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Abstract—Computing is an indispensable tool in addressing
climate change, but it also contributes to a significant and steadily
increasing carbon footprint, partly due to the exponential growth
in energy-demanding workloads, such as artificial intelligence
(AI). While hardware specialization has become the primary
driver of operational energy efficiency improvements, it intro-
duces new challenges including increased embodied emission, and
a rise in complexity of operations of heterogeneous and dynamic
datacenters. We posit that while specialization is necessary for
sustainable computing, to fully harness its power, the academic
and technical community must address the specific challenges
arising from embracing it. We enumerate and analyze key
challenges that specialization introduces across software, system
design, and operations, and their potential impact on carbon cost,
and propose a way forward for each identified area. Furthermore,
we argue that intricate relationships exist across the life-cycle
of compute systems, which must be understood, modeled, and
analyzed to identify the most beneficial Pareto frontiers for
carbon life-cycle efficiency. We analyze these trade-offs and
offer an approach to address them using a unified metric and
framework.

Index Terms—Carbon footprint, chiplet design, energy effi-
ciency, eBPF, low power consumption, runtime optimization,
specialization, sustainable computing.

I. INTRODUCTION

LIMATE change is arguably the biggest threat that

humanity is facing today [1]. Datacenters are an increas-
ing source of carbon emissions which has two components:
operational emissions, comprising the carbon footprint of the
machines plus cooling and power distribution overheads, and
embodied emissions, incurred by the design and manufacturing
of computing systems [2]. Datacenters already account for
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1-2% of global electricity consumption, and their share is
dramatically increasing. Global datacenter electricity con-
sumption reached 460 TWh in 2022 (more than doubling since
2018) and is expected to exceed 620 TWh in 2026 [3].

A confluence of trends contribute to this acceleration in
datacenter carbon emissions. First is an increased demand for
computing in general, and particularly for power-hungry Al
workloads, including large language models, foundation mod-
els, and generative Al [4]. Model sizes have grown steeply,
from the 110 million parameters in the BERT base model
(2018) [5], to 175 billion parameters in GPT-3 (2020) [6],
and trillions of parameters (speculated) in GPT-4 (2023). The
energy consumed in data preparation, training, adaptation and
inference has grown with parameter count. Strubell et al. [7]
equate the training of a single large language model with the
carbon emissions of five cars through their life time. Recently
there have been multiple attempts to quantify the energy usage
and carbon emissions of models throughout all phases of their
life cycle, including the manufacturing of specialized systems
required to run Al, and operational phase activities including
data preparation, training, alignment, and inference [8], [9],
[10], [11].

The second trend is the demise of Dennard scaling [12]
combined with the slowing of Moore’s Law. In anticipation
of this outlook, early work by Brooks et al. [13] highlighted
the need to invest in power-aware microarchitecture design,
aided by associated pre-silicon power-performance modeling
methodologies. Much later, in a seminal paper [14], Horowitz
established that we had reached the physical limits of power
density, and thus energy had become the bottleneck in scaling
performance of CMOS devices. This reality, coupled (of late)
with the intense computational demands posed by Al, fuels the
rush to design specialized systems that can reduce the energy
per operation, albeit for a subset of computations. Accelerators
such as Graphics Processing Units (GPUs), Tensor Processing
Units (TPUs), Al Units (AIUs), and fixed-function hardware
modules are much more efficient in Al training and inference
than general-purpose CPUs. Consequently, integrated-circuit
designers have moved towards system-on-chip (SoC) archi-
tectures that combine a heterogeneous mix of these
components.

Given the exponential growth in energy-hungry workloads
and the flattening of Dennard scaling, we posit that to fully
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harness the power of specialization, we must adopt a holistic
approach addressing all phases of the compute life-cycle. In
doing so, we must analyse and address the unique challenges
that are introduced or exacerbated by specialization and the
ensuing heterogeneity.

The paper is organized as follows. In Section II, we
enumerate four main challenges that specialization and the
ensuing heterogeneity introduce or exacerbate across the life-
cycle of compute, and their potential negative effect on carbon
cost: (1) life-cycle trade-offs, (2) design complexity, and
cost, (3) Bloated, wasteful Operating System (4) heteroge-
neous data-center management complexity. The remaining
sections are dedicated to addressing each of the challenges.
Section VII concludes the paper.

II. SPECIALIZATION: COMPLEXITY AND OPPORTUNITIES

As the demand for energy-efficient computing continues
to grow, chip designers are increasingly turning to special-
ized architectures and SoC designs, where a plurality of
accelerators are introduced along side general purpose CPUs
on a single chip. This is a necessary step in order to
improve the operational efficiency of a diverse set of high-
intensity workloads that exhibit special characteristics, such
as, signal and stream processing, Artificial Intelligence, and
Cryptography. While specialization is necessary for sustained
energy efficiency improvements, the following challenges that
must be understood and addressed in order to fully harness its
power.

Challenge 1: Tradeoffs across the lifecycle By tailoring
the hardware to the software’s needs, heterogeneous designs
can achieve significant improvements in energy efficiency dur-
ing the operational stage of the compute life cycle. However,
as the complexity of single-die SoCs grows, so is the carbon
associated with its design and manufacturing. There are several
factors that contribute to the increase in carbon cost, includ-
ing reduced yield, increase in the number of manufacturing
processing steps required, and increase in required gases,
used for etching, photolithography, and deposition. While the
discussion of sustainable manufacturing is beyond the scope
of this paper, we argue that trade-offs across the life-cycle
between carbon manufacturing cost (contributing to embodied
emission) and operational energy-efficiency gains must be
analyzed and understood in order to identify optimal design
choices for lifetime carbon efficiency. In Section III we discuss
these trade-offs and offer a unified metric and a conceptual
framework to meaningfully address them.

Challenge 2: Sustainable design Heterogeneity increases
the complexity of the design process in terms of hardware-
software interactions, access to shared resources, and
diminished regularity of the design [15]. This complexity
contributes to an increase in energy spent on designing new
specialized chips. The problem is exacerbated by the design
irregularity and the lack of means for an effective reuse of
existing intellectual property (IP) blocks in designing new
chip by composition, rather than re-invention. In Section IV,
we discuss an approach to address these challenges, by

using an open-source platform that encourages and facilitates
modularity and reuse in SoC design. We analyse the benefits
of this approach with a real-life use case.

Challenge 3: Sustainable operating systems Existing
datacenter system software, and in particular widely-used
operating systems (OSes) and hypervisors, have no awareness
of sustainability when allocating resources and scheduling
applications. In fact, existing OS resource allocation policies,
which generally aim to keep computing resources fully uti-
lized, may lead to increased operational carbon emissions, for
example by unnecessarily keeping “cold” pages in memory to
maximize memory utilization. In addition, due to their gener-
ality and need to support legacy applications and interfaces,
OSes are bloated, wasting many cycles synchronizing and
traversing software layers, rendering them poorly-equipped to
take advantage of specialized hardware. Indeed, it has been
estimated that about 20% of datacenter cycles go to waste
in Linux’s various software layers alone [16]. In Section V,
we explore a promising approach to make system software
sustainability-aware, by exploiting extensibility frameworks
(eBPF) supported by Linux and Windows. These frameworks
can be used to expose sustainability-related metrics to applica-
tions, bypass expensive OS software layers, and to customize
OS behavior to reduce operational emissions and take full
benefit of heterogeneous datacenter resources to optimally run
a diverse set of workloads.

Challenge 4: Sustainable datacenters A heterogeneous
datacenter incorporates multiple different types of chips,
memory, storage, and network, organized in layers spanning
power sources, hardware systems, operating systems, manage-
ment software, and applications frameworks. Such a datacenter
is used to run a dynamic and a diverse set of workloads, where
every workload is associated with a service level objective
(SLO) defining latency, bandwidth, energy and cost goals.
A careless allocation of resources to workloads may result
in inefficiencies, due to underutilized, or stranded resources.
Because hardware components span orders of magnitude in
performance and efficiency, optimization algorithms and their
implementations are essential at multiple levels: at the bottom,
to control power caps and device partitions to respect power
budgets, higher up to map workloads within and across racks
for efficient cooling and job completion. An optimal use of
datacenter resources must factor-in aspects such as the specific
characteristics of the compute systems and workloads, as well
as other factors such as cooling, which is a major source
of energy cost. Section VI further delves into heterogeneity’s
impact on runtime optimization in datacenters, giving special
attention to the unique challenges and opportunities introduced
by AI workloads.

III. ADDRESSING TRADE-OFFS ACROSS THE LIFE-CYCLE

As single-die SoCs grow in complexity, so does the carbon
associated with their manufacturing. The number of processing
steps increases and fabrication yields drop, increasing the
amortized carbon cost per chip. This situation is not unique
to processing chips, but also applies to memory, storage and
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its useful lifespan and increases the amortized carbon cost
per operation. Redundancy is a common remedy for this
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extra memory cells or controller circuits, designers can ensure
that a device continues to function even if some components
fail. This, in turn, amortizes the embodied emissions asso-
ciated with the device’s production over a longer lifetime,
thereby improving its lifetime carbon efficiency at the expense
of increased carbon cost during manufacturing. A holistic
life-cycle carbon analysis is thus necessary to meaningfully
identify the optimal design point, balancing the carbon cost
of redundant hardware with the increased amortization thanks
to an extended device lifetime. Generalizing this principle, we
argue that it is important to analyse system design choices, by
taking into account both the expected operational efficiency
gains and the embodied cost losses leading to optimal life-
cycle carbon efficiency.

In a comprehensive carbon reduction ecosystem (depicted
in Figure 1), operational and manufacturing concerns are ana-
lyzed together to co-evolve hardware and software to minimize
the life-cycle carbon footprint. During the Operational Phase,
management software will allocate resources to arriving jobs,
based on the type of job, its SLO, and the properties of
the resources. Such management software must rely on on-
line quantification (such as [17]) to understand the current
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class of workloads based on understanding of their runtime
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To inform new system design, we require comprehensive
metrics that reflect the shared metrics reflecting operational
carbon and embodied carbon costs. Here we put forth expres-
sions that quantify and relate embodied and operational carbon
footprint, both of which we quantify using units of carbon
dioxide equivalent (§CO»e).

We start with the job sustainability cost (JSC), defined by
Gandhi et al. [18]. The JSC of a job includes the total carbon
footprint of all of the systems participating in the execution
of that job, including indirect support systems that provide
cooling and power distribution. Because a job might run on
multiple machines, we quantify its JSC piece by piece.

The expression below, JCS(j, m) is the operational carbon
emissions of the portion of job j that runs on machine m.
It starts with the number of operations to be executed on
m (Ops(j, m)) and multiplies that number by the efficiency
of machine m (%;(m)). This product gives the total Joules
needed by job j on machine m, which is then converted
to Joules needed by factoring in the power usage efficiency
( i:j;‘;) of the datacenter. This energy cost is converted to
carbon cost based on the cleanliness of the energy source,
i.e., the mix of energy sources and their associated carbon
emissions (%).

Jneeded(m) Jused
Op J, needed

CO,
X

JSC(j, m) = Ops(j, m) x
Jused

The first two of these terms are within the sphere of control
for hardware and software designers. Thus, their objective is
to minimize the total energy needed for the job (Jyeedeq, the
product of the first two terms). In so doing, system designers
can minimize carbon emissions regardless of the datacenter
design (third term) or energy source (fourth term).

To this operational carbon cost, the amortized sustainability
cost (ASC) [18] layers in the amortized carbon cost of
manufacturing each machine m involved in completing job j:

Ops(j, m)

ASC(j) = Z(JSC(]’, m) + Opstr)

mej

X EMC(m))
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Here, EMC(m) is the embodied cost for manufacturing m.
So, to the baseline JSC, we are adding a share of the embodied
carbon cost of m, with this share calculated as a proportion of
the operations executed on m due to job j (Ops(j, m)) to the
total operations completed by m over its lifetime (Ops(m)).
These definitions can be generalized to factor in different types
of operations performed on m in the execution of a job j, where
each operation type consumes a different amount of energy.

Finally, Dennard et al. [12] extend the notion of an embod-
ied cost from hardware to software, defining the embodied
product cost (EPC), which quantifies the carbon cost of a
software product. For example, an Al model m is a software
product whose EPC is the sum of all ASC(j) for all j involved
in the development, test, pre-training, and other jobs executed
in order to deliver m.

To understand how these expressions capture the key
dynamics, let us consider a real-world example of hard-
ware reuse. DDR4 memory devices are not supported by
the memory bus interface of modern server platforms.
However, major datacenter operators, including Meta [20]
and Microsoft [21], plan to reuse old DDR4 DIMMs by
connecting them via the new CXL memory interface, and
leaving the memory bus to newer DDRS memory. In this
particular example, if DDR4 CXL memory comprises 40%
of the total server memory capacity, which is projected to
be a typical server configuration in certain datacenters [22],
operators expect to reduce server emissions by more than 20%
thanks to the recycled DDR4s [21]. Recycling DIMMs in this
way effectively extends their lifetime. If this is anticipated
early, it can be reflected in an increased Ops(m) value. If it is
not anticipated, the embodied cost of the DIMM is paid off
over the original lifetime, after which the only carbon cost to
using the DIMM is the operational JSC.

IV. AGILE DESIGN FOR SUSTAINABILITY

In the late CMOS design era, energy-efficient performance
is achieved by realizing domain-specific SoC architectures that
are heterogeneous because they combine CPU cores with a
large variety of specialized hardware accelerators. However,
as discussed in Section I, the price of heterogeneity is an
increase in design complexity. Indeed, the net cost of design,
programming and verification of heterogeneous SoCs is a
major contributor to embodied carbon costs (Figure 1).

Agile SoC design methodologies [23] can play a crucial
role in carbon footprint reduction by simplifying design reuse
and increasing the productivity of the design team. The ESP
project [15], [19], [24], developed at Columbia University, has
evolved rapidly to become an open-source design platform
that enables the design, emulation, and silicon tape-out of
complex heterogeneous SoCs in less than thirty person-
months [25], [26]. Figure 2 shows a high-level view of the
ESP methodology, which supports a number of front-ends
for design specifications: from register-transfer level (RTL)
specifications expressed in hardware description languages
such as SystemVerilog, to higher-level specification expressed
in SystemC that can be synthesized to hardware with high-
level synthesis tools. Furthermore, for the critical domain of

Al, ESP leverages the hls4ml open-source project [27], [28] to
provide a domain-specific design flow from higher-level speci-
fications expressed in frameworks like PyTorch. A key enabler
of agile design is the support for the reuse of IP blocks through
libraries of hardware and software components that combine
ESP-native elements (developed with the various design flows)
with external IP blocks acquired from the open-source world.
The ESP methodology provides almost “push-button” capabil-
ities for integrating multiple, heterogeneous IP blocks into a
single, tiled-based SoC architecture [24]. Tiles are connected
by a scalable, multi-plane twp-dimensional mesh network-on-
chip, which provides them with a set of pre-designed platform
services [15]. ESP simplifies the generation of an integrated
bitstream for FPGA implementation; or, eventually, an inte-
grated RTL that drives the backend ASIC design flow [29].
The agility of the ESP approach was demonstrated with the
realization of the EPOCHS-1 chip in a 12nm technology
process [26]. The design of this SoC, which features a variety
of open-source hardware components (14 different types of
accelerators next to 4 RISC-V cores capable of running many
simultaneous applications on top of a Linux-SMP OS) was
carried out by a small team of PhD students, postdocs, and
industry researchers in 3 months.

To compensate the slow-down of technology scaling and
maintain competitive growth in performance, the sizes of
chips tend to increase, especially processor chips for high-
end server- and mainframe-class processors. An increase in
chip size negatively affects the yield, thus resulting in cost
escalation. This is clearly not a sustainable proposition for
the chip industry. In this context, chiplet-oriented design with
heterogeneous integration (HI) packaging technology has the
potential of starting a new era of computing [30]. This cost-
effective and carbon-friendly design trend promises to sustain
the next-generation growth in datacenter footprint across the
globe. Taking advantage of chiplet/HI packaging technol-
ogy requires that agile SoC design methodologies evolve
to support system-in-package (SiP) designs with advanced
degrees of design automation. In particular, agile SoC+SiP
design methodologies can reduce operational carbon costs by
enabling modular and scalable on-system power-management
architectures (Figure 1). A proof point of this claim is
BlitzCoin [31], the novel distributed hardware power man-
ager (DHPM) that was implemented in the EPOCHS-1 chip
by using the ESP methodology [26] BlitzCoin gets rid of
the centralized bottleneck posed by classical global power-
management architectures in multi-core processors. As it
fosters scalability, DHPM is the way forward for many-core
designs with or without heterogeneity. With this approach,
each processor or accelerator tile is designed to support its
own power control mechanism, guided by its allocation of
power tokens. The DHPM manages the dynamic exchange
of tokens across neighboring tiles, driven by changing work-
load demands. Its novel algorithm maximizes system-level
performance for a given power budget, which is determined
by the maximum number of power tokens in the system [31].

In ongoing work that builds on the BlitzCoin approach, we
have shown that the decentralization of power management
can be architected hierarchically, from chips to servers and
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Fig. 2. Agile SoC design with the ESP platform [19].

all the way up to the datacenter level. With the onset of the
modular, chiplet-oriented design era, we envision the use of
reusable power management chiplets that would be instantiated
in a SiP to monitor and control the power consumption of
the other compute and memory chiplets. The modular reuse
of chiplets, coupled with heterogeneous integration, points to
cost-effective design with reduced carbon emission over time.

V. SUSTAINABILITY-AWARE OPERATING SYSTEM

While hardware systems have always been designed with
power (and energy) as a first class citizen, system software
has almost no awareness of power or energy. In particular, the
OS, which sits at the core of datacenter resource allocation,
whose primary function is to assign hardware resources (CPU,
memory, I/O bandwidth) to applications, does not take sustain-
ability into account in its decisions. Instead, the implicit goal
of the OS is typically to keep all hardware resources (e.g.,
CPU/GPU cores, memory) fully utilized, while maintaining
some degree of fairness across applications. While in some
cases a policy of high hardware resource utilization does lead
to lower carbon emissions, in many cases it does not. For
example, over time, the Linux OS will end up allocating all
of its available memory capacity to long-running applications,
even if the application “working set” (i.e., the amount of
memory they need to achieve reasonable performance) is
much smaller than the total memory capacity. In contrast, a
sustainability-aware OS may choose to use a lower amount
of memory, and even power down idle energy-hungry DRAM
banks. Such a policy could even allow the datacenter operator
to deploy fewer DRAM DIMMs (or reuse older, low capacity
DIMMs), reducing not only operational carbon emissions, but
also embedded ones.

Making matters worse, existing OSes introduce many soft-
ware layers of abstraction that lead applications to waste
a significant percentage of their CPU cycles on “useless”
computation that is not related to the actual application.
Examples include copying memory unnecessarily from one
layer of the OS stack to another, synchronizing across different
layers, and serialization and deserialization. Our prior work
shows that when reading small requests from storage in Linux,

about half of CPU cycles are wasted simply traversing the
multiple layers of Linux’s software stack [32]. The Linux
networking stack is notoriously even more wasteful [33], [34].
This “bloated” software stack leads to both increased oper-
ational and embedded carbon emissions, causing datacenter
operators to over-provision their clusters.

Finally, with the proliferation of specialized hardware, the
task of an OS becomes even harder. It is very difficult for a
monolithic OS, such as Linux or Windows, to anticipate every
possible hardware configuration it will be deployed with, in
order to hide the complexity of those hardware configurations
from applications, and to optimally utilize hardware. While
one approach to solve this problem is to design a “clean
slate” OS that will be sustainability-aware as well as be less
wasteful, it would exorbitantly expensive to migrate the entire
application ecosystem to a new OS.

Fortunately, mainstream OSes (Linux and Windows) now
support a technology, called eBPF [35], that allows us to
customize and extend these OSes. eBPF allows applications
to run custom functions in the kernel. This might allows
applications for example to modify the OS’ scheduling policy
to be sustainability-aware [36], [36], [37], use eBPF to bypass
expensive software layers that lie on the critical path of
the application [32], [38], or use eBPF to take advantage of
new types of programmable hardware accelerators, such as a
smartNIC [39] or smartSSD [40].

Therefore, we envision that by using eBPF, we can
transform standard monolothic OSes like Linux to become
sustainability-aware, reduce their overhead and better utilize
the plethora of hardware accelerators that will become avail-
able in the coming years. However, there are significant open
obstacles in realizing this vision.

We group these obstacles into three categories: (a) lack
of software-level telemetry to measure sustainability, (b) new
integrations with Linux, and (c) limitations of existing eBPF
framework. The first obstacle is the lack of visibility into
metrics related to sustainability at the software level. Today,
applications have no knowledge of how much energy they
consume or carbon emissions they generate. There have been
initial efforts in this direction, including the open source
Kepler project [17], which provides applications with visibility
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on how much energy they consume, utilizing existing power
estimation tools provided by Intel and AMD CPUs. However,
there remain significant gaps: energy does not automatically
translate to carbon (especially embodied carbon) emissions,
and right now we only have visibility on the energy usage of
CPUs, but not of memory, storage or the network.

The second obstacle in making Linux a ‘“sustainable
OS” using eBPF is that it currently has no mechanisms
to incorporate energy (and carbon) in its resource alloca-
tion and scheduling policies. For example, to make Linux
sustainability-aware requires navigating its millions-of-line
code base to find appropriate places to add new tracepoints
(Linux functions that can be observed externally by an
application) and hooks (points in the kernel code where
custom eBPF function can be inserted in runtime) that can
accommodate sustainability-aware policies. For example, to
allow Linux to take advantage of a particular programmable
network or storage device, we need to add hooks in Linux’s
I/O stack that would allow it to offload I/O computations to
the external device. Or in order to make Linux incorporate
energy-consumption into its scheduling decisions, we need to
be able to add hook into its scheduling functions to take into
account energy as an additional metric.

The final obstacle is that eBPF as a programming framework
itself imposes certain limitations, which limit its functionality,
such as the length of functions, its ability to dynamically
allocate and reference memory, etc. These limitations exist
in order for functions to be verified before they run in
privileged kernel space. However, some of these limitations
may constrain our ability to customize Linux to be more
sustainable. For example, in order to offload functions and
data dynamically to external energy efficient devices (e.g.,
programmable NICs), we may need an ability to dynamically
allocate memory in eBPF, and to more efficiently synchro-
nize and share memory between the kernel and userspace
applications.

We have taken a first step in the journey of making
Linux more sustainable, by making the storage datapath be
significantly more energy efficient [32], [41]. Storage is a
significant source of carbon emissions in datacenters, both
directly (i.e., when accessing SSD devices), but also indirectly,
by generating a significant percentage of datacenter network
traffic in the case of networked storage (e.g., accounting for
70% of all network traffic in Azure datacenters [42]), and
consuming a significant percentage of CPU when traversing
the Linux storage stack for I/O intensive applications [32]. We
made the observation that storage-intensive applications (e.g.,
databases, analytics systems) issue series of dependent storage
accesses when they navigate a large on-disk data structure.
Today, these storage accesses require excessive traversals of
the OS storage stack, and even worse, in the case of accessing
a remote networked storage device, they cause many back-
and-forth network requests.

To avoid these back-and-forth requests, we created a new
framework called XRP (eXpress Resubmission Path), which
allows applications to run their storage traversals as eBPF
functions within the operating system. In the case of locally-
attached storage, this reduces unnecessarily traversing Linux’s
storage stack, wasting CPU cycles. In the case of remote storage,

this reduces a significant amount of network traffic (and its
processing). We integrated several storage systems with XRP,
including the widely-used RocksDB and WiredTiger, and showed
that XRP can directly reduce the CPU’s energy consumption
by 37% [41]. Furthermore, due to its much more efficient
operation, XRP allows datacenter operators to deploy their
storage clusters with far less DRAM than they do today without
hurting application performance, thereby significantly reducing
operational emissions and embedded emissions.

VI. SUSTAINABILITY RUNTIME OPTIMIZATION

The goal of minimizing the carbon footprint of datacenters
as they process various types of workloads, without compro-
mising performance or cost, has been considered at various
levels of the datacenter hierarchy [43], [44]. Generically,
datacenter power management is layered, where each layer has
its own, unique controls that are set by independent optimizing
controllers.

Significant work has been done addressing datacenter power
management. However, the proliferation of AI workloads
and the associated specialized hardware, has introduced new
optimization problems. The new specialized hardware tends
to have high power consumption. Al workloads have special
characteristics in terms of resource demand, performance, and
energy. Innovations at the specialized devices, their drivers,
and software stacks, create opportunities to better utilize them.
We aim to tackle some of these many challenges.

Al workloads, especially driven by large language models
(LLMs), may be categorized into three types: training, fine-
tuning, and inference. The needs of these three types of
workloads differ dramatically. Training jobs employ hundreds,
if not thousands, of GPU units for long duration such as
weeks or months. Fine-tuning jobs utilize a few or tens of
Al accelerator units for minutes or hours. Inference workloads
serve a stream of query requests, with varying intensity over
time, each using a whole, multiples, or a fraction of an
accelerator, with millisecond-scale response times required
via SLO. Horizontal, as well as vertical, auto-scaling of the
inference service is needed to react to surges in the request rate
with the goal of achieving guaranteed quality of service for the
various classes of requests. Horizontal auto-scaling involves
the adjustment of the number of replicas serving a particular
LLM inference model, whereas vertical auto-scaling involves
the re-assignment of GPU types, or slice size, to replicas.

Managing the resources for Al workloads opens a number
of optimization problems, which are compounded in the real
world where these workloads are co-mingled. The usage pat-
tern of workloads may incite the sharing of an accelerator unit
among multiple tasks [45]. Finding the optimal partitioning,
whether through time/space-sharing or slicing, among multiple
tasks is a challenging optimization problem [46], [47].

Modern accelerators offer the ability to impose a power
cap - trading off power and performance. Orthogonally,
many accelerators can be spatially partitioned (or “sliced”
using NVIDIA’s Multi-Instance GPU or MIG feature [48])
to allocate sub-accelerator slices to independent work-
loads. Configuring even one accelerator optimally requires
understanding how a workload will respond power and
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performance-wise to these settings, and then configuring and
allocating the resources to best match the current workload.
The space becomes richer when multiple accelerator types
are available, as is typical in a datacenter. Furthermore, the
scheduling algorithm that sends a task to a slice of an
accelerator, a whole accelerator, or multiple accelerators, must
be efficient and scalable. Figure 3 illustrates job scheduling on
multiple GPU units, where each unit may be sliced to improve
sharing and minimize power consumption, while satisfying job
performance objectives. Slicing configuration is determined
through profiling, and once a configuration is selected and
deployed, a scheduling algorithm decides on the dispatching
of jobs to the sliced partitions.

We have experimented with the impact of paring down
a GPU via slicing and power capping to understand the
relationship between performance and energy for training
workloads [49]. Our experiments suggest that power increases
proportionally to the size of a GPU slice to a point, after
which it saturates despite the share of the GPU continuing to
increase. This suggests that the optimal operational point for a
GPU is at full utilization, whether via multiple small slices, or
one larger workload that can saturate the device. Further work
is sought to examine a wider array of Al accelerator types.

A hybrid technique of using dynamic workload balancing and
static slicing to arrive at an optimal configuration, that is based on
machine learning, has been suggested [46]. Additionally, once
a particular partitioning configuration is effected, a scheduling
algorithm is needed to take advantage of the heterogeneity in
service rate and arrival pattern [S0], [51]. Further investigation
and experimentation with scheduling algorithms that are both
performance and power aware to schedule Al jobs on accelerator
units with slicing are needed. In general, optimizing accelerator
allocations involve multi-dimensional bin packing problems, as
other resources such as CPU, memory, switches, and accelerator
memory have to be considered, otherwise stranded resources
and/or wasted energy may result [52].

Asnoted, experimental results of profiling power consumption
as a function of utilization suggest that power increases
linearly up to a certain utilization then it saturates, making
the saturation region a desirable operating point. Selecting an
optimal configuration depends on the workload mix as well as the
overhead and penalty involved in conducting a change. We have
conducted experimental research by running training jobs on a
variety of MIG configurations and measured their corresponding
running time and power consumption [49]. Characterizing the
tradeoff between these two measures is crucial in selecting an
optimal configuration for a given workload mix, as well as in
job scheduling.

Pods are units of scheduling that consist of multiple con-
tainers, each placed on a set of resources in a node in the
cluster. At a higher level, the scheduling of pods impacts
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the power consumption of the datacenter. With Al workloads
and high energy accelerator units, the Kubernetes scheduler
needs to be energy-aware, as well as aware of power capping
and accelerator sharing [53]. Job schedulers, where a job is
a collection of pods, need to consider the trade-off between
energy consumption and job performance, among other fac-
tors. Scheduling across clusters, which may span different
geographical areas, involves taking the carbon intensities into
consideration, and not only energy. Optimized dispatching
across multiple clusters may lead to delaying some jobs,
within some specified timing constraints, to take advantage
of periods of low carbon intensity at some geographical
locations [54]. For inference workloads, hierarchical balancing
across clusters and within a cluster, while considering work-
load characteristics, multiple locations with varying carbon
intensities and multiple types of accelerators, is a challenging
problem [55], [56].

VII. SUMMARY AND OPEN QUESTIONS

In this paper, we offer a vision of how to harness the power
of specialization to reduce the energy and carbon associated
with computing. We posit that in order to harness the full
power of specialization, we must approach the problem area
holistically across the system and software life-cycle and
address the specific challenges that specialization introduces or
exacerbates. We discuss broadly four problem areas: life cycle
efficiency, sustainable design, sustainable operating system,
and sustainable software management. In each of these areas
we analyze the challenges and opportunities, and propose
some direction for future research. This work is based on a
collaboration program between Columbia University and IBM
Research. Our hope is to inspire multi-disciplinary research,
involving algorithms, systems, and Al to address an urgent
need to significantly reduce energy consumption and carbon
emission associated with computing in datacenters.
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