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ABSTRACT
The proliferation of artificial intelligence (AI) workloads has ne-
cessitated AI-specific data centers (DCs), which have stochastic
power profiles and new reliability constraints. Unlike traditional
DCs, AI DCs exhibit high-frequency power fluctuations and signifi-
cant ramping events, because of the tight coupling of high-density
and magnitude compute, thermal management, and power electron-
ics. This paper studies the role of energy storage systems (ESS) and
provides an analysis of multi-layer ESS architectures that can help
mitigate grid-integration challenges. We take a hierarchical view
that spans from grid-scale BESS and grid-interactive UPS down to
rack-level units and server/GPU-level energy buffers. The analysis
reveals the distinct operating timescales and control coordination
required for heterogeneous storage integration. Furthermore, we
evaluate grid-support functionalities, such as frequency regulation,
while addressing the techno-economic trade-offs of degradation
and reliability. Our review of ESS capabilities provides roadmaps
for designing resilient, sustainable, and grid-compatible AI DCs.
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1 INTRODUCTION
Artificial Intelligence (AI) has fundamentally altered society’s rela-
tionship with technology; spanning applications from simple search
tasks to new avenues of scientific exploration. Large language mod-
els (LLMs) have been at the forefront of AI systems, with models
such as GPT and Claude increasingly embedded in everyday use.
These large-scale models are trained on trillions of tokens collected
from online sources and are accessible from web platforms and
APIs. The surge in demand has prompted AI industry stakeholders
to design specialized data centers (DCs) capable of supporting the
high-computational tasks required for training, fine-tuning, and
inference of these complex models. Energy requirements for AI
queries are now nearly an order of magnitude greater than those of
Google search, while AI training workloads double approximately
every 3.4 months [7]. Collectively, these trends highlight the neces-
sity for rethinking data center architectures to sustainably support
the rapid scaling of AI workloads.
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Figure 1: An overviewofAIDC structure including hierarchal
ESSs

DCs are dedicated facilities that are designed to house compute
servers, network devices, and data storage infrastructure. Energy
demand within a DC is unevenly distributed: IT equipment and
cooling systems account for the majority of electricity consumption,
while auxiliary loads such as lighting and security represent a
comparatively small fraction [1]. Traditional data centers (TDCs)
have historically operated at total power levels typically below 30
MW [1], with individual electrical distribution branches commonly
limited to a few tens of kilowatts. These facilities are predominantly
connected to power distribution networks in densely populated
areas and operate under an architectural paradigm that emphasizes
redundancy and exceptionally high uptime, making uninterrupted
power delivery from the utility grid essential. In contrast, AI DCs
(especially for training) comprise of high-density computing units
that usually operate in the hundreds of megawatt power range.
Under these conditions, AI DCs are better suited for connection
to transmission networks to enable reliable grid integration and
reduced grid impact. Inference AI DCs operate at comparatively
lower power levels with fewer restrictions regarding connecting
them to transmission networks.

Beyond the differences in scale and infrastructure, AI DCs ex-
hibit two distinct load profiles (training and inference) that differ
fundamentally from those of TDCs. AI training workloads are char-
acterized by rapid power fluctuations arising from idle periods, peak
utilization events, communication pauses, and checkpointing op-
erations, with significant load variations occurring on sub-second
timescales, producing high-frequency, jitter-like power spikes. In
contrast, inference workloads generally lack such rapid transients
and exhibit comparatively smoother demand profiles. Traditional
data center loads, by comparison, behave more like conventional
grid loads and are typically more predictable using historical data
and standard forecasting methods.



Figure 2: UPS and GiUPS operation modes

The highly dynamic and irregular nature of AI DC load pro-
files has important implications for grid operation. Rapid demand
changes can challenge the maintenance of power quality and sys-
tem stability by inducing voltage fluctuations, increasing harmonic
distortion through grid-connected power electronic interfaces, and
imposing additional stress on supporting electrical infrastructure,
particularly at high penetration levels. As a result, load smooth-
ing becomes a critical requirement for AI DC operation, both to
improve load predictability and to mitigate adverse power-quality
impacts on the power system.

The combination of high power density, rapid load transitions,
and limited predictability challenges the maintenance of grid relia-
bility, stability, and power quality using traditional infrastructure
alone. In this context, energy storage systems (ESSs) emerge as
a critical enabling resource for buffering fast transients and en-
hancing operational flexibility. Traditionally, ESSs have existed in
various forms in DCs mainly for the purpose of supplying power
for the DC during power outages, to ensure the continuing op-
eration of computing devices and sustain a high up-time. Stored
energy, if well leveraged, can address many of the aforementioned
challenges for AI DCs. However, existing studies largely focus on
isolated applications such as backup power or peak shaving, lacking
a comprehensive framework that addresses ESS technologies, archi-
tectural placement, and coordinated grid-operational roles specific
to AI DCs.

In this paper, we address this gap and investigate the role of
ESSs in AI DCs, not only as backup units but also as on-site cooling
support via thermal ESSs; battery backup units (BBUs) inside IT
racks; GPU-level capacitors for chip-level load smoothing; battery
energy storage systems (BESSs) for data-center-level load smooth-
ing; and even the interaction of ESSs inside the UPS with the utility
grid for supporting services such as frequency regulation or peak
shaving. In contrast to [8, 24], this paper focuses on the role of
ESSs in enabling reliable grid integration of AI DCs, rather than
only characterizing the grid impacts of AI DCs. Moreover, our work
does not focus on ESS chemistry technologies [43, 45], but instead
attempts to study architectures for the optimal application of ESSs
in AI DC grid integration. This paper also provides insights into
the control and coordination of ESSs across different levels of AI
DC architecture to address existing challenges. Therefore, we hope
that our work will serve as a useful source of information for both
academic and industry partners that study the role of ESSs in future
AI DCs.

2 THE ROLE OF UPS SYSTEMS
2.1 Traditional UPS Operation and Limitations
UPS systems are fundamental components in AI DCs, ensuring
continuous operation of critical loads during grid disturbances or

outages. Conventional UPS systems [22, 29, 53] typically operate
in standby or online modes. In standby mode, the UPS remains by-
passed during normal operation and transfers to battery-supported
inverter operation only when a disturbance is detected. In online
mode, the rectifier and inverter continuously process power, provid-
ing isolation from grid disturbances and maintaining tight voltage
and frequency regulation at the critical bus (see Fig. 2). In both
modes, the UPS interacts with the grid only through battery charg-
ing and synchronization. The UPS is therefore treated as a passive
protective device.

2.2 GiUPS systems in AI DCs
Traditional UPS architectures were designed primarily for load
protection with minimal interaction with the utility grid. This
paradigm is increasingly insufficient for AI DCs. First, AI work-
loads introduce rapid load variations that propagate upstream and
cause voltage flicker, transformer thermal stress, and feeder con-
gestion [38]. These effects are amplified when multiple AI racks
operate in synchrony, which is common in distributed training. Sec-
ond, the growing penetration of renewable energy sources (RESs)
reduces system inertia and increases the rate of change of grid fre-
quency. Conventional UPS systems do not contribute to frequency
support beyond simple ride-through, which leaves a large amount
of inverter capacity unused during normal operation [13]. Third,
the energy stored in UPS batteries remains idle for more than 99
percent of their lifetime, representing a significant opportunity cost.
These limitations motivate the development of UPS architectures
capable of dynamic grid interaction.

GiUPS systems enhance traditional UPS designs by incorporat-
ing bidirectional power converters, advanced digital controllers,
and communication interfaces that allow coordination with the
utility grid or market operator. These systems can modulate active
power in response to grid frequency deviations or dispatch signals,
enabling participation in services such as primary frequency reg-
ulation, fast frequency response, synthetic inertia, and peak load
management [16, 39]. Unlike conventional UPS systems, which
operate independently of grid conditions except during outages,
GiUPS systems continuously monitor grid conditions and adjust
their output accordingly.

The control architecture of GiUPS typically includes a multi-
layer structure. The inner control loops regulate current and volt-
age at sub-millisecond timescales. The outer loops implement grid-
following or grid-forming behavior depending on the operating
mode. A supervisory controller coordinates battery SoC, grid ser-
vice participation, and critical load protection. This layered struc-
ture allows the UPS to respond to frequency deviations within tens
of milliseconds, which is significantly faster than most synchronous
generators and comparable to dedicated BESSs [49].

GiUPS can provide fast frequency response within 0.5 to 10
seconds after a grid event. It can operate in a dynamic frequency
response mode. In this mode, the injected battery power is adjusted
in real time based on frequency regulation needs. The UPS can also
operate in a static frequency response mode. In this case, a fixed
amount of power is injected after a grid event such as a fault or
large load switching [17].



2.2.1 Operational Modes of GiUPS. GiUPS can operate in several
modes depending on the grid conditions and external control sig-
nals, including standard operation, discharge modes (full and partial
disconnection), recharge mode, and energy export (bi-directional)
mode [16, 20]. When a frequency variation is detected by an exter-
nal controller, the UPS adjusts its operation to provide both positive
and negative regulation by charging or discharging its batteries
within operational limits.

Under normal conditions, the UPS receives 100% of the input
power from the utility grid through the rectifier, delivering it to the
load (see S1 in Fig. 2). In this mode, the UPS functions as a standard
double-conversion system, with the batteries maintained in standby
and not actively supplying power. This operation is referred to as
the standard UPS operation.

Discharge modes are employed to meet external control requests,
supplying energy to the load or the grid. In the full disconnection
mode, the UPS is completely disconnected from the utility, and 100%
of the load power is supplied by the batteries (see S2 in Fig. 2). In
the partial disconnection mode, the input power from the grid is
reduced according to external commands, with the remaining load
power supplied by the batteries (see S3 in Fig. 2). For example, the
batteries may provide 25% of the total load power while the grid
supplies the remainder.

When the battery SOC is below 100% (e.g., 80%) and an over-
frequency event is detected, the UPS draws power from the grid
to recharge the batteries. This operation is referred to as recharge
mode. The maximum recharge power is typically limited to 20–
25% of the UPS nominal capacity, constrained by battery recharge
characteristics and the maximum input current.

The UPS can also operate as a bi-directional power converter
to inject energy back into the grid (see S4 in Fig. 2). This energy
export mode is subject to local regulatory and grid requirements
and allows the UPS to discharge batteries upstream.

2.2.2 GiUPS Topologies. For GiUPS applications, topologies that
support bidirectional power flow and high-speed digital control
are preferred. Double-conversion and delta conversion architec-
tures with bidirectional converters can rapidly transition between
load-following, grid-support, and islanded operation. Modular ar-
chitectures are particularly attractive in AI DCs because they allow
some modules to participate in grid services while others remain
dedicated to critical load protection. This partitioning reduces op-
erational risk and improves economic performance [16]. Emerging
DC-coupled architectures further reduce conversion stages and im-
prove round-trip efficiency. These architectures also enable direct
coupling with on-site co-generation, which enhances the ability
of the AI DCs to operate as controllable grid resource. Modular
UPS design presents significant research opportunities not only
for frequency regulation and peak shaving scenarios, but also for
enabling demand response programs and synthetic inertia genera-
tion. However, detailed studies are required on voltage ride-through
capabilities, black-start mechanisms, and battery degradation anal-
ysis.

3 THE ROLE OF BESS SYSTEMS
BESS integrated with DCs represent a practical and scalable solu-
tion to address the challenges imposed by large and highly dynamic

loads on the power system [9]. When appropriately designed and
controlled, BESS can play a critical role in mitigating large load
fluctuations, enhancing local power quality, and supporting overall
grid stability [36]. To establish a clear understanding of the under-
lying mechanisms and achievable benefits, this section reviews the
key grid-support functions enabled by AI DC–connected BESS, in-
cluding co-generation, power smoothing and frequency regulation.
Finally, the cost implications of BESS deployment are examined.

3.1 Grid Support Roles of BESS in AI DCs
3.1.1 On-Site Clean Power Integration. BESS play a critical role in
enabling RESs integration at AI DCs. Given the energy-intensive
nature of AI DCs, on-site RESs generation and off-site procurement
mechanisms such as power purchase agreements are increasingly
adopted to reduce operating costs andmeet sustainability objectives.
However, the inherent intermittency of RESs complicates reliable
power supply. BESS mitigate these challenges by storing excess
energy during periods of high generation and supplying it during
low availability, while also providing backup power, and improved
RESs utilization [3]. AI DC–integrated BESS can be architected
either as large, multi-megawatt grid-forming resources capable
of replacing conventional backup generators, or as large-capacity
batteries integrated within static UPS systems [54]. In this context,
modern UPS systems, traditionally designed for short-duration ride-
through, are increasingly complemented by dedicated BESS that are
optimized for extended energy management and grid-interactive
operation rather than transient backup alone [19]. At the converter-
control level, BESS can be configured for grid forming (GFM), grid
following (GFL), or hybrid GFM and GFL operation to balance
fast dynamic response, voltage/frequency support, and grid-service
capability, although with added control and sensing complexity.

3.1.2 Power Smoothing. BESS can inject or absorb power at the
facility interface to attenuate rapid AI DC demand variations and
present a smoother power profile to the grid. A BESS co-located
with an AI DC can provide grid-level power smoothing while sup-
plying sufficient energy capacity to support sustained mitigation
actions. This architecture improves operational reliability by en-
abling load shaping, demand flexibility, and extended ride-through
for AI workloads.

As shown in Fig. 3, the GFM BESS effectively smooths the power
fluctuations of the AI DC resulting from training and inference
jobs. An alternative approach is a hybrid E-STATCOM and BESS
configuration, which combines the fast, high-speed response of
supercapacitors with the higher energy capacity of BESS to achieve
effective smoothing and sustained load support. This hybrid ar-
chitecture can enhance resilience by improving demand flexibility,
reducing flicker, and enabling broader grid-service capability. The
primary trade-off is increased cost and footprint compared with
standalone solutions. In addition, standalone supercapacitor-based
E-STATCOM solutions can mitigate high-frequency AI load fluc-
tuations and improve power quality for sensitive IT equipment
by reducing flicker, although they provide limited long-duration
energy support [42].

3.1.3 UPS-Integrated BESS. UPS-integrated BESS are motivated
by a simple premise: AI DCs already deploy UPS systems with fast



Figure 3: GFM BESS as a power smoothing unit [42]

power-electronic interfaces, and augmenting this mandatory infras-
tructure with BESS enables grid-interactive capability with limited
additional integration complexity. In practice, grid-interactive de-
ployments also show that battery technology selection depends
on the targeted services and operating constraints. For example,
UPS-integrated BESS have been used to provide fast frequency re-
sponse (FFR) by leveraging the rapid controllability of UPS power
converters [50, 54].

The UPS-integrated BESS, labeled as power smoothing units in
Fig. 1, extend this concept by supporting long-duration outage op-
eration and enabling participation in demand response programs,
while the UPS maintains continuity of critical loads when neither
the grid nor the BESS can fully supply demand. Although this ar-
chitecture increases installation cost, it can significantly improve
overall system reliability and may provide additional benefits, in-
cluding reduced resource consumption, lower carbon emissions,
and enhanced grid resilience [39].

As summarized in Fig. 4, a GiUPS-integrated BESS can operate
in (i) standard mode, (ii) discharge mode under full or partial dis-
connection, (iii) grid-services mode, and (iv) recharge mode for
SoC recovery [16]. This architecture can reduce the need for bidi-
rectional power flow across the MV/LV distribution transformer
by localizing fast power exchanges behind the meter, allowing
the transformer to operate primarily under its normal unidirec-
tional loading conditions [34]. These operating modes within the
UPS–BESS subsystem enable long-duration BESS to enhance DC
resilience through extended backup, reduce or eliminate reliance
on diesel generation, participate in ancillary and reserve markets,
manage demand charges and time-of-use tariffs, and increase RESs
utilization [19].

S1) Normal operation: The AI DC load is supplied entirely from
the utility grid, and the system delivers 100% of the input power to
the AI DC.

S2) Full disconnection with sufficient BESS reserve: The site is
fully isolated from the utility, and upon command from an external
controller, the BESS supplies 100% of the AI DC load power. In this
case, long-duration, large-scale BESS becomes essential; salt-cavern
redox flow batteries are a promising due to their high safety, large
storage capacity, stable temperature, and low cost [41].

During the transition from Scenario S1 to S2, the UPS initially
supports the load because its response time is on the order of mil-
liseconds, while the BESS typically requires a few seconds to assume
full load supply. Once engaged, the BESS can sustain operation for

Figure 4: UPS-Integrated BESS operation modes
extended durations (e.g., on the order of 1–4 hours, depending on
sizing and operating conditions) [19].

S3) Full disconnection with insufficient BESS reserve: If the outage
duration is long and the BESS does not have sufficient available ca-
pacity to supply the full AI DC load, the UPS assumes responsibility
for supporting the critical load.

S4) Partial disconnection: The external controller reduces the grid
input power, and the remaining portion of the AI DC demand is
supplied by the BESS. This operating mode enables the BESS to
support grid frequency regulation and to present a smoother power
profile at the grid interface.

S5) Coordinated UPS–BESS power smoothing: The grid, BESS, and
UPS jointly supply the AI DC load, with the UPS helping the BESS
by providing fast support during critical transient conditions to
assist power smoothing and frequency response. This case can be
interpreted as an extension of S4 in which the UPS contributes
rapid, short-duration buffering when required.

S6) Recharge mode: When the SOC drops below full charge, the
utility initiates battery recharging (e.g., following an over-frequency
detection). Under this condition, the UPS is prioritized for recharg-
ing first, after which the BESS can be recharged from the grid or
from on-site RESs generation.
4 THE ROLE OF RACK-, SERVER-LEVEL ESS
Rack- and server-level ESSs exist to handle two constraints that
centralized UPS/BESS alone cannot satisfy: (i) local buffering (GPU-
/server-scale transients that require local energy buffering), and (ii)
fault domain (limiting the blast radius of power disturbances and
energy storage failures). In modern DC-architecture AI facilities,
upstream layers (SST/MVDC front-ends and facility UPS/BESS) pri-
marily set facility envelopes and ride-through at longer timescales,
while downstream layers move buffering closer to the load to
smoothen fast dynamics and localize contingencies under faults[27,
28]. This section focuses on rack-level BBUs as distributed ride-
through and backup resources, and on server/GPU-level capacitive
storage as power profile smoothening for the highest-frequency
behaviors[18, 47, 48].

4.1 Rack-Level ESS: Role, Benefits, and
Constraints

The rack represents a natural operational and electrical boundary
for AI infrastructure, with dense DC-architecture racks alone reach-
ing MW-scale power demands [27]. Deploying energy storage at



Figure 5: Rack-level BBUs and server-level capacitors

the rack level offers several advantages. First, the storage is electri-
cally close to the load, enabling local buffering before propagating
upstream to the facility distribution system. Second, failures in
battery, converters, or wiring can be contained to individual racks,
limiting the blast radius of faults. Third, storage capacity budgets
and ride-through priorities can be configured on a per-rack basis, al-
lowing workload-specific policies that reflect criticality differences
across the data center.

Despite these benefits, rack-level deployment introduces opera-
tional challenges. Coordination becomes necessary, as many inde-
pendent storage units must be managed for state-of-charge track-
ing, recharge scheduling, and availability monitoring. Safety and
compliance requirements increase, since colocation of lithium-ion
energy storage with IT equipment raises fire and thermal-runaway
mitigation concerns. Finally, maintenance overhead grows substan-
tially, as consistent monitoring, battery replacement, and preventive
maintenance must be performed across racks. Fig. 5 shows the im-
plementation of rack-level BBUs and server-level capacitors in the
IT equipment.
4.2 Battery Backup Units (BBUs) as Distributed

DC UPS
In OCP Open Rack designs, BBUs are integrated into the rack as
distributed DC ride-through modules that supply the rack DC bus
during upstream AC disturbances [48]. In Open Rack V3 (ORV3)
architecture, a BBU shelf typically hosts multiple BBUmodules with
5+1 redundancy and supports both charge mode and discharge mode
operations with monitoring of SoC/SoH and maintenance tests [47].
Public reference designs summarize the intended operating point
(e.g., per-module backup power on the order of kW for minutes,
and lower-power charging over hours), reflecting a design goal of
short ride-through and fast recovery rather than continuous power
profile smoothening [5]. Meta reports ORV3 BBU shelves designed
for minutes of backup, and notes that paired shelves can be used
for higher rack power configurations [6].

4.2.1 BBU vs centralized UPS. BBUs and centralized UPS systems
can both respond quickly in principle to supply the gap between
grid power disturbance or outage and longer-term energy stor-
age systems coming online (e.g., gensets / BESS), but they differ
in where energy is buffered and what the buffer is optimized for.
Centralized UPS concentrates energy and power conversion at
room/facility scale, simplifying management and enabling grid-
interactive use cases when permitted [20, 44]. Rack BBUs push

storage behind fewer conversion stages in DC racks and reduce
some double-conversion penalties compared to traditional central-
ized UPS architectures [46]. Practically, BBUs are best viewed as a
distributed energy availability layer for the rack (seconds–minutes),
not as the primary solution for sub-second smoothing which is
handled more effectively by server/GPU capacitive buffers.

4.2.2 BBUs as power absorbers. BBU shelves inherently include
charging control; in normal operation they remain in charge mode
and can modulate charging current/power within design limits
[48]. At hyperscale, uncontrolled simultaneous recharge can cre-
ate step increases in aggregate load that trip upstream protection.
Production case studies show that coordinated and priority-aware
charging of distributed batteries can dramatically reduce recharge
power (reported reductions up to ∼80%) while meeting recharge
constraints [35].

However, using BBUs as a frequent, high-rate smoothing solu-
tion can accelerate degradation depending on cycling throughput,
C-rate, SoC range, and temperature [14, 15]. Practically, server/GPU
capacitors and software solution are better suited to handle high-
frequency power fluctuation, and BBUs are better suited for ride-
through, controlled recovery, and low-frequency shaping with bud-
geted cycling.

4.2.3 Safety and deployment considerations. Rack BBUs introduce
Li-ion safety considerations near IT equipment. OCP BBU spec-
ifications explicitly reference safety and propagation constraints
and relevant certification/testing practices [48, 51]. This strongly
motivates designs that (i) enforce conservative SoC windows and
thermal monitoring, and (ii) reduce unnecessary cycling.

If the design intent is “UPS-like” ride-through for all computing
devices, deployment of BBU on every rack is the straightforward
approach used in OCP-style architectures [6, 47, 48]. Selective de-
ployment (e.g., BBUs only on the highest-power or highest-priority
racks) can reduce capex and coordination overhead, but it changes
the availability model: unprotected racks become dependent on
workload-level fault tolerance, or upstream ESS (BESS/gensets)
without transient protection.

4.3 Server- and GPU-Level Storage
4.3.1 Capacitors instead of batteries. The highest-frequency com-
ponents of AI load power dynamics are at server-level: rapid power
consumption swings on the GPUs. These events are handled by
local decoupling and bulk capacitance [9]. Buffering at this layer
prevents microsecond-to-millisecond disturbances from propagat-
ing to the PSU and rack bus, reducing upstream stress and allowing
higher utilization at the rack power infrastructure [32].

Compared with batteries, supercapacitors tolerate extremely fre-
quent charge–discharge cycles with minimal degradation, making
them attractive for sub-second smoothing [21, 23]. Industry offer-
ings and proposals include compact supercapacitor banks intended
to suppress short spikes that would otherwise require overbuilding
upstream power infrastructure. The main constraint is energy den-
sity and physical volume: supercapacitors can buffer transients and
short bursts, but they cannot provide minutes of ride-through and
therefore complement (not replace) rack BBUs and other upstream
ESSs [21].



4.3.2 Firmware/software shaping as energy “storage”. A key trend is
co-design of electrical buffering with firmware-level power shaping.
Vendors explicitly target smoother power draw by controlling ramp
rates and limiting transient excursions. For example, NVIDIA de-
scribes firmware-controlled ramp-up behavior and a “power burner”
mode to manage ramp-down and stabilize facility-level power dy-
namics during AI job transitions [2]. At the platform level, soft-
ware interfaces such as NVIDIA’s NVML expose enforced GPU
power limits and real-time power telemetry, enabling operators
and higher-level controllers to constrain GPU power draw and coor-
dinate device-level consumption with rack- or facility-level power
envelopes [37]. It is framed as an industry direction to approach
power stabilization as a cross-stack problem that couples hardware
energy storage and software control to prevent large excursions
and meet grid/facility ramp constraints [9].

4.4 Coordination Across Rack and Server Layers
Coordination should be explicit about objectives and timescales:
GPU/server controllers shape fast dynamics under performance
constraints; rack BBU controllers manage SoC availability and re-
covery without creating recharge spikes at facility level; facility con-
trollers enforce facility envelopes and power-quality limits [30, 35].
OCP rack ecosystems already expose the necessary hooks (teleme-
try, shelf controllers, parallel shelf operation) to implement multi-
layer coordination in practice [47, 48]. Under MVDC architectures,
server/GPU capacitive buffering can reduce required BBU power
bandwidth and cycling, but does not eliminate the seconds–minutes
energy role of BBUs for ride-through and controlled recovery [28].

5 CHALLENGES AND FUTURE DIRECTIONS
5.1 Challenges for Integrating ESSs in AI DCs
In the following section the main challenges and gaps are discussed
considering multi-level ESSs in AI DCs. As discussed in previous
sections, the ESSs not only can support the reliable operation of AI
DCs but also can smooth the AI DC grid integration. In addition,
it showed that integrating ESSs in different levels in AI DC power
infrastructure leads to a grid interactive AI DC that can support the
grid in emergency cases like frequency regulation, reactive power
compensation or peak shaving scenarios. However, there are still
challenges for implementing hierarchical ESSs in AI DCs, which
will be discussed in the following sections.

5.1.1 GPU Scheduling. Current GPU-based AI workloads are pre-
dominantly executed at the highest supported core frequency, prior-
itizing peak performance at the expense of energy efficiency. Unlike
CPUs, where dynamic voltage and frequency scaling (DVFS) is a
mature and widely adopted mechanism, energy-aware frequency
regulation for GPUs remains at an early stage of development.
[12, 55] Moreover, existing GPU scheduling policies largely opti-
mize for throughput and latency, without explicitly considering the
energy consumption characteristics of heterogeneous deep learn-
ing tasks. [10, 11] This limitation is further exacerbated by the
fact that many AI systems developers possess limited insight into
the underlying power system implications. This can accelerate the
degradation of ESSs and reveals the lack of control over GPU power
profiles, which is essential for power smoothing scenarios.

5.1.2 Load Forecasting in AI DCs. As discussed earlier, the unique
characteristics of AI DC power profile is the result of training and
inference jobs. These special power profiles are harder for forecast.
The traditional loads in power grids have predictable trajectories
that can be predicted considering the proper historical data. How-
ever, this is not applicable for AI DC load profile. As a result, it can
directly affected the sizing and ESS operation modes in AI DCs. For
instance, the rack-level BESS or chip-level batteries which are de-
signed for power smoothing applications need the accurate power
consumption to operate effectively. In addition, the grid-scale BESSs
are also need the accurate load profile of the DC to smooth the load
and provide effective grid support.

5.1.3 Advanced ESSs Degradation Modeling and Life Time Predic-
tion. Due to high power variability in AI DCs, more frequent charg-
ing and discharging scenarios for ESSs are inevitable. This require a
precise degradation analysis to maximize the life time and optimize
the ESS operation. As discussed in section 4, the ESS at chip or
rack level experiences a very high frequency in different operating
conditions to smooth the power profile. In this regard, the online
monitoring of the ESS could help for better life time prediction
and proactive maintenance operations. As Lithium-ion batteries
are more desirable for future AI DCs, the study of cyclic aging is
important in both small scale ESSs or large scale BESSs. In addition,
the installed SLBESSs in AI DCs are more vulnerable in case of
aging and they need more precise motorization especially for larger
scale storage units.

5.1.4 Hierarchical ESSs Coordination. Multi-level ESS implemen-
tation in AI DCs requires a centralized management system to
monitor the operating modes of different ESSs and ensure coordi-
nation among them. The on-site grid-scale BESS should operate
properly with the GiUPS to enable accurate power sharing, either
to efficiently utilize RESs or to support the grid in emergency cases.
Moreover, the GiUPS battery size and its switching time are related
to the size of the on-site grid-scale BESS. Reliability analysis and
cost-comparison analysis are required to determine the optimal
combination of both for supplying the AI DC and supporting the
power grid.

5.1.5 Optimal Sizing and Cost Considerations. There is little public
research on the optimal sizing and cost analysis of ESSs inside DCs.
In AI DCs, due to the presence of multi-layer ESSs, sizing and cost
analysis are even more critical. For instance, is a grid-scale BESS
more cost-effective, or a GiUPS system with high power-density
batteries? Alternatively, is it more cost-effective to consider large-
scale supercapacitors at the rack level, or to use a combination of
BBUs and supercapacitors in load-smoothing scenarios? To answer
these questions, multiple analyses should be considered to enable
precise comparisons.
5.2 Possible Future Directions
5.2.1 Power-Aware GPU Scheduling. During the training of deep
learning models for predicting responses under different config-
uration settings, it is essential to jointly learn and optimize both
throughput and energy consumption. This requires adaptive strate-
gies for local and global batch size scheduling to balance conver-
gence speed with computational efficiency [25]. In addition, GPU
devices could be dynamically scheduled across training tasks by



accounting for time-varying electricity prices and the availabil-
ity of RESs, enabling energy-aware model training [4, 8, 52]. To
support such flexibility, elastic resource allocation is a key require-
ment, allowing the number of GPUs assigned to a training job to
be adjusted dynamically during execution without disrupting the
learning process. Beyond this, dynamic batch size selection can be
implemented to regulate the utility grid voltage profile [33]. The
work [33] demonstrates the potential of chip-level utilization to
enhance system-level objectives, in which ESSs implementation
can also be included in the optimization problem.

5.2.2 AI DC Load Observability. High-resolution monitoring of
AI DC load dynamics can be achieved by employing waveform
measurement units capable of capturing load profiles at very short
time intervals (below 10 ms) [7]. Such fine-grained measurements
enable the observation of fast transient behaviors and rapid load
fluctuations that are otherwise invisible to conventional metering
infrastructure. Building on this high-fidelity data, machine learning
techniques can be leveraged to accurately predict short-term and
long-term load patterns, supporting proactive control and optimiza-
tion strategies. Furthermore, close collaboration between utilities
and DC operators is essential to enable secure access to real-time
load profiles, ensuring data confidentiality while facilitating coor-
dinated grid–DC operation and enhanced system reliability.

5.2.3 Remaining Useful Life (RUL) Prediction for ESSs. Lithium-
ion batteries undergo both calendar degradation and cyclic ag-
ing [31]. Calendar degradation is time-dependent and occurs re-
gardless of battery usage, while cyclic degradation results from
charge-discharge cycles. Degradation pathways, including solid
electrolyte interphase (SEI) growth, lithium plating, and particle
fracture [26] lead to capacity fade and increased internal resistance.
To avoid the BESSs from entering the non-linear region of the
degradation curve, a degradation-aware dispatch strategy needs
to be devised. The dispatch strategy must count for hierarchical
operation of ESSs inside AI DCs.

5.2.4 FTM grid-scale BESS as A Reliable Reserve. By monitoring
and communicating the grid-scale BESS status, located in AI DC
sites, with the grid operator, more optimized reserve planning can
be achieved [40, 56]. In this case, the total amount of unused energy
of grid-scale BESS can be considered a potential reserve that can be
injected into the utility grid during contingency events such as the
tripping of synchronous generators. The FTM grid-scale BESS can
also play the role of an active reserve source in emergency cases
by locally feeding the AI DC load. In this case, the grid operator
disconnects the AI DC from the grid and allows the AI DC to supply
its load using the available BESS co-generation resources. However,
this requires precise coordination and control strategies between
both the utility and AI DC owners.

5.2.5 AI DC as a Microgrid. AI DC microgrids adopt hybrid power
architectures. These architectures integrate BESS, conventional
generators, distributed generation units, and utility grid connec-
tions (see Fig. 6). The objective is to achieve high reliability and
redundancy. The placement of BESS is a key design choice. Proper
placement allows BESS to damp fast load fluctuations. It also im-
proves local voltage and frequency stability. BESS enable coordi-
nated operation among different power generation units. They

Figure 6: AI DC microgrid.

support grid services such as demand response and peak shaving.
They also provide fast reserves. Optimal integration of BESS with
other units requires joint power flow and control design. This in-
tegration raises the question of BESS versus grid-interactive UPS
systems. The boundary between backup and active grid support
becomes unclear. In this context, BESS redefine power interface
thresholds and reshape power quality metrics. This enables data
center microgrids to act as active and flexible grid participants.

6 CONCLUSIONS
This paper provides a brief review of multi-layer ESSs in future AI
DCs and their role in supporting both DCs and the utility grid. ESSs
ranging from chip-level units to large-scale BESSs are discussed,
with particular emphasis on their contribution to grid support and
ancillary services. Chip-level ESSs act as the first layer for smooth-
ing heterogeneous GPU power profiles, while large-scale BESSs
constitute the final layer in this hierarchical structure. The concept
of GiUPS is thoroughly examined, highlighting bidirectional power
flow capability as a key enabler of grid-aware UPS design. Further-
more, the main challenges associated with ESS integration in AI
DCs are outlined. Finally, as a future direction, the deployment of
multi-layer ESS architectures necessitates advanced monitoring
systems and EMSs to enable optimal coordination across different
layers.
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