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While carbon-focused computing has emerged as a key approach for reduc-
ing the environmental footprint of cyberinfrastructure, widely used metrics
that simultaneously incorporate operational and embodied impacts struggle
to capture the behavior of modern, multi-layered, and multiplexed systems.
Due to implicit assumptions in current carbon accounting methodologies,
application-level optimizations do not necessarily induce proportional—or
even monotonic—reductions in system-level carbon emissions, revealing
a mismatch and lack of causal alignment between local actions and global
outcomes. We identify a set of anomalies and inconsistencies spanning both
embodied and operational carbon accounting that arise from under-specified
systemmodels and attribution mechanisms that rely on implicit assumptions.
We synthesize these observations into a taxonomy of carbon measurement
paradoxes, providing a foundation for more principled, transparent, and
causally meaningful approaches to sustainable system design. To address
these issues, we argue that carbon metrology must explicitly incorporate
additional context information: how unused resources are accounted for,
measurement boundaries, and workload and system elasticity. We also in-
clude a Carbon Footprint Context Card as a metadata template to support
comparable carbon reporting.

CCS Concepts: • Social and professional topics→ Sustainability; Sus-
tainability; •Hardware→ Impact on the environment; Impact on the
environment; •General and reference→Metrics;Metrics; •Computer
systems organization→ Cloud computing.

1 Introduction
By 2030, data centers are estimated to consume more than 20% of
U.S. electricity—placing a significant burden on the electrical grid
and regular consumers [51]. To highlight and reduce the environ-
mental impact of this cyberinfrastructure, metrics for capturing the
carbon footprint of software applications will continue to play an
important role. As suggested by the greenhouse gas protocol (GHG),
carbon footprints of applications also include the environmental
impact of the lifecycle of the hardware they run on [42]. Hardware
manufacturing is an extremely energy and resource intensive pro-
cess, with several hundreds of kg of CO2 embedded in a typical
server [23]. This accounting approach of including both the oper-
ational emissions (due to energy consumption) and the embodied
emissions is widely adopted, including in the Software Carbon In-
tensity (SCI) metric, which has become an ISO standard for software
carbon accounting [21].

Such holistic metrics are a double-edged sword. They expose new
tradeoffs between embodied and operational emissions, opening up
new avenues for carbon optimizations. For example, compute jobs
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can be scheduled based on the grid’s carbon intensity, and in loca-
tions with more efficient hardware and lower embodied costs [56].
For many applications and workflows, traditional resource manage-
ment and scheduling techniques, such as elastic scaling, have been
shown to effectively reduce carbon emissions by considerable mar-
gins [25, 53]. Such techniques have been developed for a wide range
of application classes, such as Machine Learning (ML) training [25],
inference [58], serverless functions [22], web services [53], etc.

Compared to conventional metrics like performance, carbon met-
rics have a broader scope beyond the application, since they incor-
porate external system-level context such as hardware embodied
emissions. While resource-management optimizations mentioned
earlier may reduce carbon at the application-level, their impact
on system-level outcomes and their generalizability across environ-
ments remains unclear. In this paper, we scrutinize carbon met-
rics and their associated metrology through a differential profiling
approach, and investigate how optimization-induced changes in
application-level carbon footprints affect the encapsulating system.
Our approach is inspired by causal performance analysis [13], where
the underlying principle is that performance improvements in one
component (such as a thread) may not necessarily improve the
overall performance of complex software systems.
Using a combination of analytical models and empirical mea-

surements, we investigate the causal strength of different carbon
optimizations. We find that both embodied and operational carbon
accounting have many intricacies and implicit assumptions, and
standard accounting methodology assumptions lead to a divergence
between application and system-wide footprints. Because embodied
costs are assigned proportionally to resource allocation, in under-
or over-committed systems, this can lead to carbon not being con-
served. Because of this lack of conservation, optimizations such
as server consolidation and application right-sizing may end up
reducing footprints at the application-level, not necessarily at the
system-level. Additionally, carbon accounting amortizes past emis-
sions into future workloads assuming a fixed hardware lifetime: this
can lead to “sunk costs” impacting scheduling decisions [6].
Operational emissions are not immune to measurement and ac-

counting challenges either, as energy is a shared resource among
multiple applications and hardware components. In many scenarios,
“local” energy reductions may not translate to equivalent global
reductions due to the non-linearities in power conversion and distri-
bution, and other physical infrastructure (such as cooling). Through
empirical analysis, we show that energy measurement boundaries
play a crucial role: whether energy is measured at the CPU, server,
or wall-outlet level can have a significant impact on the absolute
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and relative footprints after optimization. For example, while tradi-
tional power measurements often focus on the CPU, other system
components and power conversion losses can increase the actual/-
global power consumption several-fold. Most systems are designed
to operate at maximum efficiency at high loads, and reducing the
power consumption worsens the power-supply efficiency. This is
applicable to data centers, as well as individual servers, where we
show the reduced impact of vertical hardware scaling.

Ultimately, the goal of carbon metrics is to provide the right incen-
tives to reduce the carbon footprint of the cyberinfrastructure. Our
investigation revealsmultiple gaps in current carbonmetrology prac-
tices, making it challenging to formulate and test carbon optimiza-
tions. These gaps are due to simplifications, implicit assumptions
about workloads and environmental context, under-specification,
and fundamental challenges in energy attribution, and broadly occur
in carbon metrics (not just SCI). Most critically, because carbon met-
rics are under-specified, they require researchers and practitioners
to make their own important assumptions, often implicitly, leading
to inconsistencies in measurement and comparison.

Our goal is not to introduce new metrics—the intertwined anom-
alies suggest there is unlikely to be a one-size-fits-all solution. In-
stead, we aim to highlight the pitfalls and paradoxes of carbon
measurement, educate the broader community to be attentive to
the context of reported statistics and cautious about end-to-end
effects, and ultimately motivate—and potentially guide—discussions
toward improved measurement protocols for more consistent car-
bon metrology. As a concrete first step towards comparable carbon
footprint reporting, we propose using Carbon Footprint Context
Cards [? ], which record the metadata required to correctly interpret
a reported footprint, including attribution policies, measurement
boundaries, data sources, and elasticity information.

2 Background
We consider two broad use-cases for carbon measurements: absolute
quantification and relative comparison. Carbon accounting for these
two can be relevant to various stakeholders in the supply chain,
for instance, to i) software/service users and developers, ii) systems
software and middleware operators, iii) infrastructure providers and
cloud platforms, and iv) regulators and policymakers.
For the absolute quantification use-case, the goal is to provide

an estimate of the total carbon footprint of the system (such as an
application or an entire cloud platform). These carbon footprints
are sometimes intended to increase awareness and transparency of
an application’s sustainability credentials. Increasingly, however,
these are and will be needed for regulatory compliance purposes,
such as the European Union’s Corporate Sustainability Reporting
Directive (CSRD) [17]. Since 2018, hyperscalers such as Amazon,
Google, Meta, and Microsoft have been providing a yearly, coarse-
grained breakdown of their total estimated emissions [1, 2]. For
applications, quantifying their carbon footprint supports monitoring
dashboards, raises awareness of emissions from commonly used
software, and can ultimately enable developer-driven sustainability
optimizations. Carbon monitoring dashboards have been valuable in
highlighting the growing emissions of applications such as AI and

video streaming, and in comparing these impacts to other human
activities, such as driving [37].
For the rest of the paper, we use application to represent the

entity whose footprint is being reported, such as a software, service,
workflow, VM, container, or job. We use system to denote the larger
boundary that hosts these applications, such as a server, cluster, or
data center.

2.1 Software Carbon Intensity
For ease of exposition, we will focus on Software Carbon Intensity
(SCI), which has been ratified as an ISO standard in March 2024 [28].
Based on the key principles behind the GHG protocol [41], it aims
to be comprehensive in its carbon accounting, and it thus considers
both the embodied and operational carbon emissions.
Embodied. SCI considers the embodied emission E of the under-
lying hardware platform. This is amortized over the lifetime 𝐿 of
the hardware, yielding the embodied “rate” E/𝐿. SCI attributes the
embodied emissions proportional to the application’s time and re-
source share of the hardware. If an application reserves 𝑟 amount of
the hardware of size 𝑅, and this reservation is for a time-duration 𝑡 ,
then its embodied fraction is: E

𝐿
𝑟
𝑅
.

The attributes of E and 𝐿 are hardware dependent. The embodied
carbon E is mainly the carbon footprint associatedwith themanufac-
turing and disposal of the hardware components. For semiconductor
hardware such as CPUs, SSDs, and memory, this embodied cost can
be significant. For example, for mobile devices it can represent more
than 50% of its total lifetime emissions (including using it over a 3-
year period) [23]. It is often obtained from life-cycle-analysis (LCA)
techniques [32], which aggregate the manufacturing emissions of
various hardware components (such as CPU, memory, etc.). The
lifetime 𝐿 is usually around 5 years.
Operational. The operational part of the SCI is the application’s
energy (i.e., electricity) consumption. The energy consumption 𝐽

is converted to carbon emissions using the grid’s carbon emissions
factor𝛾 . The energy is empirically measured and can be decomposed
to the average power𝑊 and the running time 𝑡 of the application.
SCI then adds the embodied and operational parts of the footprint:

SCI = Embodied + Operational =
E
𝐿

· 𝑟
𝑅
· 𝜏 + 𝑊 · 𝛾 · 𝑡 (1)

While not all prior work on carbon accounting uses SCI explicitly,
the underlying attribution policies are similar and use the same prin-
ciples. For embodied emissions, attributing proportional to the share
of resource allocation is common [3, 6–8, 24, 36, 43, 44, 48, 52, 54],
and in some cases a 100% allocation is assumed [5, 16, 18, 26]. Oper-
ational emissions are often decomposed into an active component
with consumption-based attribution and a static component with
allocation-based attribution [33, 36].

3 Carbon Optimizations
The spatiotemporal flexibility of a software provides a broad set of
control actions: resource-management mechanisms such as scaling
(including hardware frequency scaling), migration, and scheduling,
that operate over time, space, or both. This has led to the devel-
opment of carbon-optimized versions of different applications [14,
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35, 46, 53, 59], and general-purpose carbon-aware scheduling poli-
cies [8, 22, 54, 56, 58]. As such, these are all “local” optimizations
and are tied to specific applications and deployment boundaries.
By contrast, “global” optimizations are operations with a larger

scope and have the potential to affect the global metric of interest. In
the performance realm, for example, service request latency serves
as a key performance metric. For a typical distributed application
composed of many micro-services, the global metric would be the
average end-to-end latency for certain workflows, or alternatively,
the expected latency weighted by workflow popularity. For instance,
adding items to the shopping cart and searching would be two
such workflows. In the above scenario, the local-vs-global question
is: does improving the latency of a particular service improve the
expected end-to-end latency? The strength of causality between the
impact of optimizations on local and global metrics can be highly
variable. For example, the service in question may not be on the
critical path or be blocked by another slower service “in parallel”.
This has led to a range of causal-profiling [13] approaches, where the
impact of individual components of the program (such as functions)
is computed on the overall performance of the program.
Often, local optimizations are easier to perform and evaluate:

the metrics can be more easily computed, which results in a tighter
optimization loop. Thus, in this paper, we seek to answer the broader
question:what is the strength of causality for carbon optimizations? A
local optimizationmay be applying a vertical-scalingmechanism [25,
52], which leads to a reduction in application-level carbon footprint.
In the context of distributed and shared computing infrastructures
(such as cloud platforms), we want to understand how the different
classes of carbon optimization may affect the global cloud or even
data-center level carbon footprint.

3.1 Is it necessary to reduce global and system-wide
carbon metrics?

Ideally, any local optimization for emissions, whether undertaken by
clients, developers, or providers, should align with the broader goal
of reducing global carbon output. This principle follows from the
need for incentives to support core decarbonization objectives, in-
cluding permanence (ensuring that emissions reductions persist over
time rather than being deferred or reversed), conservation (avoid-
ing shifts in emissions to other locations, actors, or time periods,
also known as leakage), and additionality (ensuring that reductions
would not have occurred in the absence of the intervention). In
practice, however, such alignment is not always pursued or consis-
tently achieved. Consider, for example, a public-sector organization
such as a university or hospital that tracks only Scope 1 and 2 emis-
sions. For them, offloading workloads to a remote cloud provider
would appear to lower their reported emissions, since the associated
carbon is now accounted for elsewhere. Yet at a global scale, this
shift may actually increase total emissions. A similar effect arises
when providers or researchers attempt to “game” emissions report-
ing models. For instance, they may assume that servers older than
a fixed depreciation window incur zero embodied emissions and
advocate for their continued use on that basis, even though doing
so can increase actual energy consumption and total emissions due
to reduced hardware efficiency.

We argue that any emission metric should ultimately serve the
goal of global carbon reduction. Focusing only on local or accounting-
based gains risks creating incentives that appear beneficial on paper
but are counterproductive in aggregate. This framing guides our
treatment of which emission sources and system boundaries can be
safely abstracted or ignored when using such metrics.

4 Embodied Carbon Anomalies
The inclusion of embodied carbon in the total footprint can lead to
many scenarios with inconsistent measurement outcomes, or the
expected decrease in emissions after an intervention is different than
expected. This section uncovers and categorizes such anomalies.

4.1 Carbon Conservation
Consider a simple scenario in which an application runs in a virtual
machine (VM). This VM is allocated half of the resources of the
underlying server (i.e., half the CPU, memory, I/O, etc.). The server
is not hosting any other VM, which leaves half of its resources un-
allocated. This scenario thus looks at the relationship between the
application’s (𝐶 (𝐴)) and system’s carbon footprint (𝐶 (𝑆)) respec-
tively, when the system is underutilized and has surplus resources,
a common occurrence in shared infrastructure.
Let us construct the carbon footprint of the application and the

system for this scenario. The application is the VM, and the en-
compassing system is the server. For operational carbon, we have
𝑂 (𝐴) =𝑂 (𝑆), i.e., the system’s operational footprint is determined
entirely by this application. We assume there are no other over-
heads or losses in the virtualization layer: i.e., in this scenario, the
hypervisor’s energy contribution is negligible and ignored. This
assumption is only for ease of exposition, and later scenarios will
deal with the implications of system management overheads.
The embodied part is interesting. Since most carbon account-

ing metric (e.g., SCI) allocate embodied costs based on the allo-
cation, and the application is allocated half of the resources, we
have 𝐸 (𝐴) = 1

2𝐸 (𝑆). Combining both the dimensions, and express-
ing in system quantities: we have 𝐶 (𝐴) = 𝑂 (𝑆) + 1

2𝐸 (𝑆), and
𝐶 (𝑆) = 𝑂 (𝑆) + 𝐸 (𝑆). Thus, in this under-allocation scenario, we
have 𝐶 (𝐴) < 𝐶 (𝑆). Unless the provider assumes responsibility for
the remaining emissions (in this case 1

2𝐸 (𝑆)) the conservation prin-
ciple [57] is violated.
Key takeaway. Under allocation-based embodied carbon account-
ing, carbon is not necessarily conserved: even when all system com-
ponents are fully accounted for, application-level and system-level
carbon footprints can diverge substantially.

4.1.1 Why does carbon conservation matter? The lack of conserva-
tion is due to “holes” in resource allocation, which are pervasive
in shared environments. Resources can be under-allocated due to
insufficient demands [12], or providers can keep spare resources to
provide near-instantaneous on-demand resource allocation. Fully
allocating all resources is also fundamentally challenging: stranded
resources occur due to multi-dimensional bin-packing.
Validating Footprints. Conservation facilitates easier validation of
footprints through multiple ways of accounting. Energy is typically
measured with the top-down approach, where it is measured at the
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server hardware level, and then disaggregated to the resident applica-
tions. That is, we start by measuring𝐶 (𝑆) first, and then partitioning
it to 𝐶 (𝐴𝑖 ). Conversely, the bottom-up approach aggregates fine-
grainedmeasurements (such as CPURAPL [30, 60]) of all constituent
components. Because energy is conserved, both the top-down and
bottom-up approaches can be deployed, for improving power esti-
mates, as well as for validating and testing the estimate. This is a com-
mon way for evaluating power profiling tools: the per-application
energy is aggregated and compared against the server-level ground-
truth measurement [4, 10, 15, 19, 20, 29, 31, 39, 40, 45, 55, 61]. How-
ever, when carbon is not conserved, it becomes challenging to obtain
consistent carbon footprints and validate them.
Causality. Conservation also leads to causality. If 𝐶 (𝐴) is always
equal to 𝐶 (𝑆), then for any intervention/optimization, Δ𝐶 (𝐴) →
Δ𝐶 (𝑆). Without the conservation, there can be other scenarios
(which we show later), in which Δ𝐶 (𝐴) ≠ Δ𝐶 (𝑆).

4.1.2 Optimizations affected. With embodied carbon, the efficiency
of resource allocation governs the gap between application and
system-wide footprints. As a result, optimizations which improve
allocation-efficiency affect 𝐶 (𝐴) and 𝐶 (𝑆) differently, and may not
have the intended outcome. One such common optimization is to
right-size the server. In the cloud context, it entails running the
VM on an appropriately-sized physical server to reduce the amount
of wasted/unused resources. Suppose we ‘fit’ the application VM
into a perfectly sized server where all its resources are allocated
to the VM. In this case, we get 𝐶′ (𝐴) = 𝐶′ (𝑆). Because we have
switched to a smaller server, it decreases: 𝐶′ (𝑆) < 𝐶 (𝑆), and we get
a real reduction in carbon emissions, i.e., Δ𝐶 (𝑆) < 0, and we have
realized system-wide savings as a result of this optimization.
But what about the application? Its footprint does not change,

i.e., 𝐶 (𝐴) =𝐶′ (𝐴). The operational cost remains the same in both
cases. Initially on the original server we have 𝐸 (𝐴) = 1

2𝐸 (𝑆) since it
gets half the server allocation. After moving to the new half-sized
server, we have 𝐸′ (𝐴) = 𝐸′ (𝑆) = 1

2𝐸 (𝑆) = 𝐸 (𝐴). Thus, Δ𝐶 (𝐴) = 0,
and the application has no incentive to participate in right-sizing.

4.2 Sunk-Costs
Temporal and spatial shifting of workloads is a major category of
carbon optimizations. In temporal shifting, the job execution is
delayed from the original execution time with carbon intensity 𝛾1,
to a different time with lower intensity 𝛾2. A similar difference in
intensity also drives spatial job migration (move the job to a lower
carbon intensity location). Recent work has shown that naively
incorporating embodied emissions into scheduling decisions (or any
operational decision such as spatial workload shifting) can lead to
the sunk carbon fallacy [6]. This issue can be mitigated either by
focusing solely on operational carbon or by consistently accounting
for the embodied emissions of all unselected alternatives [6].
We argue that the sunk carbon fallacy can be perceived more

clearly from the lens of carbon conservation. Consider a simple
scenario involving server-consolidation where VMs are moved to a
smaller number of physical servers. Consider two application VMs
running on two servers with each using half the server resources,
and then packed into a single server. The system comprises of two

Server Power 
Supply110V AC

5V DC

12V DC
3.3V DC

In-line power 
meter USB-HID 

CPU

System Boundaries

Fig. 1. System boundaries for power/energy measurements significantly
impact the operational footprints.

servers 𝑆1 and 𝑆2, and𝐶 (𝑆) =𝐶 (𝑆1) +𝐶 (𝑆2). The initial total system-
wide footprint is 𝐶 (𝑆) = (𝐸1 + 𝐸2) + (𝑂1 +𝑂2) (time and 𝛾 omitted
since they are invariant in this scenario). After we consolidate,
the total embodied and operational emissions remain the same:
embodied carbon 𝐸1 and 𝐸2 was already emitted when the servers
were manufactured, and so 𝐶′ (𝑆) = 𝐶 (𝑆). Application footprints
tell a similar story. 𝐶 (𝐴1) = 𝐸1/2 + 𝑂1, and 𝐶 (𝐴2) = 𝐸2/2 + 𝑂2.
After consolidating, from the applications perspective, the system
has shrunk, so 𝐶′ (𝐴1) = 𝐸1/2 +𝑂1, and 𝐶′ (𝐴2) = 𝐸2/2 +𝑂2. The
application footprint has also not changed, since 𝐶 (𝐴1) +𝐶 (𝐴2) =
𝐶′ (𝐴1) +𝐶′ (𝐴2).
Key takeaway. Carbon conservation holds across abstraction
boundaries – system-level and application-level footprints remain
consistent – which exposes the sunk carbon fallacy: consolidating
workloads cannot reduce total carbon footprint because embodied
carbon is already spent at manufacturing time.

5 Operational Carbon Accounting Challenges
We now investigate common scenarios and optimizations to reveal
the gaps between local and global operational emissions. Since the
operational footprint is energy times the carbon intensity, our focus
will be on energy. Energy flows through many shared hardware
and software components in complex cyberinfrastructure. From a
system-control perspective, this results in a large amount of buffer-
ing/capacitance, causing lag in the system response. That is, inter-
ventions and optimizations which locally reduce energy consump-
tion may not immediately result in a corresponding decrease in
system-wide energy.

5.1 Energy Measurement Boundaries and Conversion
Overheads

The energy-measurement boundary determines both the absolute
operational footprint and the relative impact of optimizations. Con-
sider the simplest case of measuring the power consumption of a
single application running on a server. The AC power is first con-
verted by the power supply unit (PSU) to different DC voltages for
the different hardware components, as shown in Figure 1.

The input AC power is measured by a SpecPower-approved power
meter (Instek GPM 8310) which we read at 4Hz via the meter’s
telnet/SCPI interface. The PSU is a Corsair HX1000i which provides
output current information on each of the three voltage rails (3.3V,
5V, and 12V). The system has a AMD Ryzen 5 2400G CPU and 64 GB
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Fig. 2. Power consumption during kernel-compile and idling. The CPU,
DC, and AC power consumption all differ significantly due to system-load,
which non-linearly affects PSU conversion and cooling overhead.

of DDR4 RAM, and the OS is Ubuntu 24.04—CPU power is measured
through the RAPL interface.

The power conversion and delivery hardware is not 100% efficient—
resulting in larger system-wide energy consumption. PSU conver-
sion overheads are an important, and often overlooked, source of
non-linearity, since the PSU efficiency-vs-load curves are inverted
U-shaped. Desktop PSUs obtain a peak efficiency of around 85% at
85% of the maximum output load, and decline to 80% efficiency at
higher and lower loads. The conversion efficiency (ratio of output
DC power to the input AC power) is especially poor at low loads,
often dipping to 60 – 80% at loads of 20% and less [9, 11, 27], which
has implications for both measurement and optimization. In our
own measurements (Figure 2), the efficiency was even lower.

The absolute and relative differences between the different power
measurement boundaries for a three-part workload is shown in
Figure 2. In the middle idle part, the system is idle, but power con-
sumption varies from 3W to more than 30W depending on the
measurement boundary. At this low load, the PSU also has a poor
power factor, and the apparent power 1 is 50W. In the third phase,
we run kernel-compile on only half the CPU resources. This is an
example of vertical scaling to reduce power consumption. Compared
to the full allocation case, the CPU power is halved (10 instead of
20W), but the AC power only drops from 110 to 77W because of the
fixed idle power. This again illustrates that the change in application
footprints can be different from the system-level footprint.

5.2 Non-linear Power Dynamics
Multiple factors contribute to energy-consumption nonlinearities,
where the change in application-level energy (Δ(𝐴)) does not cause
an equal change in the system-wide energy (Δ(𝑆)). This makes
establishing the causal strength of power optimizations even more
challenging.

1Total power flowing through alternating current (AC).

CPU. CPU power non-linearities due to frequency scaling are well
known—however, auxiliary cooling and power-delivery components
can also have a significant contribution. To empirically illustrate this,
we run the kernel-compile benchmark with two different resource
configurations. In the first case (also the first phase in Figure 2), we
use all the 8 cores of the CPU and 8 compilation threads, representing
an application that has 100% of the server. In the second case (third
phase in the figure), we allocate half the resources (i.e., 4 threads,
with the rest of the 4 cores idle).

The CPU power consumption is the stand-in for application foot-
print, and for the system footprint, we use the AC real power.
In the full-allocation case, we get Δ(𝐴) = 20 − 3 = 17𝑊 , and
Δ(𝑆) = 90 − 30 = 60𝑊 . In other words, the system-level footprint
rose nearly 3.5× higher than the application-level CPU power—
illustrating the non-proportional power consumption.
Memory. Another contributor to non-linear power dynamics is
DRAMmemory, which also has a high idle power consumption [34].
In Figure 2, the DRAM is powered by the 5V line, and consumes 15W
during the full-allocation and idling at around 8W. Since DRAM
contributes to a large fraction of the data center power consumption,
reducing its use can yield significant power benefits. To emulate
this, we conduct an experiment where we incrementally add 16GB
DIMMs to the motherboard, starting at 16 and ending at 64GB. The
power consumption for this memory scaling experiment is shown
in Figure 3—an idle workload is used in all cases. The change in
power is minimal—when going from 64 to 16GB, the reduction in
AC power is only 2W. DDR4 specification indicates around 2W per
16GB DIMM, and adding 3 DIMMs should have increased the power
consumption by 6W. This is another example of the system-wide
change being less than the component-level change, indicative of
high system capacitance and inertia. This affects energy-saving
optimizations, which reduce memory consumption, like in [43]—the
decrease in system-wide energy is much lower than expected.
Data centers also have load-dependent efficiency. As observed
in [50], the data center power usage effectiveness (PUE) improves
with increasing IT load. Data center power delivery and cooling
infrastructure is engineered to have maximum efficiency near the
peak load, and has high fixed costs at low loads. Due to this, the PUE
of the state-of-the-art academic MGHPCC data center improved
from 1.5 to 1.3 as the IT load increased from 0.6 to 1 MW. Failing to
account for this nonlinearity can undermine carbon optimizations
such asmigratingworkloads to lower-carbon locations: the resulting
reduction in energy use at the source data center may be noticeably
smaller than the energy footprint of the migrated VM.
Key takeaway. Power measurement boundaries significantly af-
fect operational footprints, by as much as 10×. Non-linear power
efficiencies are pervasive and highly load-dependent—which makes
causal strength of energy optimizations challenging to ascertain.

6 Toward Comparable Carbon Footprint Reporting
The anomalies we discussed in §4 and §5 show that carbon reporting
numbers can be misleading when reported without their system
context. SCI is simple and under-specified—which has made it easy
to compute and adopt. However, it also requires many implicit
assumptions, which lead to the anomalies we have identified. To
help resolve the anomalies and inconsistencies, this section provides
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Fig. 3. The increase in power consumption on systems with different physi-
cal memory capacity. The observed increase is much lower than expected
(8W for DDR4 memory).

some guidelines which could be adopted in the near-term, and
proposes some directions for longer-term improvements in carbon
and energy accounting.
For capturing the measurement and accounting assumptions,

we propose that SCI-type footprints be accompanied by Carbon
Footprint Context Cards (CFCC). Similar to model cards for ma-
chine learning models which provide model capabilities [38], these
context cards can provide measurement context and interpretabil-
ity to their accompanying footprints. These context cards include
the key embodied and operational accounting assumptions (shown
in Figure 4 and elaborated in [49]). These cards can be “filled in”
whenever the footprint is computed—akin to artifact evaluation
metadata and scripts required for many computer systems research
publications [47].

For reporting use-cases, we have distilled it to five questions cov-
ering the embodied attribution, operational measurements, and data
provenance. For computer-systems researchers developing carbon
or energy optimizations, the last question (Q6) is intended to ad-
dress the strength of causality between local and global reductions.
Context cards are not limited to just serving as post-facto meta-
data; they can also guide the carbon metrology and create more
comprehensive and explicit measurement plans.

7 Conclusion
Through first-principles and empirical measurements, we have
identified multiple inconsistencies and anomalies, where carbon-
reducing optimizations applied to an application do not have an
equivalent system-wide effect. We posit that one of the fundamental
issues is that the SCI-type metrics are underspecified. They require
many implicit assumptions to be made, especially when used in
modern shared cyberinfrastructure, which causes the footprints to
diverge and be inconsistent.

As a first step to avoid these common pitfalls, carbon accounting
should incorporate additional meta-data and the system context
to disambiguate key assumptions about unallocated and shared
resources and measurement boundaries. The Carbon Footprint Con-
text Card is one potential way to expose these assumptions as carbon
reporting metadata. CFCC’s provide an incremental way to improve
carbon accounting and can be used in a tiered reporting model:
higher levels require progressively richer metadata, enabling and

Carbon Footprint Context Card

1 How are hardware embodied emissions attributed to applications?
□ Proportional to allocations
□ Proportional to usage
□ Other (describe if applicable):

2 Who is responsible for embodied emissions of unallocated re-
sources? (choose one option and describe)

□ Tenant(s):
□ Host:
□ Unaccounted (justify):

3 At what level is power measured? (all that apply)
□ Sub-chip power domain □ Chip □ Board
□ Node/motherboard □ rack □ Cluster □ Data center

4 How are emissions from shared services and components reported?
Describe the methodology (if applicable).

□ Not applicable (no external dependencies)
□ Fair sharing of local software components (e.g., OS):
□ Fair sharing of shared network hardware and services:
□ Software production emissions included (e.g., amortized model

training costs):

5 What are the underlying information and data sources for carbon
and energy?

– Carbon intensity provider:
– Carbon intensity methodology: □ Avg. □Marginal
– Power monitoring interface (e.g., Intel RAPL):
– Embodied carbon sources:

If accompanying an emissions-reducing solution:

6 Is resource allocation affected by your solution (e.g., VM right-
sizing, spatial or temporal shifting, scaling)?

□ Yes (allocation reduction/increase)
□ No (e.g., improved energy management on a device)

6a If yes, what is the demand elasticity of the system?
□ Unknown (risk of reporting false gains)
□ Linear
□ Sub-linear
□ Exponential
□ Other (estimated):

Fig. 4. Carbon Footprint Context Card for reporting measurement assump-
tions and methodology. The card records attribution policies, measurement
boundaries, data sources, shared-component accounting, and elasticity as-
sumptions that affect the interpretation and comparison of the reported
carbon footprint.

incentivizing organizations to mote from basic carbon-intensity esti-
mates to more transparent, reproducible, and optimization-friendly
measurements.
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