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Abstract
Datacenter growth is driving unprecedented demand for
both electricity and physical infrastructure. Today’s servers
typically rely on wide out-of-order (OoO) cores running at
high nominal frequencies to meet SLOs, but rising power,
silicon, memory, and cooling constraints call for rethinking
this design point. We present a methodology for designing
power-density-optimized CPU chiplets for server workloads.
Our results show that optimal operating frequency can be up
to 50% lower for air-cooled systems, and chiplets may favor
in-order (InO) cores even for SLO-sensitive services, contrary
to conventional trends. Overall, power-density-optimized
chiplets improve performance by 1.7×–6.1× over conven-
tional out-of-order baseline chiplets.

1 Introduction
Datacenter growth has been exponential in recent years
thanks to the explosion of global cloud services, the un-
precedented computing demands of AI, and the slowdown
in Moore’s Law. Even in the AI era, CPUs remain crucial;
datacenter demand is projected to grow by 1.7× for conven-
tional (CPU-based) workloads and by 3.5× for AI (CPU- and
accelerator-based) workloads by 2030 [18].
Contemporary server CPUs employ high-frequency (≥3

GHz), 4–6-wide out-of-order cores. These CPUs typically
have large on-chip caches which act as dim silicon to meet
air-cooling power density limits [9, 12, 27]. As servers shift
from air to liquid cooling, chips can operate at higher power
densities, and industry trends are moving toward designing
CPUs with higher core counts, higher single-thread perfor-
mance, and even higher operating frequency [10].
However, datacenter operators face pressing operational

and capital constraints that are unlikely to ease soon. A May
2025 report from the International Energy Agency projects
global datacenter electricity use to grow by 16% annually,
exceeding 950 TWh by 2030 [15]. Meanwhile, rising server
costs and the slowdown of Moore’s Law have pushed archi-
tects toward larger CPUs to improve performance per socket.
Yet manufacturing cost grows superlinearly with die area,
making continued area scaling increasingly unsustainable.
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These trends in turn influence the optimal architecture and
operation of future server CPUs. Given current power limi-
tations, it is essential to maximize performance per power.
Designs must also optimize performance per area for high
silicon and memory utilization. Computer architects must
design for both of these (often competing) metrics while
meeting SLO and power density constraints.
We show that when optimizing performance for a given

power density (unifying area and power constraints), design
space parameters interact in ways that challenge prior as-
sumptions and motivate new design choices. To the best of
our knowledge, this is the first work to design power-density-
optimized chiplets for server workloads by comprehensively
exploring the design space across all major circuit, architec-
tural, and system-level factors that influence the trade-off
between performance, power, and area.
We combine simulation with analytic models to identify

core, frequency, and transistor type configurations on the
Pareto frontier between performance per area and perfor-
mance per power using CloudSuite [5], DCPerf [26], and
DeathStarBench [11]. Using these Pareto-optimal configura-
tions, we search the chiplet design space including on-chip
SRAM and queuing semantics to maximize SLO-constrained
performance under a target power density. Finally, we eval-
uate the optimal chiplets using full-system cycle-accurate
simulation and queuing models to demonstrate higher per-
formance over baseline air- and liquid-cooled chiplets.

This paper makes the following contributions:

• We show air-cooled chiplets built with high-threshold
logic transistors running at 1.5-2.0 GHz outperform
3.0 GHz baselines by 1.7-6.1× while meeting SLO.

• We show single-queue semantics enables chiplets with
in-order cores to become competitive even for work-
loads with tight SLOs.

• We show liquid-cooled chiplets still see benefits from
reducing frequency. Chiplets operating at 2.8 GHz out-
perform 3.4 GHz baselines by 1.7-5.8×.

2 Optimal Chiplet Design Space Parameters
Prior work [2, 21, 25] has studied how core complexity and
frequency affect IPC, area, and power. Here, we focus on less
explored chiplet design-space parameters and the interac-
tions that arise especially when considering SLO constraints.
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Figure 1. Power against frequency modeling for an off-the-
shelf Neoverse N1 and an all-HT Neoverse N1 core.

2.1 Frequency & Transistor Type
Transistors typically operate in the superthreshold region,
where 𝑉𝑑𝑑 is well above threshold voltage [4]. We focus on
this region because near-threshold operation faces perfor-
mance, robustness, and yield challenges [8, 24]. Superthresh-
old operation further has two sub-regions. In region V𝑑𝑑 ,
voltage and frequency scale together until reaching 𝑉𝑚𝑖𝑛 ,
reducing dynamic power roughly cubically with frequency.
Below 𝑉𝑚𝑖𝑛 , in region f, voltage is fixed and dynamic power
scales only linearly with frequency. Figure 1 illustrates this
behavior for a modeled 7nm ARM Neoverse N1 core.

At low frequencies, leakage becomes 30-50% of total power,
largely due to low-threshold-voltage (LT) transistors in latency-
sensitive logic and upper-level SRAMs. We observe that a
hypothetical all-high-threshold-voltage (HT) core can elim-
inate leakage and result in lower total power in region f
as shown in Figure 1. Although HT transistors are unsuit-
able for high frequencies because they require a higher 𝑉𝑑𝑑
(thereby increasing dynamic power), they are an attractive
choice for low-frequency designs. Thus, transistor type and
frequency must be considered jointly.

2.2 Impact of SLO
A tight SLO favors high single-thread performance, but im-
proving single-thread performance increases core power
and area superlinearly. Therefore, the most area- and power-
efficient core depends on SLO strictness. Figure 2 illustrates
this interaction for a Web Serving workload [5], showing
the Pareto frontier between performance per area and per-
formance per power. The plotted frontier does not account
for L2 and LLC SRAM area and power.
Figure 2 (left) shows the Pareto frontiers for the target

300 ms SLO, while Figure 2 (right) shows the effect of relax-
ing the SLO by 4×. Under a tight SLO, high single-thread
performance is required, so OoO cores dominate InO cores
in both performance per area and performance per power.
As the SLO relaxes, cores can run at lower frequencies and
InO cores become Pareto-optimal instead. The dashed lines
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Figure 2. Pareto-optimal cores running Web Serving under
the target SLO (left) and a four-times relaxed SLO (right).

Table 1. Single-core design space parameters
Parameter Range
Core Microarchitecture InO, OoO
Pipeline Width 1, 2, 3, 4
L1 (4-way) size 8 KB, 16 KB, 32 KB, 64 KB
BTB (4-way) entries 256, 512, 1K, 2K, 4K, 8K, 16K
SMS (16-way) entries None, 1K, 2K, 4K, 8K, 16K
Clock Frequency 1 GHz - 3 GHz
Transistor Type LT, HT

indicate air- and liquid-cooling power-density targets. All
cores exceed the air-cooling target, indicating that chiplet
designs need dim SRAM to reduce overall power density.

Most prior work [2, 13, 21] studies core-complexity trade-
offs without SLOs. While related work [7] uses Pollack’s
Rule and queuing models to study SLO-aware core choices,
core performance and area do not always scale quadrati-
cally [9], and complexity may not reflect performance for
memory-bound workloads. These factors motivate revisiting
core-complexity tradeoffs for SLO-constrained workloads.

2.3 Choice of Queuing Semantics
A chiplet with 𝑛 cores can use either multi-queue or single-
queue semantics. In the multi-queue model (used by contem-
porary servers), requests are distributed across 𝑛 indepen-
dent per-core queues, so performance scales as 𝑛× single-
core performance. In the single-queue model [6, 14, 16, 17,
19, 22], all requests enter a shared logical queue served by
all cores. Queuing delay decreases sharply as core count in-
creases, thereby favoring high core-count chiplets. To our
knowledge, this is the first work to evaluate how queuing
semantics affect the optimal chiplet design point.

3 Evaluation
3.1 Workloads & Methodology
We evaluate four representative workloads: Graph Analytics
(GA), a batch workload without SLO; Data Caching (DC)
and Web Search (WSEA), monolithic workloads with a re-
laxed 1 ms SLO and a tight 200 ms SLO respectively; and
Media Microservices (MMS), a microservice-based work-
load with a tight 100 ms SLO. For non-SLO workloads, per-
formance is measured by throughput. For workloads with
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Figure 3. Single-core Pareto-optimal frontiers. Axes are lin-
early scaled per workload to aid comparison.

SLOs, performance is measured by the maximum throughput
achieved while meeting the specified SLO. Other workloads
from CloudSuite and DCPerf exhibit similar trends.

We create a single-core CPI model derived from Hardavel-
las et al. [12] to explore the design space (see Table 1). We
use functional and cycle-accurate timing simulation [20] to
extract model parameters. The CPI model, together with
frequency and instruction count measurements, is used to
estimate average service time across all design-space configu-
rations. For workloads with SLOs, we combine the estimated
service time with queuing models to compute performance.
We then sweep the design space to identify optimal chiplet
configurations for air and liquid cooling. Finally, we simulate
these configurations using the sampling methodology [28]
and use the resulting IPC measurements with our queuing
models to obtain final performance estimates.

3.2 Pareto-optimal Core Design
Figure 3 shows single-core Pareto frontiers for the work-
loads. We observe that 2-way InO cores are Pareto-optimal
for non-SLO workloads (such as GA), corroborating prior
work [2]. Analytics workloads are memory-bound; the lim-
ited MLP gains from OoO cores are outweighed by their
area and power overheads. InO cores continue to dominate
OoO cores for lax SLO workloads (such as DC, 24× zero-load
tail latency). DC has low ILP and MLP, making InO cores
inherently more silicon-efficient for this workload, and its
SLO target is insufficiently stringent to make OoO cores com-
petitive. For MMS and WSEA (both with 6× zero-load tail
latency), OoO cores dominate InO cores. WSEA is compute-
bound and, when combined with a strict SLO target, strongly
favors high single-thread performance. For MMS, the already
strict SLO target decomposes into stricter per-service latency
targets, thus favoring high single-thread performance.
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Figure 4. Perf. gain of air-cooled OoO and InO optimized
chiplets. Air-cooled optimized chiplets use HT transistors.
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Figure 5. Perf. gain of liquid-cooled OoO and InO optimized
chiplets. Liquid-cooled optimized chiplets use LT transistors.

3.3 Pareto-optimal Chiplet Design
We select the Pareto-optimal core configurations identified in
our single-core design-space exploration, reserve space for a
reasonably sized LLC (1 MB per four cores from working set
analysis) and sweep frequency, core count, transistor type,
and queuing semantics to identify optimal chiplet designs re-
specting area, power, and memory bandwidth budgets (taken
from a scaled-down Zen 3 chiplet [3]). Air-cooled baseline
uses 4-way OoO cores at 3 GHz [1], while the liquid-cooled
baseline uses the same cores at 3.4 GHz [23]. Figure 4 and Fig-
ure 5 show the performance gain of our optimal chiplets over
the baselines for air- and liquid-cooling respectively.

3.3.1 Air-cooled Chiplets. For non-SLO workloads (GA),
the superior silicon efficiency of InO cores directly translates
into higher overall performance for the optimal InO chiplet
relative to the optimal OoO chiplet. Because these work-
loads do not have SLOs, their performance is independent
of whether a multi-queue or single-queue system is used.
As single-core performance is not a concern, the optimal
frequency reduces to 1.5 GHz (with HT transistors) for both
the InO and OoO chiplets. At this point, all cores on each
chiplet are powered on and both designs are area-bound.
For SLO-constrained workloads, performance and opti-

mal frequency depend on the queuing system. In a multi-
queue system, 𝑛 cores behave as 𝑛 independent queues, so
single-core silicon efficiency directly translates to chiplet
performance, as observed across workloads. The InO chiplet
performs better for lax SLOworkloads, while the OoO chiplet
performs better for tight SLO workloads. For both chiplets,
lax SLO workloads are optimal at 1.5 GHz with all cores ac-
tive, whereas tight SLO workloads are optimal at 2 GHz with
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25% of cores powered off to meet single-thread performance
needs. HT transistors are optimal in all cases.

Moving from a multi-queue to a single-queue system dras-
tically changes performance trends: both chiplets are optimal
at 1.5 GHz (using HT transistors) with all cores active, and
the InO chiplet outperforms the OoO chiplet for almost all
workloads while remaining competitive for WSEA. A single
queue provides a global view of all cores and can assign
each request to any available core, improving load balancing
and minimizing queuing delays. The benefit is larger for
the InO chiplet because it has 3× more cores, increasing the
likelihood that an incoming request finds an idle core.

3.3.2 Liquid-cooled Chiplets. The higher power budget
makes the chiplets area-bound rather than power-bound, al-
lowing higher frequencies. The optimal frequency increases
to 2.8 GHz (using LT transistors) with all cores active but
still 17% below the 3.4 GHz baseline. Key trends in core com-
plexity and queuing semantics remain unchanged.

4 Conclusion
We show that server chiplets can operate at substantially
lower frequencies while still meeting SLOs. The saved power
can instead be used to power more cores, reclaiming dark
silicon in power-constrained CPUs. While OoO cores remain
important for tight SLOworkloads under conventional multi-
queue systems, single-queue semantics shifts the optimum
toward many smaller InO cores.
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