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Abstract—The rapid rise of large language models (LLMs)
has driven an enormous demand for AI inference infrastructure,
mainly powered by high-end GPUs. While these accelerators offer
immense computational power, they incur high capital and oper-
ational costs due to frequent upgrades, dense power consumption,
and cooling demands, making total cost of ownership (TCO) for
AI datacenters a critical concern for cloud providers.

Unfortunately, traditional datacenter lifecycle management
(designed for general-purpose workloads) struggles to keep pace
with AI’s fast-evolving models, rising resource needs, and diverse
hardware profiles. We rethink the AI datacenter lifecycle scheme
across three stages (building, IT provisioning, and operation)
highlighting how power, cooling, and networking decisions affect
long-term TCO. We focus on hardware refresh strategies aligned
with evolving hardware trends and evaluate operational software
optimizations that further reduce cost.

While these optimizations at each stage yield benefits, unlock-
ing the full potential requires rethinking the entire lifecycle. We
present a holistic lifecycle management framework that optimizes
decisions across all three stages, accounting for workload dy-
namics, hardware evolution, and system aging. Our approach
reduces TCO by 40% compared to traditional methods and offers
guidelines for managing AI datacenter lifecycles in the future.

I. INTRODUCTION

Generative LLMs are reshaping industries, from educa-
tion [9] and healthcare [95] to software development [28] and
scientific research [122]. Their rapid adoption is driven by
the ability to perform complex reasoning, summarization, and
interactive tasks with minimal supervision, creating unprece-
dented demand for scalable AI inference infrastructure [60].

Modern LLM inference relies on high-end GPUs (e.g.,
NVIDIA A100 [82] and H100 [81]), which deliver high
performance but incur steep financial and infrastructure costs.
A single H100 server exceeds $200k [18] and draws up to
10.2kW [94], [105], far surpassing the power and cooling
demands of traditional CPU servers [80]. To support these
workloads, cloud providers have built specialized datacenters
for high-throughput inference, making AI-serving one of the
most resource-intensive and costly datacenter operations [79].

Researchers have proposed software and hardware tech-
niques that improve the performance [2], [19], [59], [74], [94],
[118], [124], [126] or energy-efficiency [98], [102], [104],
[105] of LLM inference clusters. However, for providers, the
key challenge is minimizing the TCO over the datacenter
lifecycle, spanning CapEx (e.g., infrastructure build-out) and
OpEx (e.g., energy) while meeting user performance needs.
Traditional practices, such as regular refresh cycles [41] and
conservative provisioning [46], [63], [103], [120], fall short for
AI workloads: models scale rapidly [24], hardware has higher
cost and infrastructure demands [18], [51], and inference is
highly sensitive to latency and quality [104], [105].

Our Work. To address this challenge, we first break down
the datacenter lifecycle into stages: build, IT provisioning, and
operation, each with distinct costs and optimization oppor-
tunities. Build defines the physical infrastructure, including
power topology (e.g., flat [7] vs. hierarchical [26], [120]),
cooling (e.g., air vs. liquid [32], [43]), and networking (e.g.,
NVLink [90] vs. Ethernet). IT provisioning governs when
and how to decommission and buy new hardware, balanc-
ing performance gains, costs, and infrastructure constraints.
Operation manages runtime workloads through placement,
scheduling, and software-level optimizations.

For AI fleets, the hardware refresh dominates long-term cost
because GPU performance, power, and costs evolve rapidly.
We introduce a framework that rearchitects the lifecycle for
AI datacenters around this refresh challenge. It evaluates
alternative strategies across all stages and identifies the most
cost-effective combination. In build, we compare emerging
infrastructure designs to understand and balance long-term
scalability, efficiency, and performance. In IT provisioning, we
evaluate when to adopt new hardware and retire old systems,
assessing the impact on TCO given AI’s distinct model and
hardware characteristics. In operation, we assess the impact
of software techniques (e.g., model migration, LLM inference
disaggregation, and workload scheduling) over lifecycle TCO.

Because these stages are tightly interdependent, we in-
troduce a TCO-driven framework that enables joint reason-
ing across stages, available at https://github.com/Azure/AI-
Lifecycle-Compass [76]. The framework quantifies how deci-
sions at one stage expand or constrain the feasible design space
of others and shift the optimal operating point. We leverage
TCO modeling to evaluate architectural choices and derive
guidance for redesigning the AI datacenter lifecycle.

By leveraging workload growth trends, hardware roadmaps,
and cost models, our framework projects future scenarios and
identifies refresh points that balance performance, utilization,
and operational cost. For example, investing in a larger power-
sharing domain increases build-time cost but provides greater
flexibility for accelerator refreshes during IT provisioning and
improves operation efficiency.

We build our framework using open-source LLMs, public
hardware specifications, and detailed cost data from public
sources. Stage-specific optimizations reduce TCO by 15%
(build), 23% (IT provisioning), and 19% (operation). Our
cross-stage strategy achieves up to a 40% TCO reduction.
Looking ahead, we identify emerging cross-stage opportunities
and provide guidelines for adapting AI datacenter lifecycle
management to future model and hardware trajectories.
Summary. This paper makes the following main contributions:

https://github.com/Azure/AI-Lifecycle-Compass
https://github.com/Azure/AI-Lifecycle-Compass


Fig. 1: Hosting AI workloads from models to hardware and
supporting datacenter infrastructure.

• A lifecycle-driven characterization of GPU and LLM infer-
ence over performance–power behaviors, highlighting how
workload and system optimizations change the effective
value of hardware across generations.

• Lifecycle-aware optimization framework integrating work-
load trends, hardware evolution, and infrastructure.

• Principled AI hardware refresh policy that incorporates
infrastructure cost to minimize lifecycle TCO.

• Comprehensive cross-stage evaluation showing that coordi-
nated lifecycle management reduces TCO by up to 40%
compared to conventional siloed approaches and remain
robust across diverse trend deviations and future scenarios.

II. HOSTING AI WORKLOADS

Figure 1 shows the stack hosting AI workloads within a
cloud provider: from datacenter infrastructure and specialized
hardware to the workloads. We analyze these workloads and
their demands on underlying hardware and infrastructure.

A. AI Workloads

Nowadays, cloud providers host a wide range of AI work-
loads: large language models (LLMs), vision and multimodal
models, speech, recommendation systems, and classical deep
neural networks (DNNs) [16], [42], [56]. These workloads
vary widely in compute complexity, memory footprint, perfor-
mance, accuracy, and input modalities. The largest difference
is between training and inference workloads: training de-
mands high-bandwidth memory, fast interconnects, and fault-
tolerant checkpointing, while inference workloads range from
latency-sensitive, memory-bound LLMs at small batch sizes
to throughput-oriented vision and recommendation pipelines.

This paper focuses on LLM inference, which is rapidly
becoming the dominant workload in AI datacenters [16], [56],
[93], [94]. For this workload, the most critical factors for
datacenter build and provisioning are the size and architecture
of the models (which drive compute and memory needs) and
the user demand (the sustainable load).
AI Model Trends. These workloads have rapidly evolved in
scale, architecture, and demand over the past decade.
Scale. Model sizes have grown dramatically, driving up
compute, memory, and interconnect demands. Larger mod-
els require more FLOPs for inference, larger and higher-
bandwidth on-device memory, and—once they outgrow a
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Fig. 2: The P50, P99, and average size of the most popular
AI models published in the last decade.

single GPU—multi-GPU execution with high-bandwidth, low-
latency links for activation exchange. Figure 2 shows that
model scale has increased exponentially: from GNMT’s
∼200M parameters in 2016 [115], to GPT-3’s 175B in
2020 [10], and to Llama 4 Behemoth with over 2T parame-
ters [72]. However, post-2023 trends suggest a slowdown, with
growth turning linear [25] and potentially becoming sublinear
or flat. This plateau reflects diminishing returns from tradi-
tional scaling and reduced training-efficiency gains. As a re-
sult, attention is shifting to alternatives: distillation compresses
capabilities into smaller, more efficient models [117], while
reasoning models leverage time-extended compute to improve
performance without significant parameter growth [13], [39].

Architecture. Model architecture dictates the compute and
memory bandwidth required for inference. Transformer-based
models dominate deployments [109]: attention layers scale
quadratically with sequence length, and matrix multipli-
cations (GEMM) require high FLOP throughput and sus-
tained memory bandwidth. Alternatives like state-space mod-
els (SSMs) [38] replace attention with convolution-like op-
erations, reducing memory footprint and improving long-
context scalability. Mixture-of-Experts (MoE) models [100]
cut average compute by activating only a subset of experts, but
increase memory and network pressure due to expert sharding.
Fine-tuning (e.g., LoRA [47]) further reduce resource needs by
updating only a small parameter subset.

Despite architectural differences, modern AI models share
a common computational core: GEMMs. This uniformity
enables unified performance modeling for AI inference, unlike
traditional datacenters with heterogeneous workloads. Even
emerging agentic systems [1], [12], which coordinate multiple
LLMs, still rely on these same foundational computations.

User Demand. The global AI market is projected to grow from
$638B in 2024 to over $3.68T by 2034 [128], with U.S. gen-
erative AI expected to see a 36.3% CAGR through 2030 [33].
This growth is driving increased inference workloads, which
already dominate AI operational costs [93]. Unlike training,
inference incurs higher cumulative costs due to continuous,
large-scale deployment serving millions of queries daily [60].
Cloud providers like Microsoft, Amazon, and Google report
15–25% year-over-year growth in AI workloads [57], [96],
[113], reflecting rising user demand and the shift toward
scalable, cost-efficient inference infrastructure.



B. Hardware for AI Workloads

Accelerators. AI inference workloads are both compute-
and memory-intensive, relying heavily on GEMM and atten-
tion mechanisms. These kernels require high floating-point
throughput and high-bandwidth memory (HBM) to sustain
performance. Modern accelerators (e.g., GPUs [4], [81], [82],
TPUs [56], and NPUs [77], [116]) combine massive paral-
lelism with optimized memory systems that offer both large
capacity and sufficient bandwidth to feed compute efficiently.
Interconnects. AI servers rely on high-speed interconnects
to fully utilize accelerators. These links differ in bandwidth,
latency, and energy efficiency. Intra-node connections (PCIe,
NVLink [90]) enable fast device communication within a
server, while inter-node networks (InfiniBand, RoCE [91])
are critical for scaling large models across servers. Efficient
collective operations (all-reduce, all-to-all) are essential to
synchronize activations, gradients, and KV-caches [30], [86].

C. Datacenter Infrastructure for AI Hardware

The high performance of modern AI accelerators comes
with high demands on supporting infrastructure. Power, cool-
ing, and networking requirements for large-scale AI deploy-
ments far exceed those of traditional datacenters.
Power. High-end accelerators consume hundreds of watts. For
example, a NVIDIA DGX H100 server with eight GPUs has
a thermal design power (TDP) of 10.2kW [81], which means
that rack densities can range from several kilowatts to over
100 kW per rack [17]. Sustaining these loads requires robust
power delivery systems, including high-capacity UPS units and
PDU topologies, often oversubscribed to balance utilization
and cost [120]. In addition, rapid workload fluctuations can
induce large transient currents [14], [65], which require careful
electrical design and monitoring to maintain stability.
Cooling. The heat output of dense AI clusters quickly exceeds
the limits of traditional air cooling [104]. To maintain perfor-
mance and reliability, operators increasingly adopt advanced
cooling solutions such as rear-door heat exchangers, direct-
to-chip liquid cooling, and full liquid cooling [84]. These
technologies sustain performance and reliability but require
specialized facility layouts, coolant distribution infrastructure,
and increased maintenance complexity.
Networking. Large-scale AI inference also stresses network-
ing infrastructure. Models using tensor, pipeline, or expert par-
allelism rely on low-latency, high-bandwidth communication
between thousands of accelerators [56]. This drives adoption
of specialized topologies (e.g., fat-tree, dragonfly) and high-
performance interconnects such as InfiniBand and RoCE [91],
with careful bandwidth provisioning to keep collective com-
munication from becoming a bottleneck. The cost of switches,
optical modules, and cabling in these networks can constitute
a substantial fraction of overall system expenditure.

D. Lifecycle Stages of a Datacenter

Overview. Based on these AI workloads, hardware, and infras-
tructure trends, we examine the datacenter lifecycle to identify

Stage Description Timeline

Build Site selection and facility construction 15–30 years
IT provision IT hardware deployment and upgrades 4–6 years [111]
Operate Workload sched. and resource manag. Per inference

TABLE I: Lifecycle stages for a datacenter.

Stage Traditional Approach Characteristics

Build Hierarchical power; Air cooling; Ethernet.
IT provision Fixed per-server lifecycle; New server generations

released every 2–3 years; Gradual replacement.
Operate Services tied to fixed hardware configurations; In-

stances migrated to new hardware when released;
Legacy applications remain on old servers.

TABLE II: Overview of the lifecycle management for tradi-
tional datacenters handling general-purpose CPU workloads.

opportunities for reducing TCO. Table I breaks the lifecycle
into: build, IT provisioning, and operate. These stages help
us explore how traditional lifecycle policies must be revisited
to address the scale, density, and performance demands of AI.
On this foundation, we develop a TCO model to evaluate costs
across design choices over the datacenter’s lifetime.
Build. This stage designs and constructs the datacenter facility,
setting long-term constraints on utility capacity, substation
feeds, power distribution (flat vs. hierarchical), cooling (air
vs. liquid), floor space, and network fabric. These choices
determine maximum rack density, define fault domains, and
affect future upgrades such as liquid cooling or higher-voltage
buses. Networking decisions (Ethernet vs. InfiniBand, optical
reach, oversubscription) influence job scaling efficiency and
east–west traffic costs, critical for large AI models.
IT provisioning. This stage determines when and how to
deploy new accelerators and retire or repurpose older ones,
balancing performance-per-watt improvements, hardware cost,
software maturity, depreciation schedules, and risk of underuti-
lized power or cooling. IT provisioning may involve mixed-
generation GPU pools or reassigning older GPUs to lower-
performance workloads (e.g., fine-tuning or batch analytics).
Operate. Decisions here focus on model placement, query
scheduling, and efficient execution. Placement aligns models
with accelerator generations for optimal performance-to-cost,
while scheduling considers service-level objectives (SLOs),
query complexity, and flexible workload timing or location.
Execution uses AI-specific optimizations (e.g., batching, quan-
tization, speculative decoding, distillation, and disaggregation)
to minimize cost per query while meeting SLOs.
Traditional Approach. Table II summarizes the lifecycle for
general-purpose datacenters.
Build. They rely on a conservative, uniform infrastructure.
Power distribution usually follows a hierarchical topology:
from the colo-level to rows, and then to individual racks, with
each level having its own power caps [120]. Cooling is air-
based and networking uses standard Ethernet [8], [34].
IT provisioning. Servers follow a fixed 4–6 year lifecycle,
with new hardware released every 2–3 years and older servers
phased out accordingly [111].



Operate. Services run on fixed hardware generations. New
services migrate to the latest servers, while legacy applications
remain on older ones. This ensures stability and predictability
but limits flexibility to leverage hardware heterogeneity or
optimize performance for specific workloads.
Rearchitecting for AI. AI workloads challenge traditional dat-
acenter design. Modern accelerators’ high power and thermal
demands make high-density racks and liquid cooling more
valuable, while space and density constraints favor scale-up
architectures such as NVLink designs [90].

Memory capacity and bandwidth have increased to support
larger model contexts, enabling more complex workloads but
raising costs, making efficient provisioning essential. Like-
wise, interconnect performance is crucial for parallel effi-
ciency, with low bandwidth or high latency limiting scaling.

Trade-offs between cost and performance must be evaluated
both within each stage (build, IT provisioning, and operate)
and across them. For example, during operation, separating
prefill and decode across servers [94] enables using heteroge-
neous hardware and influences build and refresh strategies.

III. TCO-DRIVEN LIFECYCLE FRAMEWORK

To evaluate the long-term economics of AI datacenters, we
develop a cross-stage, TCO-driven framework that spans the
15-year datacenter lifecycle, covering build, IT provisioning,
and operation. Our framework couples workload dynamics,
model evolution, hardware roadmaps, and infrastructure costs.

A. Total Cost of Ownership (TCO) Model

Existing TCO Models. TCO modeling is a long-standing
tool in datacenter planning. Classical frameworks [49], [58]
decompose facility costs into capital and operational com-
ponents with straight-line amortization. Recent work extends
TCO to sustainability-driven hardware choices [41], [111],
carbon-aware AI inference [64], and platform-aware [78]
and performance-cost modeling for LLM systems [40]. Fi-
nally, industry analyses emphasize that effective TCO de-
pends on platforms, reliability, and utilization dynamics [78].
Our framework builds on this foundation and extends it
in two ways: (1) it specializes TCO for AI workloads by
integrating roofline-based performance modeling, accelerator-
roadmap projections, and LLM workload evolution; and (2) it
enables cross-stage lifecycle analysis, capturing how build-
time, provisioning, and operational decisions interact over a
15-year horizon. The contribution is a systematic use of TCO
as a unifying lens for evaluating and optimizing architectural
choices across the full AI datacenter lifecycle.
Our TCO Model. Table III summarizes the components of
our TCO model, breaking them down into CapEx and OpEx:

CapExF+CapExPow.+CapExCool+CapExNet+CapExIT

OpExenergy +OpExM&R +OpExnetwork +OpExother

For the annualized TCO, CapEx amortizes long-term in-
frastructure and IT over their useful lives, OpEx captures
variable and recurring operational costs over a full year.
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Fig. 3: TCO breakdown for a 10MW AI datacenter.

Figure 3 shows the annual datacenter TCO breakdown for
a representative user demand and model size projected for
2025. At 75% average utilization, this 10MW datacenter [120]
hosts roughly 500 H100 servers, consuming 70 GWh of energy
per year. GPU servers drive IT CapEx and dominate costs,
followed by energy-related OpEx. Building construction and
maintenance contribute the least.
Capital Expenses (CapEx). The upfront costs for acquiring,
building, or upgrading long-term datacenter assets, including
facility, IT equipment (such as servers and racks), and net-
working infrastructure. Facility, network, and IT assets are
amortized over 15–30, 7–10, and 3–5 years respectively, using
straight-line or declining-balance depreciation [111]. We nor-
malize CapEx per delivered kW to enable design comparisons.
Facility. It includes the physical infrastructure to support a
datacenter, providing the foundational environment needed to
house equipment safely and efficiently.
Power Infrastructure. Electrical systems deliver reliable power
to racks and IT equipment, including all power devices and
connections to ensure stable and redundant power distribution.
Cooling Infrastructure. Mechanical systems cool datacenters
to maintain safe operating temperatures, with core infras-
tructure such as chillers and pumps. Together, these systems
prevent overheating and enable high-performance operation.
Networking Infrastructure. It connects servers, storage, and
other datacenter resources. Fabric switches route rack-to-
rack traffic, while optical transceivers and structured cabling
provide high-bandwidth, low-latency links across the facility.
IT Infrastructure. Compute servers equipped with CPUs, mem-
ory, and accelerators (e.g., GPUs, TPUs, or NPUs) along with
racks and storage devices like NVMe.
Operational Expenses (OpEx). Ongoing costs of running
and maintaining a datacenter. We model utilization-sensitive
costs (e.g., energy) based on workload mix and scheduling
policies, since they scale with activity. Utilization-insensitive
costs (e.g., maintenance, software contracts, leases) are treated
as per-rack/site constants regardless of workload intensity.
Energy. Electricity costs include power for IT equipment and
supporting infrastructure (e.g., cooling, power distribution).
Billed monthly, these costs reflect IT utilization and power
usage effectiveness (PUE), the ratio of total facility energy
to IT energy. A higher PUE indicates more energy spent on
overheads like cooling and power conversion.
Maintenance & Repairs. Preventive and corrective mainte-
nance of mechanical, electrical, and IT systems. Costs are
driven by component failure rates (cooling, power, servers,



Category Component Description Example Cost ($)

CapEx

IT Servers, racks, accelerators, storage $375k/server [18]
Networking Fabric switches, optics, structured cabling $2000/server [61], [90]
Building Site preparation, building shell, land, electrical and mechanical base infrastructure $0.5/ft2 [29]
Power Switchgear, transformers, UPS, PDUs, busbars, rack distribution $7.0/W [26], [121]
Cooling Chillers, CRAH/CRAC units, pumps, piping, liquid loops, airflow $2.5/W [108], [121]

OpEx

Networking Port licenses, optics replacement, networking component power $600/server [61], [87], [89]
Energy IT load scaled by PUE, utility tariffs, demand charges $20–40/MWh [35]
Maintenance Spares, repairs, monitoring, water/treatment, field-replaceable units, failure-rate $5000/server [107]
Software Licenses, support contracts $200/server

TABLE III: TCO components for an example datacenter with DGX H100 [18] servers.

storage, networking) and include all activities required to keep
the datacenter operational and reliable.
Network Operations. Ongoing costs of maintaining the data-
center network, including licensing fees for switch ports and
the replacement of failed components. Costs are influenced by
network size, redundancy, and utilization patterns, as higher
traffic and denser topologies can increase wear and require
more frequent upgrades or maintenance.
Other. Recurring expenses such as software licenses, support
contracts, and land or lease payments. These costs are largely
fixed and do not vary with workload or utilization.

B. Modeling Assumptions

Timeline. We model a 15-year lifecycle starting from 2015 to
2030, fitting outputs to current trends (2025) and forecasting
costs and fleet composition for the next 5 years. Our method-
ology generalizes to longer horizons, but uncertainty grows.
Workload. We focus on LLM inference as the dominant AI
datacenter workload [11]. Training workloads follow a similar
methodology but differ in modeling, as they are heavier in
both computation and communication. We use input traces
from DynamoLLM [105], which exhibit diurnal patterns, and
assume a baseline of 100K requests per second (RPS). Fol-
lowing Section II-A, we apply a 15% annual growth rate [57],
[96], [113], which implies over 200K RPS after five years.
AI Models. Based on 2015–2025 parameter-scaling trends
(Section II-A), we assume linear growth in model size through
2030, with alternative scenarios for accelerated (exponential)
or slowed (sub-linear) scaling. Providers adopt new models
via smooth migration, gradually transitioning workloads [45],
[85]. We assume future LLMs follow the LLaMA design [70]
(i.e., decoder-only transformers with consistent layer organi-
zation, attention mechanisms, MoE, and parameterization).
Hardware. Hardware projections include FLOPS, memory
bandwidth, TDP, and cost, with linear growth trends [44].
We also model delays between the announcement of a
new GPU [83] and its actual mass availability in cloud
providers [6], [15], [99] (e.g., B200 had a delay 6–12 months).
Performance. We develop a roofline model for LLM inference
across diverse hardware. Our validation against known mod-
el/hardware pairings and profiling results confirms alignment
with prior work [40], [119]. The model captures interactions
between hardware (compute throughput, memory bandwidth)
and workload (arithmetic intensity, memory footprint). Rather
than relying on aggregate performance trends, the model
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Fig. 4: Server count by GPU type over time in an AI fleet
following the traditional baseline in Table II.

explicitly incorporates architectural parameters, such as peak
FLOPS, memory bandwidth and capacity, interconnect band-
width and latency, and power envelopes. By modeling resource
ceilings and bottleneck transitions, technology advances trans-
late directly into shifts of the roofline surface. This enables us
to propagate microarchitectural changes into lifecycle TCO.

We analytically derive the arithmetic intensity and memory
footprint from the LLM architecture and parameter count.
Extending our models to new GPUs requires only peak
FLOPs and memory bandwidth; for new LLMs, theoretical
compute and memory requirements are recomputed from the
architecture. The roofline model predicts time-to-first-token
(TTFT) and time-between-tokens (TBT) latencies for a given
hardware, model, and request load.

We then increase the load until requests exceed an SLO of
400 ms for TTFT and 100 ms for TBT [105]. The resulting
goodput defines the maximum RPS sustainable without vio-
lating latency targets, identifying the utilization point where
performance degrades. Using this SLO, we provision the
minimal GPUs needed and compute corresponding utilization.
Cost. We combine CapEx (IT hardware, networking, power,
cooling) and OpEx (networking, energy, maintenance). CapEx
is amortized over asset lifetimes, while OpEx captures recur-
ring operational costs. This allows evaluating trade-offs such
as upfront investment in cooling vs. deferred savings in refresh.

C. Lifecycle Evaluation

Baseline Timeline. Figure 4 shows the simulated deployment
timeline of an AI fleet under the baseline traditional datacenter
lifecycle approach (Table II). Model release cycles and hard-
ware availability shape the fleet composition over time, with
the release dates of notable large models marked for reference.
The simulation starts in 2015 with 50 P100 servers supporting
100K RPS, at a total annual TCO of ≈$0.2M.



Variable Distribution Parameters / Bounds Notes / Correlations

Workload growth factor Log-normal µ = log(1.05), σ = 0.05 Positive-only; correlated with model size growth (ρ = 0.4)
Model size annual growth Log-normal Fit to historical P50 trend; capped at ±2σ Captures uncertainty in scaling-law extrapolation
GPU Perf/W improvement Normal Mean from regression, σ = 0.1µ Correlated with GPU cost improvement (ρ = −0.5)
GPU price per generation Triangular min = −15%, mode = 0%, max = +20% Reflects supply-chain variability
Release interval Discrete {1, 1.5, 2} years Uniform sampling
Electricity price ($/kWh) Log-normal Mean = regional avg., σ = 15% Independent across trials
Cooling efficiency (PUE) Normal Mean = baseline, σ = 0.05 Affects total energy cost
Server lifetime Discrete {4, 5, 6} years Uniform sampling

TABLE IV: Stochastic variables used in our Monte Carlo simulations.

As user demand and model size grow (i.e., 15% year-over-
year), the fleet scales gradually. By 2024, traffic reaches 350K
RPS, coinciding with DeepSeek V3 (671B-parameters) [21],
[67], prompting a major H200 GPU refresh. Server count
rises to 25K to meet performance targets, and annual TCO
climbs to $0.3B, reflecting additional hardware, expanded
infrastructure, and higher OpEx. Deployment peaks align with
major LLM releases, highlighting the strong link between AI
model roadmaps and datacenter economics.
Monte Carlo Methodology. To account for TCO uncertainty,
we run Monte Carlo simulations [73] where we model inputs
as random variables. Each trial represents a plausible future
trajectory of workload growth, model scaling, hardware evolu-
tion, pricing, and energy costs. The simulator deterministically
computes capacity planning, server acquisitions/decommis-
sions, and annual CapEx/OpEx, producing a single TCO.
Repeating this yields a distribution over lifecycle costs.

Table IV summarizes the stochastic inputs, their distribu-
tions, parameterization, and rationale. We guide the distri-
bution choices by historical AI model scaling trends, GPU
release data, and publicly reported datacenter cost variability.
In most experiments, we chose conservative bounds and sep-
arately study a few extreme cases.

We draw samples from a multivariate normal distribution
with covariance matrix Σ, whose entries encode empirically
derived pairwise correlations (Table IV). We then map these
samples to the desired marginals via inverse CDF transforms
(e.g., log-normal, triangular). All remaining variables are sam-
pled independently. Unless otherwise stated, results are based
on 10,000 independent trials. We verified that increasing to
20,000 trials changes the mean and 95% confidence interval
of total TCO by less than 1%, indicating statistical stability.

We validate convergence using three checks: (1) running
mean stabilization (change < 1% over final 2,000 samples),
(2) stabilization of 5th/95th percentile estimates, and (3)
bootstrap confidence intervals over batches of 1,000 samples.
All reported figures use the full converged sample set.

For each policy (e.g., aggressive vs. delayed refresh), our
framework reports: (1) expected lifecycle TCO, (2) variance
and 95% confidence intervals, (3) probability that one policy
outperforms another, and (4) sensitivity (Sobol-style first-order
effects via regression-based decomposition).

By modeling full distributions instead of point estimates,
our approach provides distributional robustness and explicitly
quantifies the option value associated with flexible hardware
refresh timing under uncertainty.

D. Community Value

We release our TCO framework as an open-source, fully pa-
rameterized simulation environment [76]. Users can modify all
key inputs—hardware specifications and roadmaps (through-
put, memory bandwidth/capacity, TDP, per-generation cost),
workload characteristics (model size, architecture, demand
growth), infrastructure assumptions (power topology, cool-
ing, networking, PUE), and economic parameters (electricity
prices, depreciation, maintenance). The framework supports
custom refresh policies, new accelerator generations, and
alternative future scenarios (e.g., demand shocks, capability
discontinuities, pricing shifts). Our Monte Carlo engine is
fully configurable, including stochastic distributions, correla-
tion structures, and trial counts. We intend this as a reusable
community artifact: researchers can probe hypotheses about
AI-infrastructure evolution and extend the analysis to new
workloads, hardware platforms, and cost models.

E. Scope and Limitations

Our framework has several limitations. First, all cost in-
puts rely on publicly available sources (e.g., vendor pricing,
industry reports, open-source traces) rather than proprietary
deployment data. Although we validate key trends and projec-
tions, absolute TCO values will vary across providers due to
negotiated pricing, supply-chain agreements, and site-specific
factors. Second, our performance model uses a roofline-based
analytical approach rather than cycle-accurate simulation or
production-scale measurement, and thus cannot capture all
system-level effects. Third, forward-looking projections of
hardware capabilities, model scaling, and demand growth carry
inherent uncertainty. Accordingly, the primary value of this
work lies in relative comparisons across lifecycle strategies
and the qualitative insights they reveal about cross-stage co-
optimization, not in any single absolute TCO estimate.

IV. BUILDING EFFICIENT AI INFRASTRUCTURE

The first stage in the datacenter lifecycle is building the
infrastructure: (1) physical building that houses the datacenter,
(2) power delivery that supplies electricity to servers and other
equipment, (3) cooling that removes the heat generated by
servers, and (4) networking that interconnects servers.

The physical building is relatively static, but power, cooling,
and networking [26] must accommodate shifts in workload
demand and hardware capabilities over decades. Emerging
AI workloads, with extreme power and thermal densities
and unique communication patterns, are reshaping this design
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space. Each new AI hardware generation introduces higher
power envelopes and tighter thermal limits, making existing
datacenter infrastructure increasingly obsolete. Hence, opera-
tors must construct new facilities or upgrade existing ones, to
keep up with these hardware trends. We use our framework to
revisit these choices from a holistic lifecycle perspective.

A. Power Infrastructure

Traditional Approach. Datacenters use hierarchical power
distribution to balance fault isolation, maintainability, and
minimize stranded power [112], [114], [120]. An Automatic
Transfer Switch (ATS) directs power from the grid to multiple
redundant UPS units, each feeding several Power Distribution
Units (PDUs) that supply server rows and racks.

Server and rack provisioning must respect the capacity of
each power domain. If a domain has budget X and each server
consumes Y , only ⌊X/Y ⌋ servers can be deployed, leaving
X − Y × ⌊X/Y ⌋ as stranded power (power fragmentation).
Rearchitecting for AI. AI accelerators (e.g., GPUs, TPUs)
push power density beyond historical norms. Figure 5 shows
high-end GPU servers greatly exceed CPU server power:
NVIDIA DGX with 8×H100 GPUs requires 10.2kW [81],
while a 64-core Intel Emerald Rapids server needs 385W [51].

While this surge exacerbates power fragmentation, flatter
power distribution architectures can pool power across broader
domains to reduce stranding [7], [97]. However, these designs
involve trade-offs in fault tolerance, design and maintenance
complexity, and TCO. We introduce simplifications by re-
moving second-order effects and practical constraints (e.g.,
supply chains) and summarize these trade-offs qualitatively
in Table V. A flat per-DC power delivery minimizes stranded
capacity but requires greater redundancy and more complex
maintenance. Importantly, Figure 6a shows that the industry-
standard hierarchical design [120] is not the TCO optimum for
AI deployments; a datacenter-wide flat distribution, although
not always feasible, reduces lifecycle TCO by 4.2%.

B. Cooling Infrastructure

Traditional Approach. Most datacenters use air-based cool-
ing [20], [23], [48], [69], [104], where chillers or adiabatic
units deliver cold air via air handling units (AHUs) through
raised floors or hot/cold aisle containment. Cooling is pro-
visioned conservatively for peak thermal loads, and PUE

Power domain
Feature Per-PDU Per-UPS Per-DC

CapEx Stranding Lower Medium Higher
Complexity Higher Medium Lower

OpEx Maintenance Lower Medium Higher

Other Fault isolation Excellent Good Poor

TABLE V: Comparison of power delivery infrastructure de-
signs. Green: good, yellow: moderate, red: poor.

Feature Air Hybrid Liquid

CapEx Complexity Lower Medium Higher

OpEx Energy efficiency Lower Medium Higher
Maintenance Lower Medium Higher

Other High-dense racks Lower Medium Higher
Noise level Higher Medium Lower

TABLE VI: Comparison of cooling infrastructure designs.

is optimized with airflow management and economization.
Modern datacenters achieve PUE of 1.1–1.3 [3], [31], [75].
Rearchitecting for AI. High-density GPU racks generate 4–
8× more heat per rack than CPU systems [84], requiring
higher airflow, lower inlet temperatures, and more fan energy,
pushing air cooling to its limits. Liquid cooling (e.g., cold
plates or immersion) [32], [54] is increasingly adopted for
dense GPU deployments [7], [84]. While upfront CapEx and
complexity are higher, OpEx is reduced via improved heat
transfer, lower chiller load, and reduced fan power (Table VI).
Hybrid designs (combining liquid for high-density racks and
air for low-density) balance cost, density, and maintainability.
Hence, contrary to common narratives that air cooling is
“simpler and cheaper” and liquid cooling is “more efficient,”
we find that a 75/25 hybrid design improves the TCO by 9%.

C. Networking Infrastructure

Traditional Approach. General-purpose datacenters use
multi-tier Ethernet (e.g., leaf–spine) with moderate oversub-
scription [8], [34], which is cost-effective for CPU workloads
with modest bandwidth and latency requirements.
Rearchitecting for AI. AI workloads impose far higher
network demands than general-purpose datacenters. Emerging
practice uses hierarchical designs for inference [62]: NVLink
for intra-server tensor parallelism [90], [101] and lower-cost
networks for pipeline parallelism across servers. We evaluate
four network designs: (1) all Ethernet, (2) all InfiniBand [5],
(3) all NVLink [90], and (4) a hierarchical approach (NVLink
intra-server, InfiniBand intra-rack, Ethernet inter-rack). Ta-
ble VII summarizes cost–performance trade-offs, and Fig-
ure 6c shows hierarchical reduces TCO by 6% versus a flat
high-performance network. By matching interconnects to AI
workloads, hierarchical networking scales efficiently without
over-provisioning expensive low-latency links. By isolating
first-principles trade-offs among performance, cost, and work-
load needs, we treat these configurations as design reference
points rather than deployment blueprints. For example, an
all-NVLink fabric is not a realistic large-scale deployment
(its topology, scalability, and availability constraints make it
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Fig. 6: TCO vs. infrastructure designs during the build stage.

Feature Ethernet InfiniBand NVLink Hierarchical

CapEx Cost Lower Medium Higher Medium

OpEx Energy Lower Medium Higher Higher
Maintain Lower Medium Higher Medium

Perf Bandwidth Lower Higher Higher Higher
Latency Higher Lower Lower Medium

TABLE VII: Comparison of networking infrastructure designs.
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impractical) but an upper-bound case showing ideal high-
bandwidth, low-latency connectivity. This lets us reason about
which architectural choices remain efficient across lifecycle
stages rather than optimizing any single layer in isolation.

D. Lessons

AI workloads challenge legacy datacenter designs, imposing
unprecedented demands on power, cooling, and networking.
Rising accelerator power densities and complex communica-
tion patterns make traditional hierarchical power distribution,
air cooling, and uniform network fabrics increasingly inade-
quate for cost efficiency and performance. Our TCO-driven
framework captures how emerging solutions (flatter power
delivery, hybrid cooling, and hierarchical networking) achieve
longer-term efficiency and cost objectives.

V. PROVISIONING AI HARDWARE

The primary driver of TCO is IT cost, dominated by
hardware management. The main challenge is deciding when
to retire aging servers and deploy new ones. Hardware refresh
is no longer a periodic, maintenance-driven process. For AI
fleets, it is a strategic mechanism for ensuring performance,
efficiency, and scalability as models and their system demands
evolve rapidly. Informed decisions require translating raw
hardware capabilities into cross-stack efficiency.

A. Current Hardware AI Trends

Release Cycle. Figure 7 shows that GPU vendors are aggres-
sively releasing new generations every year far exceeding the
traditional 2–3 year cycle of CPU releases. Similar dynamics
hold for other specialized AI hardware such as TPUs [56]
and LPUs [37], which also follow fast-paced release cycles.
This pace means that fleets often encounter multiple viable
upgrade opportunities within a single depreciation window,
complicating refresh planning and GPU lifetime decisions.
Raw Throughput. GPUs from vendors like NVIDIA and
AMD have evolved significantly. From the NVIDIA P100,
which offered modest FP16/FP32 throughput, to modern GPUs
such as the B200 that deliver vastly higher performance
through advanced tensor cores, increased memory bandwidth,
and optimizations in sparsity and mixed precision. Figure 7
shows NVIDIA datacenter GPU trends from 2016 to 2025:
compute throughput rose nearly 12× and memory bandwidth
over 5×, with even stronger gains for AMD GPUs [4].
Workload-level Efficiency: Beyond FLOPS. Raw FLOPS
rarely dictate realized performance and efficiency for LLM
inference workloads. To understand the gap, we evaluate
the performance of AI inference workloads with different
model sizes and architectures across GPU generations. We ran
experiments using vLLM [59] on real hardware and compare
against the roofline model, which shows within 5% of errors
for Llama3 [71] models. All runs use a 2K sequence length and
batch size of 8. We measure TTFT and TBT in milliseconds.
Then, we normalize the values to the H200 baseline per model.
Model Size. We evaluate scalability using Llama3 [71] models
from 1B to 405B parameters on NVIDIA GPUs: T4, V100,
A100, H100, and H200. We configure TP [101] with the
smallest value that fits each model across most GPUs (e.g.,
TP1 for 1B/3B, TP4 for 8B, TP8 for 70B/405B). Some setups
fail on older GPUs due to memory limits. Figure 8 shows that
small Llama3 models (1B–8B) remain efficient on older GPUs,
while larger models (70B–405B) expose architectural bottle-
necks in memory bandwidth and tensor-core throughput. The
decode phase (TBT) is less sensitive to GPU generation than
the prefill phase, reflecting its lower compute demands [94].
These effects demonstrate large discrepancies between FLOPS
scaling and actual, model-specific performance scaling.
Model Architecture. We evaluate the impact of model sparsity
by comparing sparse Qwen3 models (30B A3B and 235B
A22B) with dense Llama3 models of similar sizes. Model
structure significantly influences hardware viability and effi-
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Fig. 9: Latencies and accuracies for dense (Llama3) and sparse
models (Qwen3) across GPU generations normalized to H200.
Pink and blue bars for H100 and A100, respectively.

ciency. Figure 9 shows that sparse models scale better on older
GPUs, maintaining competitive accuracy while outperforming
dense counterparts in latency. For example, Qwen3-235B-
A22B matches Llama3-70B in accuracy but degrades less
on older hardware (though it requires nearly twice the GPU
memory). This highlights the value of sparsity-aware designs
for workload-level efficiency on older generations, extending
the useful lifetime implied from raw performance.

Figure 10 compares transformer-based (Llama3-3B) with
state-space-based (Mamba-2.8B). State-space models are more
hardware-efficient: for 2K sequences using TP1, Llama3 runs
7.7× slower on V100 than on H200, while Mamba slows down
by only 3.6×. This shows the architectural compatibility of
state-space models with older or less performant GPUs.
Escalating Hardware Cost. This performance growth comes
with sharply rising costs. The NVIDIA P100 debuted around
$9K per GPU (roughly $90K per server), whereas the modern
H100 costs about $30K per GPU (over $350K per server) [18].
AMD’s MI series follow a similar trend, with newer gen-
erations carrying significantly higher price tags. In contrast,
CPU server costs have risen more moderately over the same
period. For example, from around $7K per server for Intel’s
Haswell [52] systems in 2014 to approximately $12K for
the latest Granite Rapids [50] generation in 2025. The steep
GPU cost-performance curve heightens the stakes of refresh
decisions: replacing hardware too early wastes both hardware
costs and triggers new infrastructure buildouts prematurely,
while replacing too late risks sacrificing efficiency.
Model Efficiency: Cost and Power Implications. Combining
performance with cost and power reveals trends hidden to raw
FLOPS or workload level latency and goodput alone. While
the goodput per Watt of large models degrades substantially on
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Fig. 10: Latencies for transformer (Llama3) and state space
(Mamba) models across GPUs normalized to H200.

older hardware, the gap is much smaller for smaller models.
For example, Llama3-70B on an A100 yields roughly 3×
lower goodput per Watt than on an H100, while Llama-1B
on an A100 is only about 18% lower. In terms of goodput per
Watt per dollar, the A100 actually outperforms the H100 by
8–23% for the 1B, 3B, and 8B models, but delivers about 2×
lower efficiency for Llama-70B. In fact, for smaller models,
even the V100 is on par with the H100, achieving performance
per Watt per dollar within 5% of it.

This makes a key point for refreshing planning and GPU
hardware lifetime: hardware generations do not degrade uni-
formly across workload profiles. Real efficiency gains mate-
rialize only when the full cross-stack interaction (e.g., model
specifics, power, cost) is favorable. This motivates refresh poli-
cies that leverage TCO optimizations for cross-stack efficiency.

B. TCO-driven Refresh Policies and Server Lifetime

Traditional Approach. General-purpose datacenters typically
follow a steady CPU refresh cycle with five years of server
lifetime [111]. This baseline policy strikes a balance between
capital and operational efficiency.

Alternative strategies include extending server lifetimes to
reduce CapEx (at the expense of higher energy use and
maintenance) or shortening lifetimes to deploy more efficient
hardware sooner, increasing capital costs but improving energy
and space efficiency. Skipping intermediate generations is
another option when current hardware meets workload needs
and newer gains are marginal.

We enumerate refresh strategies with an allowed lifetime for
each generation from 0 (skip) to 10 years in one-year incre-
ments and evaluate their TCOs using Monte Carlo simulations
(explained in Section III-C). Overlapping lifetimes permit
multi-generation co-hosting, while decommissioning occurs
deterministically at the end of the assigned lifetime. All resale
and end-of-life assumptions are fixed across experiments.

Figure 11a shows the TCO distribution of all feasible refresh
strategies, normalized to the baseline. Most policies fall to the
right of the baseline, indicating that a 5-year refresh cycle
remains among the most cost-effective choices for general-
purpose datacenters.

Figure 12 shows the same data broken down by hard-
ware generation. The top of Figure 12 presents a per-CPU-
generation view, showing how varying the server lifetime of
each individual hardware generation, from 0 years (skipping
that generation entirely) to 10 years, impacts normalized TCO.
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Fig. 12: TCO changing refresh policy for each hardware
generation in general-purpose and AI datacenters.

For general-purpose datacenters, most generations favor 4–6
year refresh cycles, with Skylake being the exception, where
skipping the generation yields lower TCO.
Rearchitecting for AI. The dynamics of AI accelerators
and workloads differ substantially from those of general-
purpose datacenters, rendering the traditional refreshes sub-
optimal. Compounding the growth in hardware cost and model
evolution, cross-stack efficiency can leap dramatically across
GPU generations or change little at all, depending on ar-
chitectural shifts and model trends. Figure 11b shows that
many alternative refresh strategies can reduce TCO by 15–
20% compared to the baseline.
Hardware-Driven Refresh Signals. Figure 12 shows the TCO
changing the refresh cycle (and skipping) for each hardware
generation. Three dominant hardware-driven trends emerge.

Newer is much better: when new GPUs provide substantial
efficiency gains, early decommissioning of older hardware is
justified, and datacenters benefit from upgrading as soon as
the next generation is available. For example, moving from
NVIDIA V100 to A100 GPUs is beneficial.

Older is competitive: for most GPU generations, extending
hardware lifespan beyond 6 years remains cost-effective. This
held true for all generations prior to B100.

Newer is similar or worse: when new GPUs offer marginal
or negative efficiency gains, it is better to extend the life
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Fig. 13: Server count by GPU type over time in an AI fleet
following the optimal refresh policy for minimizing TCO.

of existing hardware and skip intermediate generations. For
example, it is preferable to skip B100/B200 GPUs.
Workload Evolution. If models grow significantly (e.g., GPT-
family releases [92]) refresh cycles must be accelerated to
provision more efficient hardware that can handle the increased
compute needs. If model sizes stabilize or decrease, extending
hardware lifetime becomes more cost-effective.
Example Optimal Timeline. Figure 13 shows the deployment
of GPU server generations under the optimal refresh policy to
minimize TCO. The policy skips some generations (e.g., B100,
B200) entirely, as extending the service life of H100 and H200
GPUs proves more cost-effective. When a newer generation
delivers substantial performance and efficiency gains, the
policy triggers earlier decommissioning and demand-driven
purchases to match workload growth and model sizes. Com-
pared to the baseline policy in Figure 4, this approach yields
a smoother, more balanced mix of old and new hardware, and
at times even a modest reduction in total server count due to
improved GPU efficiency (e.g., in early 2027).

C. Lessons

Fixed refresh intervals are not sufficient for AI workloads.
Unlike traditional datacenters, where hardware and workloads
change gradually, AI accelerators and models evolve at a much
faster pace and interact in a complex, cross-stack ways. FLOPS
increases do not reliably translate to realizable performance.
Some generations deliver dramatic performance gains, while
others bring only marginal improvements. These shifts are
further amplified by rapid increases in power and thermal
densities, hardware costs, and release frequency, changing the
trade-offs between raw performance and efficiency.

Thus, AI datacenters must adopt flexible hardware refresh
strategies that considers full TCO and cross-stack efficiency,
responding to evolving hardware efficiency and workload
trends. This may involve aggressively retiring older GPUs
when new generations deliver significant efficiency gains,
while extending the life of existing hardware (or skipping
intermediate generations) when improvements are limited.

VI. OPERATING AN AI DATACENTER

Once hardware is provisioned, the challenge is sustaining
high utilization while meeting SLOs across a diverse, evolving
fleet. This requires software to orchestrate varying workloads,
hardware generations, and performance–cost trade-offs, all
influenced by prior build and refresh decisions.
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Traditional Approach. Workloads typically run on homoge-
neous hardware pools with uniform deployment, from bare-
metal servers and VMs to microservices and serverless. Most
use the latest hardware, while some remain on legacy sys-
tems until decommissioned [36]. Software stacks are tuned
for predictable performance, requiring minimal adaptation to
hardware diversity or rapid workload changes.

We use the DCPerf benchmark suite [106] to evaluate
performance and power efficiency of Intel server generations.
Figure 14 shows that throughput and performance per Watt
scale nearly linearly with newer servers, supporting the com-
mon practice of migrating workloads to the latest generation.
Rearchitecting for AI. AI workloads and hardware trends
differ significantly from general-purpose datacenters (Sec-
tion V-A). Unlike CPUs, GPU performance improvements for
AI are uneven across generations and vary by model and use
case. Thus, traditional direct-migration strategies are subopti-
mal. Achieving efficiency requires software optimizations that
align evolving models, growing demand, and a heterogeneous
fleet while controlling cost and meeting SLOs.
Optimizations. Table VIII summarizes operational techniques
affecting build and refresh. Model migration, quantization,
and KV-cache management reduce compute and memory pres-
sure. Disaggregation leverages fast interconnects and aligns
workload phases with appropriate hardware. Heterogeneity-
aware routing, placement, and scheduling match workloads to
hardware in real time, while infrastructure-aware scheduling
accounts for datacenter constraints (e.g., power, cooling),
linking operations to build-time decisions.
TCO savings. These optimizations extend hardware lifetime,
defer costly refreshes, and increase infrastructure value. Fig-
ure 15a shows 12–39% TCO reductions per strategy. Model
migration yields the largest gains by reducing post-release
compute load, while disaggregation and infrastructure-aware

scheduling achieve strong savings without changing work-
loads. Combining all strategies cuts TCO by over 60%; al-
though not fully additive, the cumulative impact is substantial.

A. Lessons

Fixed, uniform operations are insufficient for evolving mod-
els and heterogeneous hardware. Software techniques shift
operations from reactive to proactive, extending hardware util-
ity, leveraging heterogeneous fleets, and dynamically aligning
workloads with available resources. By linking operations,
refresh, and build decisions, these methods transform rigid
hardware timelines into adaptive, lifecycle-aware policies.

VII. CROSS-STAGE OPTIMIZATIONS

The largest TCO savings come from cross-stage rearchitect-
ing the end-to-end AI datacenter lifecycle.

A. Existing Cross-Stage Optimizations

IT provisioning → Build. AI hardware trends are driving
datacenter redesigns: flatter power hierarchies for high-density
accelerators, liquid cooling [84], and InfiniBand/NVLink net-
working [90]. These upfront investments increase build costs
but simplify future refreshes and extend deployment lifetimes.
Operate → IT provisioning. Heterogeneity-aware scheduling
helps repurposing older GPUs for workloads better suited
to their capabilities: compute-intensive phases (e.g., prefill
or large models) run on newer GPUs, while memory- or
bandwidth-bound phases (e.g., decode or smaller models) are
offloaded to older generations [68], [94]. This strategy smooths
refresh costs and maintains high utilization, turning hardware
upgrades into opportunities for redistribution and continued
value rather than premature hardware retirement.
Build → Operate. Infrastructure decisions made at build time
shape operational flexibility. Scheduling frameworks translate
these choices into software controls that smooth demand,
enable safe hardware derating, and sustain efficiency. Con-
versely, coordinated derating of servers and power devices
within the power hierarchy allows oversubscription and denser
deployments; effectively “upgrading” infrastructure at runtime
without new physical buildouts [93], [104].
Compound TCO Benefits. Figure 15b shows that cross-stage
strategies compound savings. Optimizing single stages reduces
TCO by 20–30%, combining build and refresh exceeds 35%,
and a holistic approach cuts over 40%. Assuming linear growth
in hardware and models (Table IX), the optimal build uses flat
power delivery, hybrid cooling, and hierarchical networking.
For refresh, extend server lifetimes to five years and adopt new
hardware as available. For operation, apply all optimizations.

B. Opportunities for Cross-Stage Optimizations

Looking ahead, several opportunities emerge when infras-
tructure, hardware, and software are explicitly co-designed
with lifecycle interplay in mind.
Infrastructure. Today’s software supports heterogeneous
fleets, but build and refresh strategies can better leverage
heterogeneity. Rack-level provisioning with mixed-generation



Optimization Technique Description TCO Impact

Smooth Model Migration [45], [85] Gradual migration from old to newer models upon releases Avoid rapid hardware procurement
Model Quantization [66], [123] Lower precision to reduce compute/memory Lower hardware needs and cost/inf.
KV-Cache Management [27], [88] Optimize storage and reuse of KV cache Increase older hardware reuse
Disaggregation [88], [94], [110], [125], [127] Split distinct phases onto different hardware Extend useful life of heterog. gens
Alternative Architectures Mixture-of-Experts [100], State-Space-Models [38] Increase older hardware reuse
Model Routing [22], [53] Direct workloads to the most efficient model variant Increase older hardware reuse
Heterogeneity-Aware Scheduling [55], [68] Map workloads to optimal/available hardware generation Defer refresh costs
Infrastructure-Aware Scheduling [104], [105] Exploit headroom within infra capacity envelopes Improve infrastructure efficiency

TABLE VIII: Operation stage software optimizations that introduce new cross-stage optimization opportunities.
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→ Per-PDU Air IB Per-PDU Air NVLink Per-PDU Air NVLink
Flat Hybrid IB Flat Hybrid Hierarchy Flat Liquid Hierarchy

↑ Flat Liquid IB Flat Hybrid IB Flat Hybrid Hierarchy

→ 8 years Skip 8 years Skip 8 years Skip
4 years Buy new 5 years Buy new 4 years Skip

↑ 4 years Buy new 4 years Buy new 3 years Buy new

→ All Optimizations Migration + Quantization Migration + Quantization
Disaggregation All Optimizations Migration + Quantization

↑ Disagg. + Hetero. Disaggregation All Optimizations

TABLE IX: Optimal cross-stage strategies based on model
and hardware trends under exponential user demand growth.
The rows represent build, refresh, and operate stages. Color
gradient shows degree of lifecycle adaptation required.

accelerators or general-purpose compute reduces interconnect
bottlenecks and power fragmentation. Combined with hetero-
geneous derating, these setups adapt efficiently. While they
require upfront investment, they offer long-term gains.
Hardware. Emerging AI accelerators have traditionally
shaped datacenter infrastructure design. Looking ahead, future
accelerators should be designed not only for performance
but also for long-term compatibility with the existing infras-
tructure. Lower power density and moderated TDP simplify
power delivery and cooling, reducing fragmentation. For ex-
ample, accelerators could combine high-power SMs to handle
the compute-bound prefill phase with Processing-in-Memory
(PIM) units tailored for the memory-bound decode phase,
enabling more efficient execution within the same server.
Operation. Techniques such as KV-cache management or new
model architectures (e.g., MoEs) shift the balance between
compute and memory needs, reshaping both refresh priorities
and placement strategies. Cross-stage planning anticipates
these shifts by provisioning memory or storage servers that
support multiple GPU generations.

VIII. FUTURE TRENDS

We analyze model scaling and hardware trajectories to offer
guidance for future AI datacenters. Table IX shows the optimal
strategies across stages with different growth patterns: slow
(sub-linear), medium (linear), and fast (exponential) growths.
AI Hardware. When hardware performance scales rapidly,
frequent refresh cycles are advantageous, justifying earlier
adoption and earlier decommissioning. However, if perfor-
mance gains slow or power efficiency declines, it becomes
more beneficial to extend refresh intervals and design in-
frastructure for long-term use. Lower-power, lower-density
hardware can also extend infrastructure lifetimes by reducing
the need for costly upgrades to power and cooling systems.

AI Model Size. So far, we have assumed that AI models
will grow linearly. Larger models amplify compute, memory,
and networking requirements, accelerating refresh cadence
and demanding infrastructure explicitly designed for modu-
lar expansion. If model size growth slows down, operators
can rely on more cost-effective infrastructures (e.g., Infini-
Band networking). Conversely, if models continue to scale
rapidly, more expensive infrastructures become necessary (e.g.,
NVLink), alongside more aggressive software optimizations.

A. Alternative Future Scenarios

To avoid conclusions that are overly driven by current
trends, we evaluate non-trend scenarios. We introduce struc-
tural breaks in demand, model scaling, hardware capability, or
pricing, and re-run the full lifecycle optimization pipeline.
Scenario 1: Demand Shock and Plateau. To stress-test
procurement under a breakthrough-driven demand surge, we
model a regime where aggregate AI demand jumps by a factor
α > 1 at year ts and then plateaus. In this setting, trend-
extrapolating policies systematically overestimate demand and
persistently overprovision. Formally, we model demand with
a zero post-shock growth as:

D(t) =

{
Dtrend(t), t < ts

α ·Dtrend(ts), t ≥ ts

Results. Once our framework detects a demand jump, it rapidly
scales capacity to absorb the shock. As growth approaches
zero, it curtails further expansion and extends hardware refresh
lifecycle to reflect market saturation. Relative to the baseline,
our policy avoids a second wave of unnecessary expansion and
reduces stranded capital. In a representative scenario (α = 3,
ts = 5 years), it reduces TCO by 31%.
Scenario 2: Model Size Contraction. While recent years
have been dominated by model scaling, efficiency gains could
reverse this trend. To capture this, we decouple demand growth
from per-task compute intensity and introduce a breakpoint at
year tr, after which efficiency improves (β < 1):

Cper-task(t) =

{
Ctrend(t), t < tr

β · Ctrend(tr), t ≥ tr

Results. Our framework shifts from aggressive scale-out to
selective refresh, prioritizing energy-efficient nodes while de-
ferring peak-performance upgrades. As per-task compute in-
tensity declines, accelerator demand decreases even as request
rates remain stable or continue to grow. In a representative



scenario (β = 0.8, tr = 5 years), this policy reduces TCO by
43% relative to static amortization-based replacement.
Scenario 3: Hardware Capability Shock. To model regime
shifts (e.g., non-linear scaling gains, alternative interconnect
stacks), we model a discontinuous jump in hardware capa-
bilities, followed by slower improvements, where γ ≫ 1
represents a generational breakthrough (e.g., architectural or
interconnect redesign):

P (t) =


Ptrend(t), t < th

γ · Ptrend(th), t = th

γ · Ptrend(th) · (1 + ϵ(t− th)), t > th

Results. Delaying refresh past th becomes strictly suboptimal,
even for relatively new clusters. Our framework automatically
accelerates refresh cycles immediately after the capability
jump (reducing the lifecycle), accepting temporary write-down
of partially depreciated hardware when the performance-per-
dollar delta exceeds the residual value penalty.

These discontinuities amplify the benefit of lifecycle op-
timization. Fixed refresh intervals fail catastrophically under
capability shocks; our framework adapts refresh with marginal
TCO improvement. Under a representative scenario (γ = 3,
th = 5 years, ϵ = 0.05), our framework reduces TCO by 38%.
Scenario 4: Hardware Price Shock. To capture supply-chain
corrections, competitive shifts (e.g., non-dominant vendor), or
architectural commoditization, we model a sudden hardware
price drop (δ < 1) followed by gradual recovery:

Price(t) =


Pricetrend(t), t < tp

δ · Pricetrend(tp), t = tp

δ · Pricetrend(tp) · (1 + η(t− tp)), t > tp

Result. The framework advances procurement to exploit tem-
porary price advantages, increasing short-term capex but re-
ducing long-term TCO. The refresh policy becomes price-
sensitive rather than purely capability-sensitive, showing the
importance of jointly modeling performance and cost trajec-
tories. Under a representative scenario (δ = 0.6, tp = 5 years,
η = 0.1), our framework reduces TCO by 36%.
Summary. Across scenarios, the numeric optima vary, but the
conclusions are consistent. First, optimal datacenter lifecycle
policies are sensitive to structural breaks, making fixed refresh
heuristics suboptimal. Second, avoiding stranded capital and
energy waste requires jointly modeling demand, hardware
capability, and pricing trajectories. Third, hardware–software
co-design effects strengthen under regime shifts.

Overall, our framework does not assume smooth trends. It
provides a decision methodology that remains robust to non-
linear, non-monotonic, and regime-shift futures, improving the
credibility of our conclusions beyond baseline projections.

B. Sensitivity to Trend Changes

Our conclusions assume projected trends in model/demand
growth, compute density, memory bandwidth/capacity scaling,
interconnect scaling, accelerator TDP, and pricing trajectories.
To evaluate robustness, we independently sweep the annual

Trend Dimension BOP Optimal BOP in Top-5
(max ±%) (max ±%)

Model Growth ±45% ±80%
Demand Growth ±50% ±85%
Compute Density ±35% ±75%
Memory BW/Capacity ±40% ±80%
Interconnect Scaling ±55% ±85%
Accelerator TDP ±45% ±75%
Pricing Trajectory ±50% ±85%

TABLE X: Robustness of the Baseline-Optimal Policy (BOP)
to trend deviations. Lower ranges indicate fragility.

scaling rate of each dimension by a relative percentage devi-
ation from its baseline projection (e.g., ±45% correspond to
a 45% increase or decrease in the assumed annual improve-
ment/growth rate) and re-run the simulations.

For each trend, we measure whether the baseline-optimal
policy (BOP) remains (1) strictly optimal and (2) within the
top-5 lowest-TCO policies. This quantifies tolerance mar-
gins of the BOP and distinguishes robust conclusions from
scenario-dependent ones. Table X summarizes the results.
Across all dimensions, the BOP remains strictly optimal under
substantial deviations: from ±35% (compute density) to ±55%
(interconnect scaling). Even under larger deviations of ±75-
85%, it consistently remains within the top-5 policies. Hence,
the optimal refresh strategy is robust to large uncertainty.

Compute density and memory bandwidth/capacity exhibit
tight margins (±35% and ±40%, respectively), reflecting their
direct influence on the dominant bottleneck in roofline models.
In contrast, interconnect scaling, demand growth, and pricing
trajectories primarily affect the magnitude of lifecycle TCO.

Workload dynamics influence refresh timing: reducing
model growth by 40-50% favors longer lifecycles and addi-
tional generation skipping, whereas upward shifts in model
size or demand accelerate memory and interconnect bottle-
necks and trigger earlier refresh. Memory bandwidth scaling
exhibits high leverage in memory-bound regimes: slowing it by
≈35% can advance refresh by one generation even if compute
density follows baseline trends. Pricing largely affects the
magnitude of TCO rather than policy structure: even under
±50% pricing deviations the BOP remains strictly optimal.

Importantly, our framework does not prescribe a single
universally optimal strategy, as it is scenario-dependent. How-
ever, a unified conclusion remains robust across all tested
regimes: AI datacenters benefit from refresh strategies co-
designed with workload demand, model properties, and cross-
stack efficiency, rather than fixed generational upgrade rules.

IX. CONCLUSION

The rapid growth of AI has outpaced traditional datacenter
management. AI datacenters need flexible designs, advanced
cooling, and software for heterogeneous hardware. While life-
cycle stage-specific (build, IT provisioning, operate) improve-
ments help, the biggest gains, up to 40% TCO reduction, come
from a holistic, cross-stage approach that anticipates workload
dynamics and hardware trends, enabling cloud providers to
scale efficiently and control costs.
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