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Abstract-The interplay between electrical power and computing power is more important
than ever in the era of artificial intelligence (Al), cloud computing, and edge computing, as
data centres are becoming controllable electrical loads. The results of this survey are
presented on various aspects of grid-interactive, carbon-aware coordination of electricity and
computing resources over the last ten years, including multi-energy data centers, edge-cloud
scheduling, computing-power networks, workload shifting, and demand response. Studies are
included only if they coordinate computation with at least one electrical factor, such as price,
carbon intensity, grid constraints, renewables, cooling, or storage. To differentiate market
coupling, carbon-aware dispatching, networked compute orchestration, local energy assets,
and metrics, a five-layer taxonomy has been proposed. For practical implementation, the key
prerequisites are latency-guaranteed, nodal-carbon-aware workload-power co-dispatch,
interoperable data exchange, and verifiable grid benefits.
Keywords: Electricity-computing, carbon-aware computing, computing power network,
edge-cloud scheduling, grid-interactive loads.
I. Introduction

Digital infrastructure is no longer a passive electric-power recipient. These systems are
now deployed at scale, impacting electrical systems, renewable curtailment, reserve
procurement, and carbon emissions in large data centers, edge nodes, Al clusters, and
networked computing resources. Computing workloads are also more flexible than most
industrial workloads. Batch Al training jobs could be halted or moved, and inference services
could be replicated across edge or cloud nodes. Cooling plants, batteries, and backups can
also be scheduled based on server utilization. Therefore, the planning and operation of
electricity systems and computing systems should be coordinated rather than separately
optimized. Past energy-efficiency studies of data centers also reveal that total energy
consumption is a function of the power used by information technology (IT) equipment and
the overhead power used in energy-intensive data-center facilities [1], [2]. Recently, it has
become common practice to regard a data center as a dispatchable, carbon-aware, and market-
responsive load [3]-[12].

This change is spurred by three drivers. First, Al and cloud workloads represent dense and
geographically concentrated electricity demand, which is straining grid-connection queues,
overloading transformers, and forcing network expansion in some areas. Second, renewable
production varies by location. Migrating a computing task to a region with lower carbon
intensity can lead to lower emissions, but it can also increase network latency or burden the
receiving electrical grid. Third, the computing-power network (CPN) paradigm considers
computing, storage, and networking resources as integrated services rather than individual
resources [13]-[15]. These developments have introduced the idea that electrical power
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systems and computing systems present shared problems in electricity-compute
coordination. Current reviews are scattered across specific research areas. While data-center
energy-modeling reviews focus on energy management and consumption [2], [16], [17],
demand-response reviews are centered on load flexibility [13]-[15], and mobile-edge and
resource-scheduling surveys are centered on offloading and edge orchestration [18]-[21]. An
integrated review that takes into account electricity-market signals, workload migration
targeting carbon reduction, edge-cloud orchestration, local cooling and storage capacities, and
grid-level validation metrics is still limited. This gap is significant because what works for
cloud scheduling is not necessarily feasible for grid operation, and what is suitable for a
demand-response strategy might not meet service-level latency requirements. In line with this,
this survey examines grid-interactive/computing-aware models that consider the carbon
dimension and sets the scope as follows.

The studies considered should relate computational needs to price, carbon intensity, grid
constraints, renewable availability, demand-response signals, cooling energy, battery
operation, heat reuse, or local generation. The survey covers data-center clusters, hyperscale
cloud regions, edge nodes, computing-power networks, and multi-energy data-center
buildings. Pure chip-level design, thermal-only studies that do not take workload or grid
interaction into account, blockchain-mining economics, and generic cloud scheduling without
electricity coupling are excluded. The review approach is concept-based rather than
chronological. Studies published between 2015 and 2026 are grouped according to five
coordinated decisions: electricity-market response, carbon-aware workload allocation,
networked computing-resource orchestration, local multi-energy flexibility, and evaluation or
verification. The analysis focuses on exploitable assumptions, assumptions required during
simulation, and missing interfaces that prevent coordinated operation. The proposed
electricity-compute coordination loop is shown in Figure 1. The boundary of the survey is
described in Table 1, and the main taxonomy is provided in Table 2. The research challenge
of latency-guaranteed, nodal-carbon-aware workload-power co-dispatch is highlighted. Much
of the recent literature assumes a parameterized regional-average carbon intensity and high
workload mobility or treats demand response without explicitly considering power-flow
constraints. For practical systems, decisions about which computing service to place on which
device at what time, in the context of service latency, grid congestion, renewable variability,
cooling dynamics, and auditable carbon accounting, are crucial. It is recognised, therefore,
that future activities should focus on constructing interoperable testbeds, grid-connected
validation, and common metering for carbon, cost, reliability, and service quality.
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Figure 1. Proposed electricity-compute coordination framework
Figure 1 illustrates four coordinated layers: external input signals, a joint decision engine,
controllable data-center actions, and feedback signals for technical verification.
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Table 1. Survey boundary and inclusion logic for electricity-compute coordination.

Item Definition used in this survey

Included system scale Data-center clusters, hyperscale cloud regions, edge nodes, computing-power
networks, and data-center buildings connected to local energy systems.

Included coordination Electricity price, demand-response signal, carbon intensity, grid congestion,

variables renewable availability, cooling state, storage state, and service latency.

Included control actions Workload  deferral, workload migration, server scaling, virtual-
machine/container placement, cooling set-point control, battery scheduling, and
heat reuse.

Excluded topics Pure chip architecture, generic cloud load balancing without electricity coupling,

cryptocurrency mining economics, and thermal-only studies without workload or
grid interaction.

Main survey question How can electricity and computing power be co-developed so that computation
remains reliable while the grid receives measurable flexibility and carbon
benefit?

I1. Research Scope and Research Challenge
A. Integrated Infrastructure for Electricity and Computing Systems
The classic research on data centers involves lowering facility energy consumption through

better cooling, server consolidation, and power-management mechanisms [2], [16], [17].
While these are necessary actions, local efficiency does not imply grid compatibility. Even a
very efficient plant, if it sits at an “overloaded node,” runs during a period of high demand,
and/or draws electricity during carbon-intensive periods, can create strain on the grid.
Similarly, a cloud scheduler that tries to minimize computing delay can lead to more
emissions if it does not consider the electricity mix and network congestion at the receiving
site. The concept of electricity-compute coordination therefore goes beyond keeping
electricity costs down at the local level to considering when, where, and how electricity is
used to maximise the combined energy, carbon, and service outcome. Electricity-compute
coordination introduces a multi-domain problem. From the power-system side, factors to
consider are time-varying prices, renewable uncertainty, network constraints, reserve products,
carbon accounting, and distribution capacity. On the computing side, these include workloads,
queues, service-level agreements (SLAs), data-transfer cost, hardware use, and latency. The
added complexities of cooling and storage relate to the fact that a building’s power does not
move in lockstep with the IT load. This yields an integrated electrical, computational, and
thermal system.
B. Literature Review and Categorization Methodology

The literature is organized by primary decision variable rather than publication year.
Demand-response studies are grouped under market coupling because the primary action is
the response of data centers to electricity-system incentives [4]-[9]. Carbon-aware computing
studies are treated separately because their primary objective is emissions reduction rather
than price response [3], [10], [11], [22], [23]. Edge-computing and computing-power-network
studies are grouped under orchestration because they focus on resource abstraction, routing,
and scheduling [13]-[15], [18]-[21], [24]. Cooling, storage, waste heat, and multi-energy
operation are grouped under local flexibility because these resources enable a data center to
operate as a prosumer or multi-energy hub [16], [17], [25]-[27]. A method is classified as
implementation-oriented when it uses measurable signals, satisfies service constraints, can be
executed within practical computational time, and does not require unrealistic information
sharing among operators. Methods that assume perfectly mobile workloads, complete
information across all data centers, deterministic renewable forecasts, or unavailable market
mechanisms are classified as simulation-oriented. This distinction is used in the critical
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analysis because superior simulation results do not necessarily imply greater practical grid
value.
C. Low-Latency Carbon-Aware Power and Computing Coordination
Latency-guaranteed, nodal-carbon-aware workload-power co-dispatch is identified as a key
research challenge. Operation with latency guarantees requires workload movement to remain
within SLAs. For nodal-carbon-aware operation, carbon signals need to be based on local grid
conditions and tied to marginal generation rather than only a regional average. Workload
placement, server power, cooling power, storage, and grid flexibility should all be co-
determined in co-dispatch. The formulation may be restrictive but sufficiently concrete to
support a focused research program and bridge the gap between power systems, cloud
systems, and edge networks. Current approaches typically address only subsets of this
problem. Carbon-aware data-center operation has demonstrated practical value, but carbon
signals are often aggregated and decoupled from grid constraints [3]. Demand-response
models capture load flexibility but may omit internal computing workflows or latency classes
[6]-[9]. Computing-power-network studies describe networked
orchestration, yet electricity-market clearing and distribution-grid constraints are often absent
[13]-[15]. Edge-computing scheduling can reduce latency and energy consumption but
generally does not quantify grid-level carbon benefits [18]-[21], [24]. The principal
unresolved issue is therefore the absence of a common operational layer for trusted exchange
of carbon, grid, and workload information.
III. Classification of Electricity and Computing Coordination Approaches

Table 2. Main taxonomy for electricity-compute coordination literature.

computing-resource

Layer Main idea Typical Implementation Common metrics  Refs.
methods maturity
Electricity- Treats data centers Game  theory, Medium to high: Peak reduction, [4]-[9],
market and as controllable contract design, compatible with cost saving, [12]
demand- loads that respond  optimization, today’s utility  reserve
response to prices, demand- programs, but contribution, SLA
coupling incentives, response needs accurate  violation,
reserves, or grid baselines, load baselines and ramping.
requests. aggregation. SLA-safe
curtailment.
Carbon-aware Moves, delays, or Carbon-aware High for batch Carbon reduction, [3],
workload and throttles dispatch, spatio- tasks; medium for energy cost, [10]
location computation using temporal latency-sensitive latency, [11]
scheduling carbon intensity, workload services; low if utilization, [22]
renewable migration, siting nodal carbon and renewable [23]
availability, or optimization, network limits are  matching. [28]-
long-term  siting emissions ignored. [30]
signals. accounting.
Computing- Advertises and Computing Medium: Task delay, [13]
power network routes computing resource architecture is  throughput, [15]
and edge-cloud resources through abstraction, task promising, but resource use, [18]
orchestration network-aware routing, interoperator communication [21]
scheduling across offloading, standards and cost, reliability. [24]
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Local energy, CoordinatesIT Model Medium to high Power usage [16],
cooling, and load with cooling  predictive for single sites; effectiveness [17],
multi-energy systems, batteries, colntrol.(MPC), lower for (PUE), carbon [25]-
flexibility renewable mixed-integer 4 ributed usage [27]

generation, optimization, . . effectiveness

uninterruptible thermal portfohf)s without (CUE), energy

power supply modeling, market interfaces.  ¢ogt, thermal

(UPS), heat microgrid safety, heat

recovery, or scheduling, revenue, battery

district energy. heat-reuse cycling.

planning.

Evaluation, Checks whether Field trials, real Still weak: many Nodal emissions, [3], [7],
verification, claimed flexibility traces, power- studies use congestion relief, [10]-
and deployment is measurable, flow simulation, synthetic baseline error, [12]
evidence repeatable, and carbon workloads or ideal SLA loss,

acceptable to both accounting, forecasts, and few operator revenue,

grid and auditable report user delay.

computing settlement. distribution-grid

operators. impacts.

A. Electricity-Market and Demand-Response Coupling

Demand-response studies examine whether data centers can modify power consumption in
response to electricity-price or grid-reliability signals. Early geo-distributed models assume
that services can be delivered from multiple sites, allowing workload to shift from high-price
locations to alternative sites without violating quality-of-service requirements. A game-
theoretic framework modeled this interaction between geo-distributed data centers and
electricity markets [4]. Subsequent studies added contracts and markets to make such
flexibility available to utilities [5], [6]. This translates computing flexibility into services for
power systems in terms of load reduction, price response, reserve provision, and settlement.
One of the biggest issues is creating a credible “baseline” for a demand-response system. A
utility requires a credible estimate of the electricity that would have been consumed without a
demand-response event. Computing demand is elastic, forecast-dependent, and may be
opaque within cloud-provider operations. Baseline errors can therefore lead to over- or under-
compensation for flexibility. Another distinction is between demand shifting and actual
demand reduction. Deferring a batch job may reduce peak power during an event but create
rebound demand later. This can still provide short-term grid relief, but carbon benefits depend
on the time and location of the deferred computation. Accordingly, market-coupled models
should be evaluated using both electrical and computing metrics rather than cost alone.

A series of recent load models has been developed to enhance deployability by taking into
account multiple forms of regulation within a data center, such as server scaling, cooling
control, and workload shifting [8]. Strategic behavior by data centers is also a concern in
incentive-compatible models. These mechanisms play a crucial role because operators have
little incentive to offer flexibility or divulge information about their operations. However,
most studies do not consider constraints at the distribution level, feeder capacity to host
renewables, or local-transformer limits.

B. Energy-Efficient Workload and Location Management

In carbon-aware computing, the main control signal is emission intensity rather than
electricity price. Studies have shown that data-center workloads can be scheduled in low-
carbon locations or at low-carbon times without violating data-center operations [3]. This is
the principle of making computing work directly related to decarbonization goals. Rather than
relying only on renewable certificates or facility-efficiency improvements, carbon-aware
scheduling exploits workload flexibility to reduce emissions. Carbon-oriented demand
response extends this concept by integrating computing load into broader decarbonization
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pathways [10], [11]. The effectiveness of these methods depends strongly on the carbon
signal used. Average grid carbon intensity is widely available but may not represent the
generator responding to incremental demand. Marginal carbon intensity better reflects
dispatch effects but is more difficult to measure or predict. In constrained networks, nodal
marginal emissions are more informative because they incorporate local power-system
conditions, although such data and models are often unavailable to cloud operators. This
creates a significant research gap: reported carbon reductions depend strongly on the
accounting method. Moving workload to a low-average-carbon region can still increase fossil
generation if the receiving grid is congested or renewable generation is already fully utilized.
Long-term siting and capacity planning therefore complement real-time dispatch. Carbon-
aware location and configuration models identify regions with favorable renewable resources,
climate, and grid capacity [23], [28].

Recent studies of electricity-computing synergy also incorporate renewable-resource
endowments and geographical constraints [28]. These planning-oriented approaches are
valuable for infrastructure siting but do not replace operational dispatch. A well-sited facility
can still operate during periods of high local demand or congestion. Effective coordination
therefore requires both planning decisions, such as facility location and capacity, and
operational decisions, such as hourly or sub-hourly workload migration.

C. Integrated Computing Power and Edge-Cloud Coordination

From a communications perspective, computing-power networks provide the orchestration
layer for electricity-compute coordination. Computing resources, such as bandwidth and
storage, can be sensed, abstracted, advertised, and routed through a network [13]—-[15]. This is
relevant to providers seeking to shift computation from demand-constrained regions toward
locations with greater renewable availability. It is equally important for edge computing,
where tasks must remain sufficiently close to users to satisfy latency requirements. Existing
surveys of computation placement primarily evaluate delay, energy consumption, and
network-resource utilization [18]—[21], [24], but rarely assess whether the selected computing
node also benefits the electrical grid. A nearby node may satisfy latency requirements while
using carbon-intensive electricity; a cleaner node may be too distant for latency-sensitive
control or video-analytics tasks. Energy-aware edge computing addresses part of this trade-off
through server and device energy metrics [18], but carbon intensity, renewable curtailment,
and distribution-grid constraints are less frequently modeled. Computing-power-network
research can address this gap by incorporating electricity-related attributes into resource
advertisements, including available power headroom, carbon intensity, thermal margin,
flexibility capacity, and grid-congestion status.

Implementation depends critically on trust and interoperability. There is limited freedom to
share internal data about providers’ or utilities’ operations to support routing or orchestration.
Standardized information is thus needed to reveal the necessary coordination data while
keeping key business or grid-security information private. For instance, instead of publishing
detailed server states, a computing node can publish a flexibility envelope, and instead of
publishing detailed congestion and/or carbon signals, a utility could publish the signals in an
appropriately aggregated way. In the absence of these interfaces, a computing-power network
is not a fully-fledged electricity-compute coordination platform but remains a network-
optimization architecture.

D. Energy Storage and Heat Recovery Systems

In addition to servers, a data center is composed of cooling plants, power electronics, UPS

systems, batteries, backup power generation, on-site renewable power, and possibly heat-
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recovery equipment. These assets can provide local flexibility. Cooling set-points are
programmable; batteries can store surplus renewable energy and/or reduce peak demand; and
waste heat can be provided to district-heating systems if needed at the same time it is
produced [25]-[27]. Thermal dynamics, power consumption, and control opportunities differ
between air- and liquid-cooling systems [16], [17].

Multi-energy data-center models are particularly suitable for building- or campus-scale
implementation because site operators directly control local energy assets. Studies show that
integrating renewables, storage, and active demand response can reduce cost and emissions
[25]. Data centers can also interact with district-energy systems through waste-heat export
[26], [27]. These approaches reduce dependence on remote workload migration because local
assets can reshape the facility's grid interaction even when computing tasks cannot move.
However, local optimization does not necessarily produce system-wide grid benefits, making
scale coupling an important limitation. Coordinated operation across multiple sites can also
create rebound effects. If many facilities respond simultaneously to the same low-price period,
a new system peak may emerge. Heat-recovery equipment may be underutilized when
seasonal heat demand is low, while cooling flexibility must respect hardware temperature and
reliability limits. Local flexibility should therefore be coordinated at portfolio and grid levels.
The relevant research objective is not to compare cooling and workload shifting in isolation,
but to integrate workload, cooling, storage, and heat recovery as a unified flexibility stack.

E. Modeling and Evaluation Metrics

Evaluation is a major source of inconsistency across the literature. Data-center electricity
use is commonly represented by IT power, cooling power, and facility-overhead metrics such
as PUE. Carbon-aware studies may report emissions reductions using average, marginal, or
nodal carbon intensity, while edge-computing studies emphasize latency and throughput, and
power-system studies emphasize cost, peak reduction, ramping, and reserve provision.
Evaluation should therefore be integrated into the methodology rather than treated as a
secondary component. There must be at least four metric groups for a practical assessment.
Electrical metrics include peak reduction, shifted energy, ramp smoothing, transformer
loading, reserve availability, and power-flow feasibility. Computing measures include latency,
queue time, SLA violation rate, dropped requests, throughput, and data-transfer overhead.
Examples of environmental measures are energy usage, carbon emissions, renewable-energy
matching, water footprint, and heat recovery. Economic measures include electricity cost,
market revenues, infrastructure cost, battery degradation, and customer penalties. The
removal of any of these groups may result in a partial view of system performance. The most
convincing data are actual workload traces, field operations, and/or hardware-in-the-loop
testbeds. Combining field evidence with synthetic simulation increases the credibility of
carbon-aware operation [3]. Similarly, to better represent the validity of market models,
realistic tariffs, demand-response baselines, and operator incentives should be included.
Distributions of measured latency and migration overhead [18]—[21], [24] should be part of
edge-computing evaluations. Publicly available workload traces with energy prices, carbon
intensity, weather, cooling power, facility load, and grid constraints would be useful for future
benchmarking. Global datasets of this nature are still rare, however, which means that many
modeling assumptions have limited validation. GreenSLA denotes Green Service Level
Agreement, and GreenSDA denotes Green Supply Demand Agreement. Table 3 provides an
implementation-oriented comparison of the major method families.

Table 3. Implementation-oriented comparison of major method families.

Method family Main use Strength Limitation Implementatio  Refs.
n realism
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Game-theoretic Coordinates Good for Often assumes full Medium: [4], [6],
demand response  distributed data  studying rationality and useful for [9]

centers under incentives and simplified grid market design,

price or market strategic constraints. weaker for

interaction. behavior. real-time

control.

Contract-based Defines Implementation Needs reliable High for [5]
GreenSLA/Green  agreements -friendly baselines and flexible
SDA between cloud because it maps customer acceptance enterprise

services and flexibility to of degraded or workloads.

demand- contracts. shifted service.

response

programs.

Carbon-aware

Moves or delays

Practical for

Carbon signal

High for batch

workload shifting work  toward batch and non- quality and latency jobs; medium [10
cleaner urgent limits determine real for interactive [11]
electricity. Al/cloud benefit. services.

workloads.

Bi-level Jointly models Captures Computationally Medium: [28]-

planning/scheduli  infrastructure interaction heavy and dependent useful for [30]

ng investment and between on scenario  planning, less
operation. computing assumptions. for minute-

capacity, level dispatch.
storage, and

electricity

system.

CPN/edge-cloud  Routes tasks  Natural Electricity  signals Medium: [13]-

orchestration according to architecture for and carbon data are promising but [15],
computing and distributed not yet standard needs [18]-
network computing inputs. standards. [21],
resource status. services. [24]

Cooling/storage/  Uses facility Deployable Thermal safety, High at single- [16],

heat-flexibility assets to because assets battery degradation, site level; [17],

control reshape are locally and heat demand medium at  [25]-
electrical controlled. must be modeled. portfolio level.  [27]
demand.

Deep Learns Handles Weak  guarantees, Low to [18]-

reinforcement scheduling nonlinear data hunger, and medium unless [21],

learning policies  from systems and poor transfer under combined with [24]

heuristics traces or many states. rare grid events. safety layers.
simulation.

IV. Critical Analysis

The most implementation-ready approaches are those that respect current operational
constraints. Carbon-aware workload shifting for batch applications, model training, data
analytics, etc., is feasible for secondary tasks in the cloud that have a considerable degree of
delay tolerance [3], [10], [11]. Contract-based demand response can also be deployed because
flexibility can be codified in a contract or through a utility program [5], [6]. Technically, local
control of cooling, storage, and renewable resources is feasible because these resources
remain under the control of the data-center operator [16], [17], [25]. These approaches might
not provide as much theoretical flexibility as idealized optimization models, but they better
reflect existing metering and scheduling practices and business constraints.

Some of these methods rely on simulations, such as large bi-level games, idealized geo-
distributed migration models, and edge-cloud scheduling without considering state-transfer
costs. Many of these approaches require full workload mobility, perfect forecasts, or complete
information. These assumptions can be helpful in establishing a “maximum possible” carbon
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reduction and grid relief, but achievable benefits may be overstated. Cross-region workload
transfer may increase latency, data-transfer energy, and congestion at the receiving node even
when average carbon intensity decreases. Likewise, a demand-response simulation could
yield peak reductions that do not occur in reality if the baselines are less reliable than
assumed or service degradation is not tolerated. Overall, it is evident from Table 3 that none
of these method families is sufficient. The market interface is provided by demand response,
the environmental goal is defined by carbon-aware scheduling, computing-power networks
are used as the routing architecture, and physical flexibility is provided through local multi-
energy control. A layered approach is therefore suitable: coordination can be performed day-
ahead using market and carbon signals, operational dispatch can use SLA-aware workload
classes, and local operation (cooling and storage) can provide rapid adjustments. Approaches
providing only synthetic simulations of cost reduction should be avoided in favor of methods
that can measure grid impact, SLA performance, and auditable carbon results.

V. Open Challenges and Future Directions

Several challenges remain. First, there is a need for practical coordination based on carbon
signals, and these signals must be accurate enough for coordination but sufficiently safe to
share at the node level across organisational lines. While regional-average carbon intensity is
easy to implement, it might give a misleading picture in heavily loaded networks. Second,
workload classes need to be codified so that schedulers can identify delay-tolerant, latency-
critical, and location-locked tasks. Third, a reliable demand-response baseline is needed for
data centres with elastic, customer-driven compute demand. Fourth, and most importantly,
more controlled measurements are needed to define the interactions among server load,
temperature, liquid-cooling behavior, storage operation, and battery degradation [16], [17].
Future research should establish testbeds that jointly evaluate real workload traces, electricity
prices, weather, carbon signals, and feeder constraints. Settlement is another open issue: when
workload migration reduces grid congestion or emissions, the benefit should be measurable
and attributable so that participating operators can be compensated. Electricity-aware resource
descriptors, such as carbon range, power headroom, and flexibility envelope, should also be
integrated into computing-power networks. This would allow resource routing to account for
grid conditions in addition to computing performance.

VI. Practical Framework for Integrated Development

Workload classification is the starting point for practical implementation. Data-center
operators can partition jobs into four categories: strict-latency, soft-latency, delay-tolerant,
and location-locked. Only flexible classes should participate in electricity- and carbon-aware
dispatch. The second step is signal integration: electricity prices, grid capacity, renewable
forecasts, and carbon signals should be provided at time resolutions appropriate to each
workload class. Inference tasks require faster and more conservative decisions, whereas batch
tasks can use hourly or day-ahead signals. The third step is local flexibility stacking. Before
migrating workload, the facility should evaluate server scaling, cooling set-point adjustment,
and battery operation to relieve local constraints. Local actions are typically faster to
implement and easier to verify.

The fourth step is portfolio-level coordination across sites. If there are multiple data centers,
carbon intensity, electricity price, latency, data-transfer overhead, compute capacity, and grid
headroom at the receiving data center(s) should be considered when choosing the workload
location. The fifth step is verification. Each flexibility action should be registered in relation
to electrical-load impact, computing-service impact, and emissions impact. Verification is
required to support grid settlement and credible sustainability reporting. These steps together
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create a pathway for staged implementation. The first stage is the realization of multi-energy
control at a single site. In stage 2, delay-tolerant tasks are introduced with carbon-aware
scheduling. In stage 3, markets and carbon pricing are used to coordinate multiple locations.
Stage 4 integrates computing-power-network descriptions and introduces electric-power-
related attributes into resource routing. Full-system testing at stage 5 includes utilities, cloud
operators, and independent carbon accounting. This step-by-step process is more feasible than
using a single optimization algorithm that needs unfettered access to confidential operational
data owned by each participant.
VII. Evidence and Benchmarking Protocol

Assessment of evidence should be done in stages. Level 1 uses a mathematical model with
a well-explained range of assumptions to estimate a theoretical operating range. At Level 2,
actual workload traces are used, as well as measured electricity-price, weather, or facility-
measurement data. Level 3 connects workload simulation to feeder-capacity, congestion, and
marginal-emissions models. Field operation or hardware-in-the-loop testing with auditable
metering is used at Level 4. Most current studies focus on Levels 1 and 2; future studies need
to increasingly focus on Levels 3 and 4 so that quantifiable grid flexibility can be presented,
not only optimized curves. Further benchmarks should also differentiate workload classes
because latency requirements vary dramatically depending on the use case. For example,
batch training should be distinguished from scientific workflows or industrial-control
inference. At a minimum, a benchmark should measure the following: fraction of load that
can be shifted, maximum time window allowed for load shifting, amount of data being shifted,
capability at the receiving end, and computing penalty. Peak reduction, ramp-rate reduction,
carbon reduction, or other relief of grid-node constraints must be explicitly identified as
electrical impacts. It should be explicitly stated that average, marginal, and nodal marginal
carbon intensities differ. Table 4 outlines the minimum evidence protocol for improved
comparison and reduced overclaiming. Lower-evidence studies can still be valuable when
explicitly identified as the outcomes of simulation or planning studies. Stronger studies use
multiple sources of evidence, such as realistic market and cost parameters, sensitivity analysis
under forecast error, real computing workloads, and measured energy/cooling data under real
conditions. This assessment can help separate cost-shifting tactics from approaches that
deliver verifiable grid services without compromising the quality of computing services.

Table 4. Minimum evidence protocol for future electricity-compute coordination studies.

Evidence level What it means Minimum information How to interpret the
required result
Level 1: Model- Optimization or control Clear mathematical State that the result is a
only study model  with synthetic  assumptions, constraint list, theoretical operating
workload and assumed and sensitivity analysis. envelope, not deployment
power system. proof.
Level 2: Trace- Real or public computing Workload class, latency Report SLA loss, rebound

based simulation

Level 3: Grid-
coupled validation

Level 4: Field or
hardware-in-the-
loop test

traces with measured price,
weather, or carbon data.
Workload simulation linked
with  power-flow, feeder
capacity, nodal carbon, or
congestion model.
Metered  facility,

cluster, emulator, or utility-

cloud

facing pilot.

tolerance, migration cost, and
energy/cooling trace.
Electrical node, grid
constraint, marginal emission

method, and demand-
response baseline.

Auditable metering,
settlement rule, real SLA

impact, and repeatable event
records.

load, and robustness under
forecast error.

Show grid benefit
separately from operator
cost saving.

Highest evidence level;
should become the target
for future journal studies.
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VIII. Conclusion

This survey examines the co-development of electricity and computing resources at the
intersection of power systems and data centers, carbon-aware computing, edge-cloud
orchestration, and multi-energy operation. The literature shows that data centres can
participate in demand-response schemes and move flexible workloads toward green power, as
well as utilise local energy resources and connect to wider computing-power schemes.

Fragmentation is the main limitation: while several methods optimize price, carbon, latency,

or cooling individually, deployment requires a harmonized and verifiable decision loop.

Based on this, the proposed taxonomy classifies the literature into five layers and establishes

latency-guaranteed workload co-dispatch with nodal-carbon awareness as a highlighted

research challenge. This framework may be used as a basis for future models, testbeds,
interoperability standards, and grid- and service-aware digital infrastructures.
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