyperscale workloads,
based on measurements collected from thousands of services
using live production traffic across generations of servers in
Meta’s datacenters. We present our hardware lifecycle-aware
datacenter power planning strategies leveraging characteriza-
tion insights, enabling us to achieve large-scale power over-
subscription. We also introduce PowerSight, which employs
ML-based models to predict system power consumption for
early-stage datacenter power budgeting, even before power
sensor data is available. Our ultimate goal is to advance sus-
tainable hyperscale datacenters that meet growing computing
demands while minimizing environmental impact.
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