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Abstract

The global expansion of computing workloads has necessitated ex-
ploring ways to reduce emissions. One effective technique is spatial
workload shifting, which leverages the varying grid carbon inten-
sity of different geographical regions. However, existing solutions
either assume full workload knowledge, making them applicable
only to internal workloads, or rely on external middleware. In this
paper, we explore how spatial workload shifting can be performed
cooperatively between users and providers in the cloud context. We
demonstrate how this capability can be offered as a service without
additional cost to users, by means of providers harnessing grid
price variations to cover added costs. We explore various design
elements to build this architecture and identify its potential.
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1 Introduction

The unprecedented growth in data center energy consumption has
stressed electrical grids and driven substantial operational emis-
sions [5, 30]. Temporal and spatial workload shifting have both
been explored to mitigate these emissions by moving workloads
to cleaner times or locations, respectively. Among these strategies,
spatial shifting often yields much larger emission reductions as
carbon intensity varies dramatically across regions [59].
Hyperscalers have pursued spatial shifting for their internal
workloads for several years. For example, as early as 2020, Google
began reducing the emissions of its services through carbon-aware
resource scheduling [15]. Several prior studies implicitly assume full
visibility into workload characteristics, as they do not address the
challenges posed by third-party applications in spatial shifting [36].
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Figure 1: GreenPASS eliminates the cost and complexity of
carbon-aware deployment middleware for cloud users while
offsetting provider-side shifting costs through grid savings.

In practice, however, spatial shifting of third-party workloads in
the cloud is extremely challenging. Cloud workloads are typically
opaque to the providers; they have little insight into application
logic and operational constraints, especially privacy and compli-
ance requirements. This makes spatial shifting difficult for providers
serving diverse users. Consequently, carbon-aware spatial shifting
for cloud users has evolved into a patchwork of domain-specific
solutions tailored to web services [37], Al inferences [33], serverless
applications [24], etc. The overhead of operating and maintaining
such middleware is discouraging for users. More importantly, lim-
ited access to accurate information about a host data center’s energy
mix forces spatial shifting middleware to rely on coarse-grained
carbon-intensity metrics (often at ISO-level) reported by platforms
like Electricity Maps [39] and WattTime [63]. In contrast, providers
possess precise knowledge of how much power comes from the
ISO grid, on-site storage [16], cogeneration [55], and other sources.

We advocate for a third approach, involving cooperation between
the user and provider (Fig. 1). We envisage that users seeking carbon
reduction through spatial workload shifting could receive it for free
as a service from the provider. No need to manage the middleware,
no need to pay for egress costs, and no need to pay for any data
duplication or compute time overlap. They provide information
on their possible host regions and degree of latency tolerance, and
ensure that the application itself has region-agnostic bindings or
variants. This service is best-effort, however; the provider would
do it by harnessing the grid price differences across current and
target regions; only when the marginal electricity price gains can
at least cover the associated shifting costs, would it do so. We refer
to this architecture as Green Provider-Assisted Spatial Shifting
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Figure 2: Carbon Intensity (CI) and Locational Marginal Price
(LMP) in four North American regions from 2020 to 2024.

(GreenPASS). In this vision paper, we explore GreenPASS’s potential
by answering the following research questions:

(1) If we consider common regions in a geographical boundary (in
this paper, North America), can the degree of price variation
indeed cover the costs of spatial shifting for providers?

(2) Even with covered shifting costs, are emissions reductions
meaningful and sustained over time?

(3) How do emissions reductions differ across data access patterns?

(4) What strategies can be used to maximize carbon reduction?

By addressing these questions, this paper seeks to deepen under-
standing of spatial shifting for third-party applications and to pave
the way for broader adoption of provider-assisted spatial shifting.

2 Background & Motivation
2.1 Carbon Intensity and Electricity Price

Carbon intensity (CI) measures the amount of greenhouse gas emis-
sions per unit of energy produced, measured in gCOzeq/kWh [39],
which varies over time and across regions due to the generation mix
of local grids. Prior work has leveraged this heterogeneity through
techniques such as workload shifting [7, 24, 37, 56, 59].
Locational marginal price (LMP) is the wholesale price of elec-
tricity at a given time and location [57], driven by supply-demand
dynamics. Variations in LMP are reflected in data centers’ energy
cost, as market-based electricity rate indexed to LMP is prevalent in
the energy retail market [9, 12, 45, 46], and some data centers pur-
chase energy directly from the wholesale market. Prior work has
utilized this variation to cut data center energy costs [31, 49, 50].
Fig. 2 shows a scatter plot of the hourly-averaged CI and LMP
in four North American regions (Virginia, Texas, California, and
Ontario) from 2020 to 2024 (outliers removed), with the enclosed
area covering 90% of the data points in each region. The high de-
gree of variation and distinct patterns across regions highlight the
potential of workload shifting. Ontario exhibits relatively lower
carbon intensity, while California shows the highest variability in
LMP. Notably, negative LMP occurs when energy demand cannot
absorb excess supply while some generators are unable to reduce
output, creating attractive opportunities for workload shifting.
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The variation in CI and LMP across time and regions creates co-
optimization opportunities to execute workloads with both lower
carbon footprint and reduced energy costs. Prior work has investi-
gated this co-optimization [14, 25, 27, 40, 41, 67, 69], while existing
literature has yet to explore this in a cloud context, specifically
regarding the collaboration between cloud providers and users.

2.2 Carbon-Aware Spatial Shifting

Hyperscalers have constructed globally distributed infrastructures,
enabling the exploitation of CI variations across the world [17,
52]. As an effective carbon reduction technique, spatial workload
shifting has received increasing attentions recently [37, 56, 65].

Although users can deploy middleware for spatial shifting, doing
so increases operational complexity. Shifting workloads can also
incur cross-region data transfer egress fees and additional storage
costs due to duplication; when charged at list prices, these can tan-
gibly increase user bills. Finally, user-managed middleware cannot
leverage provider-side grid-level signals such as LMP for holistic
optimization.

Conversely, workload shifting is more feasible and efficient from
the cloud providers’ perspective. Economically, provider-side op-
erational costs for data transmission and storage is often lower
than the listed user prices [10], making spatial shifting significantly
cheaper at scale. Moreover, providers have greater visibility into the
grid through their wholesale contracts, enabling them to take ad-
vantage of various programs (e.g., demand response plans). Several
prior works have exploited this capability [8, 60, 68].

In practice, providers may not be able to shift user workloads
due to major implications on performance, data access patterns, and
regulatory compliance [26]. Shifting without users’ guidance may
violate performance and/or regulatory requirements [24]. Besides,
the monetary cost of shifting conflicts with profit-maximization
objectives unless adequate incentives are provided to offset these
shifting costs. We believe enabling effective carbon-aware spatial
shifting requires a cooperative approach to bridge the gap between
user constraints, provider capabilities, and provider profitability.

3 GreenPASS

To facilitate carbon-aware spatial shifting for cloud workloads, we
propose a collaborative framework in which 1) users provide work-
load characteristics, constraints, and their willingness to reduce
carbon at no additional cost, and 2) providers shift workloads ac-
cording to user-defined constraints and leverage LMP variations
across regions from the grid to cover the cost of spatial shifting.
Under this framework, both cloud users and providers can reduce
carbon emissions without incurring additional monetary cost for
either party, aligning mutual benefit with environmental objectives.

3.1 User Interface

In our vision, cloud users interested in GreenPASS need to provide
five categories of information:

(1) Residency Constraints: Without residency constraints, au-
tomated shifting may inadvertently violate data sovereignty
regulations (e.g., HIPAA [2], GDPR [47]). Users must therefore
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define the operational boundary either through an explicit re-
gion allow-list or global consent. Spatial shifting remains trans-
parent to the user’s billing model by continuing to maintain
the original region’s metadata for each resource, now treated
as the home region.
State Handling: Spatial shifting for stateless applications is
highly efficient, as the one-time overhead of transferring con-
tainer or VM images gets amortized by the carbon savings over
time. In contrast, stateful applications necessitate specialized
migration primitives, such as checkpoint-restore or global state
synchronization, to prevent data divergence. Users must verify
that their workload supports such transitions without breaking
functionality; either implicitly through participation terms or
explicitly, such as by selecting a checkbox during service setup.
Data Access Policy: Cloud workloads often depend on remote
data dependencies, both for I/O operations and external API
calls. For write-heavy workloads requiring strict consistency, a
centralized data model may simplify application logic but risks
significant performance degradation due to increased cross-
region Round Trip Time (RTT) and bandwidth constraints. In
contrast, read-heavy workloads can be optimized through re-
gional replication of static assets, such as model weights, to
maintain high throughput. Users should communicate to the
provider whether specific storage media (e.g., Redis data store)
should be part of the migration payload or if the application
will manage its own remote data retrieval.
Latency Sensitivity: Emission reduction can be maximized
when applications are not latency-sensitive. However, many
real-world, user-facing cloud services operate under strict la-
tency requirements. To account for this, users can explicitly
communicate an application’s latency tolerance, by specifying
an absolute tail-latency cap (e.g., at the 95th percentile) or by
allowing a bounded relative increase (e.g., 10-15%) in average
response time compared to full deployment in the home region.
(5) Alternative Resources: Users can increase the likelihood of a
successful carbon-aware migration by defining resource flexibil-
ity. This involves specifying a range of acceptable VM sizes and
container types, or even providing cross-architecture support
(e.g., allowing ARM as an alternative to x86). This flexibility en-
sures that the workload can be placed on the cleanest available
region, even if the primary resource type is unavailable.

—
Y
~

—
S
=

—
N
=z

3.2 Cost- and Delay-Aware Carbon Reduction

We abstract each user workload, together with its characteristics
and constraints, as a job (j), which is the basic unit of schedul-
ing. GreenPASS estimates the effect of shifting j from its home
region (s;) to each candidate region (d;) along on three metrics: 1)
latency due to remote data access overheads, 2) monetary cost of
shifting operations and savings from LMP variations, and 3) carbon
emissions of shifting operations and reductions from CI variation.

To prevent Service Level Agreement (SLA) violations, the provider
must ensure that the latency due to shifting from the home re-
gion s; to the destination region d; (T]Sl;;fl d,-) remains within the
users’ tolerance. As mentioned in §3.1, users can specify latency
slack in various ways, including setting a ratio 7 of job execution
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time (Tjexec):

shift exec
< :
Tj,Sj d; S TX T] (1)

The provider also ensures that the operational costs of shifting
(Costj.flsifg dj) are offset by energy cost savings. We apply different
optimization scopes to balance the costs of data transmission and
duplication against the savings from LMP variation:

1) Per-job, where a job is shifted if its energy cost savings can cover
its shifting costs:

Co Stshift

energy energy
< _
fisyad; < (Cost COStj,dj ) (2)

J>Sj
2) Per-user, where each user maintains a budget pool that accu-
mulates savings from prior shifted jobs for later reuse:

shift energy energy
. < . —
' E COSt],stdj < E (Costj’sj COStj,dj ) (3)
J E]user .I E]user

3) Global, which extends the budget pool from individuals to all
participating users, maximizing the system-wide shifting potential:

shift energy energy
< . -
E Cost E (Cost]}sj COStj,dj ) (4)

j.s j—>d i =
J€hu J€Jn
Subject to these constraints, GreenPASS selects the region(s) with
maximum carbon saving (where Carbonshift =)

J,Sj—Sj

— Carbon®¢¢ — Carbon®f |1 (5)

arg max [Carbon$*¢¢ 3
g [ J.d; J.sj—d;

4 P2
Therefore, the provider deploys each job to the region that minimize
carbon while satisfying both latency and cost constraints.

4 Evaluation
4.1 Methodology

We chose a simulation-based evaluation methodology that enables
testing at a cluster scale under various design choices, workload
constraints, and cost assumptions. We evaluate GreenPASS in terms
of operational carbon reduction since it manages workload deploy-
ment over existing data center capacity. Embodied carbon should
not influence scheduling decisions since they are sunk carbon as
shown by prior work [6]. We use production traces from the Alibaba
2020 GPU trace dataset [64] as our workload. This dataset contains
user job requests from a Machine-Learning-as-a-Service (MLaaS)
cluster over two months, from which we take a one-week subset
(~70K jobs) starting from the second month. Jobs in the first month
are used for collecting historical information for prediction. We
choose this dataset because it contains a mix of training and infer-
ence jobs, capturing the heterogeneity of cloud workloads in terms
of data and latency requirements. To the best of our knowledge, it
is the only publicly available trace with comprehensive information
on the utilization, duration, and data usage of job resources, which
is necessary for a holistic assessment of GreenPASS.

We simulate four North American regions: Virginia, Califor-
nia, Texas, and Ontario, approximately corresponding to Google
Cloud regions us-east4, us-west2, us-southl, and northamerica-
northeast2 [17]. We construct an evenly mixed mapping by dis-
tributing users in the trace across the four regions (hereafter de-
noted as Mixed). Unless stated otherwise, results in the following
sections are reported for this Mixed setting, with metrics averaged
over three random user assignments.
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Similar to prior work [4, 24, 54, 62], we estimate energy con-
sumption with a linear model. We obtain CI and LMP data from
prior work artifacts [25, 59] collected from Electricity Maps [39]
and Grid Status [57]. We used instance prices from Google Cloud
to represent user computation costs, and their listed prices for data
egress and storage to represent user-side shifting costs when users
shift workloads with their own middleware [3, 18, 20, 22, 23]. On
the provider side, the exact unit costs of data transmission and
storage are unknown to us, but we assume these costs should be
no higher than the listed prices, otherwise it would not be prof-
itable to host such services. We therefore model them with a price
range bounded by optimistic estimates from prior work (Ryipn) as
the lower bound, and the listed prices (Rmax) as the upper bound.
Specifically, two reports have provided optimal unit bandwidth and
storage cost estimates at data center scale [53, 61], which we adopt
as our lower bound. We interpolate between these bounds by a
provider shifting cost factor « € [0, 1]:

Rprovider = & X Rmax + (1 - @) X Rin (6)

A smaller o assumes lower provider-side shifting cost, while a larger
o is more conservative. We also evaluate a range of remote data
access patterns that affect the amount of data transmission and
duplication of shifting. Detailed formulations for latency, cost, and
carbon in our simulation are provided in Appendix A.

We evaluate our framework in both oracle and prediction set-
tings for future job characteristics, CI, and LMP. We estimate jobs’
duration and power consumption based on historical jobs from
the trace, and we predict CI and LMP with LightGBM [29]. Details
of our prediction methods are provided in Appendix B. Neverthe-
less, prediction is not the focus of this paper, and recent work has
proposed more sophisticated CI forecasting methods [28, 32, 66].

As the aim of our evaluation is to estimate the feasibility of
GreenPASS, we adopt a few simplifying assumptions: 1) we assume
no provider capacity limit since we do not have access to such infor-
mation; 2) we do not model complex dynamics of supply-demand
across regions affecting resource prices; 3) we use the average rather
than the marginal carbon intensity, assuming workload shifting is
insufficient to alter the marginal grid dispatch, which is a complex
bi-directional interaction explored in prior studies [34, 35, 58]. In-
corporating data center capacity constraints, cloud price variations,
and marginal grid effects is left for future work.

4.2 Effectiveness of GreenPASS

Fig. 3 compares user-managed shifting using custom middleware
with provider-assisted shifting using GreenPASS under different
latency constraints, assuming the optimal provider shifting cost fac-
tor (@ = 0). Operational carbon is reduced as users tolerate higher
latency, but eventually saturates as transmission and storage emis-
sions offset the benefits of shifting. The following sub-sections use
latency tolerance of 1%. In user-managed shifting, users incur addi-
tional costs for data transmission and storage duplication at listed
prices, which could cause up to 4.5% cost increases comparing with
simply running the jobs in their home regions. Cloud providers
also offer lower-cost compute options such as spot VMs. As spot
prices fluctuate over time, we approximate their cost as 50% of the
on-demand price in our analysis [20]. Under this pricing model,
the relative overhead of user-managed shifting becomes even more
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Figure 3: GreenPASS allows reducing emissions without
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VMs (right), this relative cost reduction is greater.
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Figure 4: Carbon reduction potential varies by home region.

significant, increasing total costs by up to 9%. Compared with user-
managed shifting, GreenPASS eliminates these user-incurred costs
while achieving the same carbon reduction when the provider op-
erates data transfer and storage at the lower-bound cost.

4.3 Region and Provider Shifting Cost

Fig. 4 shows the sensitivity of carbon reduction to provider cost
factor under both oracle and prediction settings. As expected, a
higher provider cost factor limits carbon reduction since fewer jobs
can be shifted under the fixed LMP price differential. Solid lines
show oracle-based decisions, while dashed lines use predicted job
characteristic, CI, and LMP values. Carbon reductions for various
home regions are shown, as well. As Ontario has the lowest CI most
of the time, designating it as the home region leaves no incentive to
shift jobs outward. Conversely, LMP in California has higher vari-
ability, creating greater potential for energy cost savings and thus
enabling higher carbon reduction as provider cost factor increases.

4.4 Data Access Patterns

We discussed how users can specify data access policies in §3.1.
Here, we investigate three specific policies: 1) Remote I/O, where
all data is accessed remotely, from the home regions; 2) Duplica-
tion, where data is transferred to the destination region before
execution and stored until the job completes; 3) Duplication &
Reuse, where, additionally, data is reused across recurring jobs
deployed in the same region. A detailed description on how these
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patterns affect shifting overhead is provided in Appendix A.2. Fig. 5
shows the impact of these patterns on carbon reduction potential.
Remote I/O yields negligible carbon reduction because most jobs
in our traces are I/O-intensive, incurring substantial cross-region
round-trip latencies; as a result, only a small fraction can be shifted
without violating latency slack. Duplicating the data at the desti-
nation region enables local data access during execution, ensuring
tolerable latency. Furthermore, data reuse across recurring jobs
reduces the total data transfer volume, leading to lower shifting
cost and higher overall carbon reduction.

4.5 Optimization Scope

Fig. 6 shows the carbon reduction under different optimization
scopes. One benefit of GreenPASS is the ability to jointly optimize
workloads from multiple users. Making decisions at a larger scale
allows energy savings from some jobs to offset the shifting costs
of others, enabling greater overall carbon reduction. However, a
limitation of greedy budget allocation is that jobs with a high data-
to-compute ratio would be shifted as soon as they arrive, leaving
insufficient budget for future jobs that could achieve higher carbon
reduction with lower data usage.

4.6 Temporal Sensitivity

Earlier results focused on the first week of August 2020, aligning
with Alibaba workload trace’s original collection window. To eval-
uate the robustness of GreenPASS over time, we simulate the same
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Figure 7: Operational carbon reduction from GreenPASS is
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workload starting from the second month of each quarter over
five years to capture seasonal and annual variation in CI and LMP.
Results are shown in Fig. 7, where each marker point represents
the carbon reduction (top), average LMP (middle), or average CI
(bottom) of the first week of the month. Overall, non-negligible
carbon reduction is observed in all tested periods, with variations
driven by temporal patterns in CI and LMP across regions. Periods
with high regional LMP disparities (e.g., Virginia in August 2022
and Texas in August 2023) increased energy cost-saving potential.
This allows the optimizer to cover shifting cost more easily, giving
slightly higher carbon reduction with both oracle and predicted
information. In contrast, 2024 achieves lower reductions due to
smaller LMP differences and higher average Ontario CI.

5 Conclusion

We propose a collaborative model for reducing emissions from
third-party cloud applications by enabling users to delegate spatial
workload shifting to the provider through a lightweight interface.
By exploiting inter-region LMP differences, providers can offset
shifting costs and offer carbon-aware placement transparently and
at no additional cost to users. We evaluate the architecture’s feasi-
bility and the key factors governing its effectiveness.
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A Estimation on Effect of Shifting
A.1 Energy Cost and Carbon Emission

As mentioned in §4.1, we adopt a linear model to estimate power
consumption of workloads based on the utilization of each resource
type (CPU, GPU, memory) [4, 24, 54, 62]. Specifically, for each job j:

P]qxec _ Z Pidle + (Pénax _ Pidle) X Ujc @)
ceC
Pﬁxec represents the execution power of job j, C is the set of hard-
ware components, Uj . denotes the utilization of component ¢ € C
by job j, and Pidl¢ and P™2X are the idle and maximum power
consumption of component c, respectively.
Given the power of a job, P;"ec, its energy consumption is calcu-

lated based on its duration T]‘?XSC and the data center’s PUE:
E;XCC = P;xec X foec X PUE (8)
Then, the energy cost of the job running in region d; is estimated
using the average LMP at the region over the job’s execution time:

cOstjfj:gy = E§*° X LMPg, )

Similarly, the carbon emissions of the job in region d; are estimated
using the average CI at the region over the job’s execution time:

Carbonexec E* x Cly, (10)

A.2 Shifting Overhead

We estimate the overhead of workload shifting in terms of latency,
cost, and carbon emissions.

For a job j, the latency of shifting depends on data transmission
amount S; and the number of round trips K; from the home region
sj to the destination region dj, bounded by the link bandwidth By
and the propagation delay due to distance between the two regions
RTT;, 04,

shlftmg Sj e

Biink
Cross-region RTT is obtained from prior work repository [59],
which was collected from Google Cloud [13]

The cost and carbon impact of shifting consists of two compo-
nents: data transmission from the home regions s to the destination
region d, and the duplicated storage of data in the destination re-
gion.

Latency +RTTy, 54, X K (11)

shift

Carbonj} Calrbontr an 4 CarbonStor (12)

CostShlft Costtran + CostStor (13)

We model the energy consumption of data transmission linearly,
proportional to the data transmission amount. Since we do not
know the exact routing path of the data packets, we use the average
CI of the home and destination regions CI;;_’EEZ}_ to estimate the

carbon emission associated with this transmission:

tran _ tran route
Carbon ™" = §; x E &l X CICG. (14)

where the energy consumption per GB of data transmission is
adopted from prior work [24].

Similarly, the energy consumption and carbon emissions of dupli-
cated data storage are estimated based on data volume, the storage

Zihan Pan, Geoffrey Bian, and Mohammad Shahrad

device’s power P5t°, storage duration Tjsmr, and the CI at the desti-
nation region

Carbon®" = §; x P x T3*°" x Cly, (15)

For spatial shifting performed by the user with middleware, the
cost of data transmission and storage is simply the listed price, de-
noted as R and RSIOL respectively. For provider-assisted spatial
shifting, the unit cost of data transmission and storage incurred by
shifting is interpolated between the lower bound (Rtran and Rfrtlf; )
and the upper bound (R3% and RS1%) with a factor & € [0,1], as

described in § 4.1:

t
Rtran — Rnggr)} for user (16)
a X REA% + (1 - a) X R™  for provider
t
Rstor — Rrsng)r( for user (17)
a X Ry + (1 —a) X R¥T for provider
Hence, the monetary cost of shifting is estimated as:
Costt?a‘n = §; x R (18)
Coststor S X Rstor Tjstor (19)

The data transmlssmn amount, S, number of round trips, K, and
storage duration, T].St‘Jr , depend on data access pattern. Specifically,
as described in §4.4, we evaluate three data access patterns:

(1) Remote I/0: Data remains in the job’s submission region,
and all data access operations are performed remotely. Con-
sequently, the total data transferred equals the job’s read/write
footprints (Sj), the number of network round trips matches the
total I/O operations (K;), and no duplicated storage is required
at the destination region (Tj?'t(’r =0).

(2) Duplication: Data is copied from the home region to the desti-
nation region prior to job execution. This eliminates repetitive
network round trip latency (K; = 1), but necessitates storing the
data at the destination for the duration of the job’s execution
(Tgtor — TgxeC).

J J

(3) Duplication & Reuse: This extends the Duplication pattern
by caching the data at the destination region for an additional
period after the job completes (T]?tor = TJ?XEC + Teache) Thig
enables subsequent repetitive jobs to reuse the cached copy,
thereby avoiding redundant data transfers.

Constant values used in our simulations are listed in Table 1.

B Prediction Methods

In addition to simulating workload shifting with an oracle that
has perfect future knowledge, we also evaluate a more realistic
setting where future grid conditions and workload characteristics
are unknown. In particular, we predict grid LMP and CI, as well as
the duration and average power consumption of incoming jobs.

B.1 Grid LMP and CI

Although public data sources provide LMP and CI forecasts—such
as ISO day-ahead prices [48] and Electricity Maps’ three-day fore-
casts [38]—0.96% of jobs run longer than one day, and 0.08% ex-
ceed three days. We made prediction for CI and LMP using Light-
GBM [29], with weather data as covariates. Compared to simula-
tions with oracle grid information, using these predicted CI and
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Figure 8: Impact of different prediction methods on operational carbon reduction (left) and constraint violation rates (right)
across varying provider shifting cost factors.

Table 1: Constant values used in our simulations.

Item

Value

CPU Price [21]
Memory Price [21]

$0.03465/vCPU-hour
$0.003938/GB-hour

GPU Price - T4 [23] $0.35/hour

GPU Price - P100 [23] $1.46/hour

GPU Price - V100 [23] $2.48/hour

Data Egress Price [22] $0.02/GB

Data Storage Price [18] $1.7e-5 GB/hour
Provider Network Cost [10] $0.05 Mbps/month
Provider Storage Cost [53] $85.62 e3/EB/10-year
CPU Power (64 cores) [1] 360 W

GPU Power (96 cores) [1] 400 W

Mem Power [11] 0.838 W/GB

GPU Power - T4 [43] 70 W

GPU Power - P100 [42] 250 W

GPU Power - V100 [44] 250 W

Storage Power [53] 733.855 kW/EB
Network Energy [24] 0.005 kW/GB
Power Usage Effectiveness (PUE) [19] 1.1

Link Bandwidth [51] 5 Gbps

LMP values yields similar operational carbon savings while main-
taining a constraint violation rate less than 1% (i.e., incorrect job-
shifting decisions that exceed the budget or latency constraint due
to prediction errors).

B.2 Job Duration and Power Consumption

For each incoming job, we assume the either the user specifies
its data requirements using the interface described in §3.1, or it
is known (e.g., using static analysis). We then predict the job’s
duration and power consumption based on historical execution
data. The workload trace dataset groups repetitive job submissions
with similar meta-information, such as entry scripts, command-
line parameters, and data sources or sinks [64]. We aggregate the
historical duration and power consumption for each of these groups.

For jobs outside previously observed groups, we fall back to per-
user historical statistics. If the user is also unknown, we use global
statistics across all jobs.

Because grid information is collected and predicted hourly while
jobs arrive at a much higher frequency, we use lightweight statistical
forecasting methods instead of computationally intensive training-
based approaches to minimize overhead. We evaluate five statistical
predictors: Simple Historical Mean (SHM), Simple Moving Average
(SMA), Simple Exponential Smoothing (SES), Double Exponential
Smoothing (DES), and Histogram (HIS). We compare their carbon
savings and constraint violation rates, shown in Fig. 8. Among
these methods, SES achieves the best overall performance, with
the best carbon reduction and a maximum constraint violation rate
of 1.2%. We therefore use SES to forecast job duration and power
consumption throughout the paper.
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