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Abstract

Hydrogen-based multi-energy systems (HMES) have emerged as a promising low-carbon and energy-efficient solution, as it can
enable the coordinated operation of electricity, heating and cooling supply and demand to enhance operational flexibility, improve
overall energy efficiency, and increase the share of renewable integration. However, the optimal operation of HMES remains
challenging due to the nonlinear and multi-physics coupled dynamics of hydrogen energy storage systems (HESS) (consisting of
electrolyters, fuel cells and hydrogen tanks) as well as the presence of multiple uncertainties from supply and demand. To address
these challenges, this paper develops a comprehensive operational model for HMES that fully captures the nonlinear dynamics and
multi-physics process of HESS. Moreover, we propose an enhanced deep reinforcement learning (DRL) framework by integrating
the emerging representation learning techniques, enabling substantially accelerated and improved policy optimization for spatially
and temporally coupled complex networked systems, which is not provided by conventional DRL. Experimental studies based on
real-world datasets show that the comprehensive model is crucial to ensure the safe and reliable of HESS. In addition, the proposed
SR-DRL approaches demonstrate superior convergence rate and performance over conventional DRL counterparts in terms of
reducing the operation cost of HMES and handling the system operating constraints. Finally, we provide some insights into the role
of representation learning in DRL, speculating that it can reorganize the original state space into a well-structured and cluster-aware

geometric representation, thereby smoothing and facilitating the learning process of DRL.

Keywords: Distributed energy systems (DES), Representation learning, Deep reinforcement learning (DRL), Accelerated
Learning, Hydrogen energy storage, decision-making for complex networked system

1. Introduction

Driven by the severe pressure of greenhouse gas effects and
fossil fuel depletion, global energy sector is undergoing a pro-
found transition toward low-carbon and sustainability. The
transition had led to the proliferation of distributed energy
systems that integrate on-site generation, energy conversion,
storage, and management units to enable local energy sup-
ply with high share of renewables and enhanced energy effi-
ciency. Among various emerging distributed energy systems,
hydrogen-based multi-energy systems have attracted growing
attention due to many unique advantages of hydrogen as an en-
ergy carrier [1]. First, hydrogen has a wide range of sources,
including renewable-powered water electrolysis, industrial by-
products and fossil-fuel based reforming processes, providing
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highly flexible and abundant sourcing. Second, hydrogen en-
ables large-scale, long-duration storage and transport with rel-
atively low self-discharge rate, making it particularly suitable
for seasonal, cross-spatial and cross-temporal energy balanc-
ing, which is not provided by other types of energy carriers.
Third, hydrogen exhibits prominent capability for multi-energy
and cross-sector integration, as it enables flexible conversion
among diverse energy carriers and coordinated operation across
energy sectors. As an intermediate energy carrier, hydrogen can
be converted into electricity, heat, and cooling. Moreover, it
supports a wide range of applications, including transportation
for fuel cell vehicles, buildings for heating and cooking, and
power systems for generation and storage.

Hydrogen-based multi-energy systems typically incorporate
hydrogen energy storage systems (HESS), which consist of
electrolyters (ELs), fuel cells (FCs) and hydrogen tanks (HTs),
enabling flexible energy conversion and storage. Specifically,
ELs produce hydrogen through water electrolysis, which is
subsequently stored in hydrogen tanks. When required, the
stored hydrogen is converted by fuel cells into electricity and
heat. HESS has experienced rapid technological progress
in recent decade [1]. Several types of electrolyzers have
been developed, including Alkaline Electrolyzers (AEL), Pro-
ton Exchange Membrane (PEM) Electrolyzers, Solid Oxide
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Electrolyzers (SOEC) and Anion Exchange Membrane (AEM)
Electrolyzer. Among them, the emerging PEM electrolyzers are
particularly suitable for renewable-powered hydrogen produc-
tion as they have quite fast dynamic response, relatively high
energy efficiency and low operating temperatures. For hydro-
gen storage, high-pressure gas hydrogen storage (typically at
350-700 bar) and liquid hydrogen storage (requiring cryogenic
temperatures below -253°C) are commonly adopted. For fuel
cells, Proton Exchange Membrane Fuel Cells (PEMFCs) and
Solid Oxide Fuel Cells (SOFCs) are two dominant types, in
which the PEMFCs are well suited for distributed energy sys-
tems due to their relatively low operating temperatures (approx-
imately 70-80 °C) and fast start-up characteristics.

Hydrogen-based multi-energy systems (HMES) have at-
tracted extensive attention from the research community. Ex-
isting studies are spreading system architecture designing, ca-
pacity planing and optimal operation. In terms of system de-
sign, Wang et al. [2]] proposed an HMES that integrates natu-
ral gas and solar energy supply with various generation, con-
version, and storage technologies to achieve coordinated multi-
energy provision for building communities, with its economic,
environmental, and reliability advantages over conventional in-
dependent operation demonstrated by case studies. Zhang et
al. [3] investigated a hydrogen-based multi-carrier energy sys-
tem that incorporates renewable generation, electricity and hy-
drogen markets for a jointly provision of power, cooling, and
heating. Liu et al. [4] studied comprehensive capacity planning
for similar HMES and compared its economic benefits for dif-
ferent operating scenarios. The above studies generally focus
on system design and planning considering the economic and
environmental benefits of HMES.

The optimal operation of HMES requires to formulate and
solve comprehensive optimization problems that involve multi-
energy couplings, temporal dependencies, diverse energy de-
vice operating characteristics, and multiple uncertainties re-
garding supply and demands, which have attracted widespread
attention. We have investigated and summarized existing stud-
ies in Table |1} highlighting their application scenarios, mod-
eling approaches, uncertainty management, solution methods,
as well as advantages and limitations. For application scenar-
ios, prior works have investigated HMES for communities, mi-
crogrids, buildings and electric vehicle (EV) charging stations.
Different types of models have been employed to characterize
the operating behaviors of HESS. Linear models typically as-
sume constant energy conversion efficiency across the operat-
ing ranges of ELs anf FCs. In contrast, nonlinear models ex-
plicitly account for the variation in energy conversion efficiency
of ELs and FCs. Commonly-used solution methods include
stochastic programming (SP), model predictive control (MPC)
and deep reinforcement learning (DRL). They adopt different
approaches to address uncertainties. SP methods commonly
rely on scenario-based representaion to capture the daily un-
certainties of renewable generation and energy demands, while
MPC approaches generally depend on forecast or scenario-
based chance constraints. In contrast, DRL methods learn opti-
mal control policies under uncertainties from experience.

Overall, some existing studies (i.e., [, 16} [7, [8]) have paid at-

tention to the intrinsic nonlinear operating dynamics of HESS,
which are essential for reliable and efficient system operation.
However, these works primarily rely on SP and stochastic MPC
and suffer from high computational complexity due to the need
to solve constrained multi-stage nonlinear stochastic optimiza-
tion problems. Typically, Dong et al. [S]] studied the optimal
operation of an HMES using scenario-based SP. The nonlin-
ear behaviors of FC and absorption chiller (AC) were consid-
ered and handled by piecewise linearization. Nevertheless, this
approach remains computational challenging due to the large
number of mixed-integer constraints and representative scenar-
ios for characterizing uncertainties.

Considering the system complexity and multiple uncertain-
ties, deep reinforcement learning (DRL) has emerged as a
promising solution for the optimal operation of HMES. Un-
like optimization-based approaches, DRL learns optimal con-
trol strategies from the operating experience of systems, mak-
ing it advantageous to accommodate the nonlinear and com-
plex operating behaviors of HESS. In recent years, many DRL
methods have been exploited for HMES. Typically, Yu et al. [9]]
studied the optimal operation of a building HMES based on
MAADDPG. Zhu et al. [10] studied the joint operation of in-
terconnected hydrogen-based multi-energy microgrids based on
multi-agent DRL. Dolatabali et al. [11] has explored the com-
bination of DDPG with CNN and LSTM to enable the optimal
operation of an HMES. The CNN and LSTM were employed
to process the high-dimensional input features associated with
cloud-related weather conditions. These works have demon-
strated the potential and advantage of DRL methods the opti-
mal control of complex dynamics systems under uncertainties.
However, many of the widely-used conventional DRL meth-
ods are not effective enough to accommodate the system com-
plexity and strong spatial-temporal couplings caused by multi-
energy flows and coordinated operation of diverse energy gen-
eration, conversion and storage devices. They often suffer from
slow convergence and lead to deficient control policies. Specif-
ically, conventional DRL-based control policies may exhibit a
performance gap of 40%+ relative to the theoretical optimum
[9]. Besides, most existing works relied on simplified linear
models for HESS, without considering the intrinsic nonlinear
operating characteristics and multi-physics coupled process of
ELs and FCs due to computational limitations. Consequently,
the resulting control policies deviate substantially from practi-
cal operating conditions and even violate device operating lim-
its. As reported in a recent experimental study [3]], both ELs and
FCs exhibit pronounced nonlinear and multi-physics coupled
behaviors. Specifically, the energy conversion efficiency and
operational safety of HESS are jointly influenced by the cou-
pled thermal, electrochemical, and pressure dynamics of ELs,
FCs, and hydrogen tanks. Notably, increasing recent works
have emphasized the importance to account for the nonlin-
ear operating characteristics and multi-physics coupled process
to ensure reliable and efficient operation of HESS. For exam-
ple, [7] proposed an advanced operating model for an Electric-
Hydrogen-Thermal-Gas Integrated Energy System and demon-
strated a 3% annual cost reduction by accounting for the nonlin-
ear operating characteristics of HESS. Marta et al. [6]] enabled



the coordinated operation of a practical HESS and an electric
vehicle charging station (EVCS) for peak demand shaving with
the multi-physics coupled dynamics of HESS considered.

From the literature, we note that for the optimal operation of
HMES, two critical problems remain to be addressed: (1) build
a comprehensive model that considers the nonlinear and multi-
physics coupled operating behaviors of HESS to ensure reliable
and efficient operation of HMES. (2) handle the computational
complexity caused by the system complexity and the multiple
uncertainties.

1.1. Paper contribution

To address the existing gaps, this paper investigates the op-
timal operation of an HMES that integrates renewables, HESS,
multiple types of energy storage and conversion devices with
the goal of jointly satisfying multi-energy demands of a build-
ing community. To enable cost-efficient, reliable and intelli-
gent operation of the HMES, this paper makes the following
main contributions:

e We establish a comprehensive model for the optimal op-
eration of HMES that incorporates the nonlinear operating
characteristics as well as the multi-physics coupled pro-
cess of HESS to ensure reliable and efficient operation.

* We propose a state-action representation learning en-
hanced deep reinforcement learning (SR-DRL) framework
to account for the system complexity, which significantly
improves learning convergence and performance over con-
ventional DRL methods.

e We further provide some insights into the role of the
state—action representation learning (SR) for DRL and
conclude that it can reorganize the original state-space of
HMES into a well-structured and cluster-aware presen-
tation, thereby facilitating actor—critic learning in DRL
methods.

We conduct a number of case studies in terms of the oper-
ation performance of an HMES with real-world datasets. The
results show that the proposed model can enable the safe op-
eration of the system while the existing simplified model may
lead to safe constraints violation. Besides, the proposed learn-
ing framework can significantly enhance the learning rate and
quality of policy, decreasing both operation cost and constraint
violations under uncertainty.

The rest of the paper is as follows. Section [2] introduces a
multi-physics coupled model of HMES. Section [3] introduces
the SR-DRL method for HMES Section [] presents the experi-
mental results and analysis. Section [5]concludes this paper and
discuss future works.

2. Problem formulation

2.1. Overview of HMES

We consider the optimal operation of a hydrogen-based
multi-energy system (HMES) integrated into a building com-
munity for supplying electricity, cooling and heating energy as

illustrated in Figure [l The system integrates electrical, ther-
mal and cooling energy storage (ESS, TES and CES) corre-
sponding to batteries, hot and chilled water tanks, respectively.
Particularly, the system involves an advanced hydrogen energy
storage system (HESS) consisting of electrolyzers (EL), com-
pressor unit, hydrogen tank, and fuel cells (FC), which enables
the coordinated operation of multi-energy supply and demand.
Hydrogen can be produced by renewable-powered water elec-
trolysis and stored in the tank after cleaned and compressed by
the compressor for later use. When needed, the stored hydro-
gen can be fueled by FC to generate electricity and heat. A heat
recovery unit is coupled with the FC for capturing the residual
heat, and then used to heat water in the tank or converted to
cooling by the absorption chiller (AC). The hot and chilled wa-
ter tanks serve as thermal energy buffers for storing heating and
cooling energy to satisfy diverse forms of heating and cooling
demands. A solar thermal collector is also planted for the hot
water tank to gain heat from solar radiations.

This paper focuses on the optimal operation of the HMES to
minimize the system’s operating cost while satisfying the en-
ergy demands of the building community. We consider a dis-
crete control framework with a decision interval of At = 14 and
each day equally divided into time slots 7" := {1,2,--- ,24}.

Notations: This paper uses the alphabets P, g, g, v to repre-
sent electricity, heating, cooling and hydrogen energy. The sub-
script ces, tes, ces, hss indicate the electrical, ther-
mal, cooling and hydrogen storage, respectively.
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Figure 1: Hydrogen-based multi-energy system for a building community

2.2. Energy Storage Devices

In this section, we present mathematical models for different
types of energy storage devices.

Electrical storage system (ESS) : The operating dynamics
and physical limits of ESS can be modeled as

ess,dis
SE = S5 (Pt 4 %)At’ (1)
e <SS (a0
- P < Pt <, (1
0. Pt < poeh, (19
pesseh . pessdis g pe T, (le)



Table 1: Existing works of optimal operation of hydrogen-based multi-energy system (HMES)

Uncertainties Solution

Scenarios  Models Handing methods Advantages Limitations Year  Paper
High computational
. . Capture nonlinear burden due to nonlinear
.. Nonlinear Representative . .
Community . SP operating characteristics models and 2022 (5]
model  scenarios .
of HESS scenario-based
uncertainties
Mitigate forecast High computational
EV Linear deviations b burden due to
charging Scenario trees SP y . uncertainties; 2021 [12]
. model two-stage stochastic
station - Strong dependence
scheduling
on forecast accuracy.
Nonlinear Representative Accounting for g)l;gnh lcgirﬁpu(;igcigal
Microgrid pres SP nonlinear behaviors P Y . 2025 181
model  scenarios model complexity
of HEMS .
and uncertainties
Nonlinear Consider the nonlinear dclfggu;?(t)lc;gacloclﬁlniiei?lt'y
Microgrid Deterministic MILP  operating characteristics PIEXILYS 2023 (7]
model Do not account for
of HESS. . .
multiple uncertainties
Linear Multi-time-scale Consider multi-time-scale iirzll(r):ztselrli(;rtlilcnsl?g d
Microgrid forecast of load MPC  characteristics of multiple . 2022 [13]]
model and suppl enerey demands safety constraints
PPy 2 ‘ of HESS
EV . PI'ObabllllS.tIC . Account for multi-physics High computational
. Nonlinear uncertainties Stochastic .
Charging . process of HESS complexity for 2024 [6]
. model with chance MPC . L
Station . and safe constraints large-scale applications
constraints
Probabilistic . High computational
. . . Jointly account for complexity; Ignores
o Linear  uncertainties Stochastic . - -
Building . the planning and nonlinear characteristics 2025 [14]
model  with chance MPC S .
constraints optimization of BHMES and safety constraints
of HESS
Considering building Training instability
o Linear Learning from Multi-agent thermal dynamics and performance
Building model  experience DRL for enhanced sensitivity to 2022 21
operational flexibility hyperparameters
. . . Considering energy Ignores nonlinear
Microgrids ]1;1123: Ig;azrrlil:ngcgom Mullgll—{afent sharing across microgrids characteristics and 2025 [10]
P for operating flexibility safety constraints of HESS
Nonlinear Learnine from Incorporate nonlinear Depends on extensive
Microgrid ne DRL characteristics of CHP data or an appropriate 2023 (L]
model  experience .
and fuel cell simulator.
Account for multi-physics .
. . . . Depends on extensive
Communit Nonlinear Learning from SR process and safe constraints data or an appropriate 2026 This paper
Y model experience + DRL of HESS; Fast convergence pprop pap

and high-quality policy.

simulator.




where S [kWh] represents the stored electricity at time ¢,
and PfSS’Ch ess.dis KW are the charging and discharging power,
with 7ess-<h and n°e>%s denoting the corresponding efficiencies.
Eq. (Ta) models the evolution of stored electricity affected over
the time. Cons. enforce the operating range of energy ca-
pacity of the storage device. Cons. and characterize
the maximum charging and discharging power. Cons. (I¢) are
complementary constraints, enforcing non-simultaneous charg-
ing and discharging operation.

Thermal storage system (TES) : The thermal energy stor-
age corresponds to hot water tank. Their operating dynamics
and physical limits are modeled as

S;isl _ Sles ( ;es,chntes,ch + g%: z: )Al, (2a)
n

S <51 < Shie (2b)

gzzfls < g;es,dm <0, (20)

0< gtes,ch < gfﬁf{fh, (2d)

g;es ch | les dis — 0, teT. (26)

where S [kWh] represents the stored thermal energy in the hot
tank at tlme k, and g\, g'9s (kW] are the charging and dis-
charging rate, with 7'*>M and 5'*>%* denoting the corresponding
efficiencies. Eq. (2a) models the dynamics of thermal energy
stored in the hot water tank. Cons. enforces the permis-
sible operating range of energy capacity of the storage device.
Cons. and (2d) characterize the maximum charging and
discharging rates. Cons. (2¢) enforces non-simultaneous charg-
ing and discharging of thermal energy storage.

Cooling storage system (CES) : The cooling energy storage
corresponds to the chilled water tank. Their operating dynamics
and physical limits are modeled as

ces,dis
sﬁ—ﬁﬁ@“ﬁm+$mw’ Ga)
SE <55 < 5% Gb)
- g < g <o, Co
0< g™ < g, Cd
G g =0, reT. (e)

where S7°° [kWh] represents the stored cooling in the chilled
water tank at time k, and g%, P59 [KW] are the charging
and discharging rate, with nces e and n°e>dis denoting the corre-
sponding efficiencies. Eq. (3a) models the dynamics of cool-
ing energy stored in the tank. Cons. specifies the oper-
ating range of energy capacity of the storage. Cons. and
(3d) characterize the maximum charging and discharging rates.
Cons. ensures non-simultaneous charging and discharging
operation of cooling energy storage.

2.3. Hydrogen energy storage system (HESS)

We assume the HESS consists of a Siemens Silyzer 100 elec-
trolyzer, a Swiss Hydrogen fuel cell, a compressor, and a pres-
surized hydrogen storage tank, similar to [6]. The HESS suffers

from pronounced nonlinear operating characteristics and admits
a multi-physics coupled process. This paper adopts the formu-
lations from [3} |6]].

Electrolyzers (EL): The Siemens SILYZER 100 electrolyzer
is a self-contained system consisting of four stacks, each of
which has a nominal rated power of 25 kW and a total power
of 100 kW. The stacks can be run at an overloaded power of
50 kW for a limited period of time (about 15 mins). To ensure
safe and efficient operation of EL, stack temperature must be
maintained below a prescribed upper limit. A cooling device
with a programmed control logic is often coupled with EL for
thermal management. For example, the cooling device is set to
on and off when the stack temperature exceeds 50°C or drops
below 40°C for EL for maintaining the target stack tempera-
ture of 60°C in [3]]. The control input of EL is the injected DC
power Pel in the range of [P:fn, P 1 = [15,200] kW with
nominal power of Pn(,m = 100 kW. The energy conversion effi-
ciency of EL depends on the ranges of DC power injections and
stack temperature, exhibiting a nonlinear operating characteris-
tic, which can be captured by piece-wise affine function

ely ely ely
if P < PV < Pio

ely ely ely ely
—P iftPR <PV <p

max»

ely ely
ZIT +20+ Zlow(P = Piém
ely

v = 3T + 70 + Zhigh(Pt
0 otherwise.

“
where v, ety [m3/h] denotes the volume rate of produced hydro-
gen. P and T2 are the injected DC power and stack temper-
ature of EL. The model captures the power-dependent energy
efficiency of the EL using parameters Ziow and zpign. Specif-
ically, the EL exhibits higher energy conversion efficiency at
lower injected power levels, with zjoy typically slightly exceed-
ing Znigh.

The stack temperature of EL are governed by internal heat
generation rate Qgen, heat dissipation rate QOloss and the cool-
ing power Qcoo1 supplied by cooling device. This leads to the
following lumped-parameter thermal balance model

dTey

-K .coo (5)
o 30cool

- KZ Qloss

=K Qgen

We assume a similar on-off control logic of cooling device in
[3] and the stack temperature dynamics can be presented in the
compact form

T = T + P+ jo, VeeT. (6)

where the effects of heat generation, loss and cooling devices
are encapsulated in model parameters j, j, j». The DC power
injections Pfly is involved to capture the heat generation and
loss effects under different operating conditions.

To ensure safe and reliable operation of EL, stack tempera-
ture must be maintained below a upper limit TfanX often 70°C),
which can be modeled as

0<TN <T, VieT. @)

As introduced, though the stacks of ES have a nominal power
of 25kW, they can work at power up to 50 kW for certain short



time periods (i.e., 15 minutes). This behavior can be captured
by an overload counter that records the number of time slots
that the stack current overloads. Specially, for a EL with four
stacks, the injected DC power will be first allocated to Stack
1 and then the other three. Therefore, the first stack tends to
overload first and can be used as an indicator. For the first stack,
the allocated DC power P from the total DC power injections
can ba approximated by the following PWL function

Yt P < PV < PR /4,
ay E'oym/4 if Pion/4 < P{Y < Poh, g
SETNPN4 i PO, < PN < PR ®)
0 otherwise.

The stack current depends on the allocated power and stack
temperature, which can be captured by

1 mT™ + hy + thW(Pelly ffolym D if Peiy <P < = pggr? o
. I
i = AT 4 ho + hgn(PY = P ) if P < P < PR
0 otherwise.
] ©
where P | = 25 kW denotes the nominal power of stack 1.

The nonlinear characteristics are captured by model parameters
ho, by, iow, hnigh.

A overload counter that tacks the current of stack 1 for en-
suring the safe operation of EL can be modeled as

G = max{0,C% + (7Y — ifgm) - At}

ely ely
C < Cmax >

(10a)

VteT. (10b)

where zf,loym = 300 A denotes the nominal stack current. C™*
denotes the overload counter upper limits determined by the
permissible overload time periods of EL.

Hydrogen tank: Hydrogen produced by EL is cleaned, pu-
rified and compressed and then storage in the hydrogen tank.
The stored hydrogen is consumed by FC to generate electricity
and heat. The safe and efficient operation of hydrogen storage
should account for the tank capacity, temperature and pressure
limits, which can be modeled as

ghss = ghss o (0/ VY ey vbuy) At, (11a)
Shssn < Shss < Skrilij’ (1lb)
thmk 20 Ttdnk + ngth;b’ (IIC)

lank — (bO + b Ttank) Shss . /Vlank (11d)
— P <P ey (11e)
P <P <k VieT. (1o

where S [m?] represents the volume of stored hydrogen at
time ¢ (under standard atmospheric pressure). T‘ank and p'ank
characterize the tank temperate and pressure. Eq. (I1a) models
the dynamics of hydrogen stored in the tank inﬁuenced by the
volume rate of produced hydrogen vfly by EL, consumed hydro-
gen v by FC and net purchase of hydrogen v?uy in market. The
relatively small non-negative constant @ € [0, 1] is involved to

max»

model the loss of hydrogen through compressor. The storage
capacity of hydrogen tank is implicitly determined by its pres-
sure, which is affected by the stored hydrogen and tank temper-
ature. Cons. capture the safe and permissible operating
volume range of the hydrogen tank. Eq. capture the tem-
perature dynamics of the tank which is affected by tank ther-
mal inertia and heat exchange with the ambient environment
captured by model parameters gy and g; with 7> denoting
the ambient temperature. Eq. (T1d) evaluate the tank pressure
which is affected by tank temperature and the volume of stored
hydrogen with V™ denoting the volume of tank. Cons.
enforces the limits of transaction in hydrogen market. To ensure
safe operation, the tank pressure must be maintained in [0, 40]
bar as captured by Cons. (ITf).

Full cells (FC): We consider a Proton Exchange Membrane
Fuel Cell (PEMFC) comprising two stacks each with a maxi-
mum power of 50 kW and 100 kW in total. FC converts hydro-
gen v into stack current . The resulting stack current pro-
duces DC power P, This process exhibits nonlinear behavior
and can be modeled as

fc -fc

v =c-i, (12a)
51 P, if Py, < P < P,

it = {sa2(PF = PE)+ 05, if P < P < P;gax, (12b)
0, otherwise,

P <Pf<pPl . VieT. (12c)

where vi¢ denotes the volume rate of hydrogen injected into the
FC. ¢ is an experimental constant accounting for purging and
Faradaic losses. The conversion of DC power to stack current
shows a nonlinear characteristics as captured by the PWL func-
tion with (P{,if) denoting the breakpoints and s, s,
as energy conversion efficiencies. Cons. characterize the
range of the DC output of FC.

While generating electricity, the FC produces heat that are
captured by the heat recover unit [15]]

g =ns - (L= PEVLeT. (13)

where 7. denotes the heat recovery efficiency and n'e
sents the heat conversion efficiency of the FC.

repre-

2.4. Energy Conversion Devices

Absorption Chiller (AC): The AC can convert heating en-
ergy to cooling energy. The produced cooling power of AC
is determined by the injected heating power g and energy
conversion efficiency 7%, while respecting the operating lim-
its. These can be modeled as

.r]ac
teT.

ac _ _ac
q: = &

(14)
8" < 8max>

where g° denotes the injected heating power to AC. gi° de-
notes the produced cooling energy by the AC. g%’ captures the
working limits of the AC.

Photovoltaic power (PV): Solar power generation is deter-
mined by the incident solar irradiance and the effective panel



area. The following model is commonly used to characterize
PV output:

PO = PV LA - QP VieT. (15)
where Pl [kW] denotes the solar power output at time 7,
which is determined by the PV conversion efficiency nPY, the
effective solar collection area A, [m?], and the incident solar
radiation Qﬁad [KW/m?].

Solar Thermal Connector: The solar thermal collector ab-
sorbs solar radiation to generate thermal energy for heating wa-
ter. The thermal energy injected into the hot water tank can be
modeled as

solar _ __stc rad
t =n 'Astc' )

VieT. (16)

where g% [kW] denotes the absorbed heat by solar thermal
collector which depends on the energy conversion efficiency
1°°, the collector area Ay [m?*] and incident solar radiation Q;ad
[kW/m?].

2.5. Energy Balances

The fundamental function of the HMES is to ensure the sup-
ply and demand balance at each time slot. This can be cap-
tured by the following multi-energy (i.e., electricity, heating
and cooling) balance equations

g solar fc _ pess,ch ess,dis ely ED
P; + P +PF =P, + P; + P, + 0O/, (17a)
gtsolar + gfc — g;es,ch + g;es,dm + g?c + Qi-ID’ (17b)
q;lac — q;:es,ch + qtces,dis + Q1CD7 Ve T. (170)

where P# denotes the purchase electricity from electricity mar-
ket. P3°" denotes the on-site PV generation. QFP, QHP, QP
denote the electricity, heating, and cooling demand of building
community.

2.6. Objective function

Our objective is to minimize the operating cost of HMES for
supplying multiple energy demands of the building community.
The daily operating cost includes electricity and hydrogen trad-
ing costs

r-4 A+
JcostzE{Z[ [2 t|P?|+ ! ) IPtg+/l?VEuy:|A[} (18)
teT

where AP and A¢ are the buying and selling prices in the electric-
ity market at time ¢. A denotes the hydrogen trading price (i.e.,
both purchasing and selling). The first two terms are electricity
cost, and the third is hydrogen cost.

Overall, the optimal operation of the HMES corresponds to
solving the stochastic optimization problem: {min Jgog s.t. (1)) —
(17)} which suffers high computational complexity from ex-
tensive decision variables, nonlinear constraints, and multiple
sources of uncertainties.

3. Representation Learning enhanced DRL

To address the aforementioned challenges, this paper devel-
ops an advanced deep reinforcement learning (DRL) method to
enable effecient and optimal operating of the HMES. Specif-
ically, historical data of market prices, renewable output, and
multiple energy demands are used to train a DRL agent, which
is then deployed for real-time operation. During training, a
multi-physics coupled model is employed as a simulator, en-
abling the DRL agent to acquire extensive operational experi-
ence. Whereas the method is model-free and does not rely on
explicit mathematical formulations if a physical simulator or
practical system is allowed to interact.

3.1. Markov Decision Process (MDP)

To develop a DRL-based approach, the problem is first re-
formulated as a Markov Decision Process (MDP), which is a
general framework for sequential decision-making under uncer-
tainty. An MDP is formally defined by a 5-tuple (S, A, P, r, ),
including the state space S, action space A, state transition
probability #, reward function r and discounting factor y. In
the following, we present the MDP reformulation for the opti-
mal operation of HMES based on the mathematical model of
previous section.

State: The state should involve all required information to
make decision at each stage. For the optimal operation of the
HMES, we define the system state at time ¢ as

day, hour, /l};, A, /1?, rad

P
5 = S;ess’ S;es’ S::es7 S?SS, T[ely’ C?Iy» T;ank’ (19)
ED QHD CD
where day € {1,2,---,7} denotes the day of the weak and
hour € {1,2,--- ,24} denotes the hour. /l}’, A3, /lf‘ are electric-
ity and hydrogen market price. Q™ is incident solar radiation
for PV cells and solar thermal collectors. S£%°, S!*, ¢, and
S 1,‘“ denote the energy levels of electrical, thermal, cooling,
and hydrogen storage systems, respectively. T°Y, C2Y, Ttank
are stack temperature, overload counter of EL, and temper-
ature of hydrogen tank of HESS. QFP, QHP QP are elec-
tricity, heating and cooling demands of the building commu-
nity. Some studies incorporate historical information, e.g.,
At B At Qs it O s 10 enhance learning per-
formance. This is avoided in this paper as they increase state
dimensionality without performance gain.
Action: The action a; € A specifies the scheduling decisions
of HMES at time ¢ and is defined as
a, = (aless,a:es’alcss’a?ss’a?‘l)’) (20)
where af, a!®s, af*, a?ss € [-1, 1] denote the normalized charg-
ing and dischar§ing of electrical, thermal, cooling, and hydro-
gen storage. @, € [-1,1] indicates normalized transaction
in hydrogen market. A positive value indicates charging or
buying, while a negative value denotes discharging or selling.
Note that not all control variables of mathematical models are
included as action, as the remaining variables can be derived



from system equations. While executing, the normalized action
should be converted to practical device operations considering
their physical limits as follows.

For electrical, thermal, cooling and hydrogen storage, the ac-
tual charging and discharging, considering physical limits, are
given by

Pess,ch =cli essPess .ch 0 SIeI?:x sts
4 =clipla max. > ’ ess,chAt ?
(S ess SCSS) ess,dis (21)
Pfss,dls — Chp e%sp;?;;)fhs, min M , 0 , VieT.
At
, gtles _ gtes
tes,ch __ tes tes,ch max t
g =clip (at 8max » 0 oA )’
(S tes -S teS) tes,dis (22)
g;es,dis =Chp lE:bPE:!‘zflb’ min ¢ , 0 , vieT.
At
gees _ gees
ces,ch _ ces ces,ch max t
q, — =clip ( Imax > 0 AL
( g ces SCCS) ces,dis (23)
q?es,dis :Cllp agesq;ﬁxdls’ min ¢ , 0 , VieT.
At
.S bu:
i Shss Shss —v y
V?ss,ch — Cllp a?ssvlrlsixch, O, max t 1 ,
At
hss hss buy (24)
hss,dis hss hss dis Smm S B
v =clip|a, Vx> A7 , 0f,VteT.

where clip(x,y,z) £ min (max(x,y),z) bounds x within [y, z].
phssdis | hsseh genote the maximum charging and discharging
rate of hydrogen tank, which can be determined based on expe-
rience. This ensures that electrical, thermal and cooling storage
are not overcharged or over-discharged during operation.

The actual net purchase of hydrogen in market is

W = P VreT. (25)

The other control variables of HMES can be derived from the
system equations. Specifically, the control inputs of AC can be
determined by the energy balance equations:

__cesch ces,dis CD
g = q; + 4; +0;

ac ac (26)
& =4 In . NteT.

Further, the working status of FC can be determined by

ac 1) o 1) +fc =) fc (27)

8 agz BPfC > > Vy

Given the purchased hydrogen v?uy , the hydrogen consump-
tion of FCs v, and the net charging and discharging volumes
phsseh hssdis e can obtain v from the following hydrogen
balance equation

vhss,ch hss,dis __ ely

Uy =a- v V™ vreT. (28)

We can further determine the operating status of EL as

Vfly @) () L) ely ﬂ) l.ely Ctely (29)

ely ely
PY = 1Y =, P ‘

Additionally, the amount of electricity P} purchased from the
electricity market is determined by the electricity balance (T74a).

State transition: The state transitions describe the evolu-
tion of states under given control inputs. The time components:
day and hour are deterministic and follow the calendar. The
external states: market prices A°, A5, A, solar radiation Q9
and energy demands QFP, QHP, Q,CD are not explicitly avail-
able and are captured by historical data. The storage levels
Sess, gles §ees, S?SS, stack temperature, overload counter and
tank temperature T2, C2¥, Tk follow the system dynamics
described in Section[2.2]and 2.3

Reward: An appropriate reward should be designed to guide
the learning process of DRL agent. Our objective is to minimize
the operating cost for satisfying the multiple energy demands
while considering physical operating limits. We therefore de-
fine the reward as the negative operating cost at each time slot.
Considering the limitation of DRL in handling constraints, we
also involve the hard constraints of HESS in the objective as
penalty. The reward function is defined as

b S
|PY| + 4 ;ﬁ’ P
penalty = [C;¥ = R, + (T - Thi],
+ [l - p], + [P - Pl
I:P:IH - P£C:|+ + [Pfc - Plt::iaX:I

ely ely ely ely
+[P in ~ P ]++[Pl B max]++

min

re=—

/lb -2
[ d 5 L + A0 buy] At — A - penalty

[g?c - g?rfax]+

where A > 0 is a non-negative penalty factor to trading off op-
erating cost and constraints penalties, which can be tuned by
experience.
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Figure 2: The architecture of representation learning enhanced DRL method

3.2. State-Action Reinforcement Learning for DRL

Motivated by the idea of [[L6], this section proposes a repre-
sentation learning enhanced deep reinforcement learning (SR-
DRL) framework for complex multi-energy systems involving
strong temporal and spatial couplings. The key idea of the
SR-DRL method is to involve the state and state-action repre-
senting learning into the DRL pipeline. Specifically, State
Embedding and State-action Embedding modules
are integrated to augment the inputs of the actor and critic



networks. These modules, referred to as Representation
Learning in this paper. We emphasize that many existing
works have explored representation learning for state dimen-
sion reduction or abstraction in vision-based learning tasks [[17,
181 [19} 20], whereas the proposed method leverages represen-
tation learning to extract features that improve learning perfor-
mance. The details of the state and state-action embedding are
presented below.

State and State-action Embedding: We define the state
embedding as a mapping @ S — Z,, which trans-
forms a raw state s into a latent representation z;. The
state-action embedding is defined as ¥ : (S,Z,) —
Zsqa» Which maps the latent state-action pair (z;, @) to an embed-
ding z,,. Accordingly, the embeddings are given by

75 = D(s)

30
Zsa = V(25 @) G0

Our objective is to learn an effective representation (@, ¥)
that can capture the underlying state transition dynamics in the
latent space. Specifically, the latent state-action embedding z,
can be interpreted as the predicted next latent state when taking
action a at state 5. Let s’ denote the corresponding next state
in the original state space and zy its latent representation. We
therefore expect that

Zsa = 2y, Vs €S,a € A. (31)

Therefore, the training objective of state and state-action em-
bedding is defined by minimizing the expected loss

L(¢7 5[/) = ]Es’~P(-|s,a) ”Zsa - ZS’”
= ]Es’~P(-|s,a) ”Y/((D(S)’ Ll) - Zs’”

SR-enhanced DRL: In the proposed SR-DRL, the inputs of
actor and critic networks are augmented to involve the state and
state-action embedding. Compared with conventional DRL, we
have the following modifications

(32)

DRL — SR-DRL
as) —  w(szy) (33)
Q(S’ a) g Q(s’ a’ ZS7 Zsa)

The representation learning framework can be combined
with any existing DRL methods that admit a actor-critic archi-
tecture, such as Deep Deterministic Policy Gradient (DDPG)
[21] and Twin Delayed Deep Deterministic Policy Gradient
(TD3) [22]. TD3 introduces three improvements: double critic,
delayed actor update, and target policy smoothing. In SR-DRL,
representation learning and DRL training are decoupled and al-
ternated. The gradients for the state and state-action embed-
dings are

A

o

where we use |- |« to denote stop-gradient operation, which can
avoid the collapse of representation learning during training.

VoL(®, V) = Evp(isa) | Vo | P(D(s), @) - | (")
VyL(®, ¥) = By pisa | Vo || P(D(s), a) - |D(s)

34)

Algorithm 1 Training Algorithm of the Proposed SR-DRL
Framework

1: Initialization: (1) Initialize actor network n?, n?, critic
0“, 0¥, state embedding @, state-action embedding ¥;
(2) Initialize replay buffer D.

2: for episode = 1 t0 Nepisode dO

3:  Reset environment and obtain initial state sg; initialize

random noise N,

4: fortimestepr=0to7T — 1 do

5 State embedding: z; = D(s;)

6 Select action: a; = 7%(s;, z5) + N,

7: Execute a, and get ry, 5/41

8 Store transition (s;, a;, 17, S;41) in D

9 if |D| > Npin then

10: Sample a mini-batch (s, ay, 17, St41) ~ D
11: Update embedding according to (34)
12: Update critic according to or
13: Update actor according to

14: Soft update target networks ¢, o’

15: end if

16:  end for

17: end for

Actor and Critic Updates: We denote the actor and target
actor networks as 7%, 7%, The critic and target critic networks
are QY, Q‘“/. For DRL, the critic is trained to minimize the
Bellman error, while the actor is updated via the determinis-
tic policy gradient. The critic updates of DDPG and TD3 are
presented as follows.

DDPG Critic Updates:.

2
Lesisic(w) = E(s,,a,,r,,sm)~D[(Qw(st, Aty Zss Tsa) — yt) ],
Ye =17 + Y Qw,(sl+1 s ﬂﬁl(sf-H 5 Zs’), Ty’ Zs'a’)~ (35)
W w—19 Vo Leritic(w),

TD3 Critic Updates:.

Lesiie(@;) = E[(Q (51, 1,250 25a) = o)’ ] i = 1,2

Yi=ri+y mini—i Qw;(sz+1 s a’ (St+1,25) 1€, 24, Zs’a’)a (36)
Wi < Wi — 1o VwiLcritic(wi)a i=1,2

where € ~ clip(N(0, o), —c, ¢) is the clipped target policy noise,
and Q“1, Q“> are the two target critic networks.

DDPG/TD3 Actor Updates:.

Vor(s,2,)],

VoJ ~ Es.p [Va 0% (s, ar, 2, Zsa)iazn"(s,zl)
0 — 0+n, Vgl
(37
For target actor and critic networks, updates are often per-
formed at a slower pace for stable training. The widely used
soft update scheme is adopted in our framework. The overall
algorithm for the proposed SR-DRL is summarized in Algo-
rithm [T} Note that the above framework applies to all DRL

methods adopting the same actor-critic architecture.



4. Experiments

This section evaluates the proposed model and enhanced
DRL-based method for the optimal operation of an HMES
based on real-world datasets. The experimental configurations
are summarized as follows. The model parameters of the in-
volved HESS (including a Siemens Silyzer 100 electrolyzer, a
Swiss Hydrogen fuel cell, a compressor, and a pressurized hy-
drogen storage tank) are adopted from the experimental studies
[3, 23]]. The configurations of other energy generation, con-
version and storage devices follow the specifications of [5| 24].
The time-of-use (ToU) electricity price and multi-energy de-
mand profiles (electricity, heating, and cooling) of a building
community are taken from the CityLearn dataset [25]. We
assume symmetric purchasing and selling prices of electricity
market. The hydrogen market is not explicitly considered in
the studies but can be readily incorporated into the framework.
The penalty factor for constraints are determined by experience
and set as 0.1. For ease of reference, all system parameters are
summarized in Table The following methods for the opti-
mal operation of HMES are compared in the experiments:

e Perfect MPC: A deterministic model predictive control
(MPC) approach is implemented by solving the optimiza-
tion problem {min Jeog S.t. — (T7)} with deterministic
renewable supply and multi-energy demand profiles, rep-
resenting the theoretical optima.

e DDPG and TD3: Standard DDPG and TD3 agents are
trained based on the formulated MDP to enable learning-
based optimal operation of HMES.

* SR-DDPG and SR-TD3: The proposed state-action repre-
sentation learning (SR) module is integrated with DDPG
and TD3, and trained for the optimal operation of HMES.

For model and method evaluation, three representative
cases of different time periods (i.e., Case 1, Case 2, and
Case 3) are considered. For each case, a total of 30 days of
data are used for training and evaluation. For the DRL (DDPG
and TD3) and SR-DRL (SR-DDPG and SR-TD3), 20 days are
used for training and 10 days for testing. The model architec-
ture and training hyperparameters are summarized in Table[A.4]
For Perfect MPC, the optimal control policy for each day is
obtained using the Gurobi solver.

4.1. Training performance

This section investigates the training performance of the
DRL (DDPG and TD3) and SR-DRL (SR-DDPG and SR-TD3)
methods. For fair comparisons, all methods share identical
model and training parameters except for the state-action repre-
sentation modules used by the SR-DRL methods. For all cases,
the evolution of episode return during training are recorded and
visualized in Figure The theoretical optima for each case
provided by Perfect MPC by averaging the daily cost are
indicated in the figure titles. The results show that the SR-
DRL methods consistently outperform conventional DRL in
terms of both convergence rate and final episode return across
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all cases. Moreover, SR-DRL approaches exhibit a markedly
more stable learning process compared with their conventional
counterparts. Specifically, the SR-DRL methods (SR-TD3 and
SR-DDPG) improve final episode returns by 16.7% and 13.4%
(Case 1), 15.5% and 17.2% (Case 2), 13.5% and 11.5% (
Case 3) compared with their conventional counterparts (TD3
and DDPG). Notably, these results highlight the superior ca-
pability of SR-DRL approaches in handling the complexity
of engineering systems. For conventional TD3, the perfor-
mance gaps relative to the theoretical optima are 45.1% (Case
1), 43.3% (Case 2), and 38.7% (Case 3). In contrast, the
proposed SR-TD3 significantly reduces these gaps to 20.9%,
21.1%, and 20.1%, respectively. Similar performance improve-
ments are observed with the DDPG methods. While conven-
tional DDPG exhibits performance gaps of 37.1%, 42.3%, and
31.0% across the three cases, the proposed SR-DDPG reduces
these gaps to 18.7%, 17.8%, and 15.9%, respectively. These re-
sults demonstrate the superior capability of SR-DRL methods
in approaching high-quality control policies for complex net-
worked energy systems.

4.2. Operating performance

We test the performance of trained DRL and SR-DRL agents
for the optimal operation of HMES using the 10-day testing
datasets. The average daily episode return, operation cost,
and penalty incurred by constraint violations are used as per-
formance metrics and indicated by Cost + A- Penalty,
Cost, and Penalty, respectively. The results for all three
cases with the considered performance metrics under the dif-
ferent methods are reported in Table [2] with the results with
our proposed methods highlighted in bold. The results show
that the SR-DRL methods (SR-TD3 and SR-DDPG) appar-
ently outperform conventional DRL (TD3 and DDPG) consid-
ering all performance metrics. Specifically, for Case 1, the
overall performance gaps of DRL, measured by Cost + A-
Penalty, are 42.8% (TD3) and 36.5% (DDPG), which are re-
duced to 25.4% and 21.0% by the SR-DRL methods (SR-TD3
and SR-DDPG). Similarly, the operation cost gaps are reduced
from 39.1% (TD3) and 32.1% (DDPG) to 24.0% (SR-TD3) and
20.3% (SR-DDPG), respective. Similar improvements can be
observed for Case 2 and Case 3. Notably, the SR-DRL
methods exhibit superior advantages in handling system con-
straints as substantial reduction of penalties incurred by con-
straint violations are observed with the SR-DRL methods com-
pared with the DRL counterparts across all cases.

The superior performance of the SR-DRL methods over con-
ventional DRL is further evidenced by the distributions of op-
erational cost and constraint violation penalties shown in Fig-
ure[d] Since the Perfect MPC assumes complete system in-
formation and explicitly enforces all constraints, no constraint
violation penalties are observed across all cases. In contrast,
both DRL and SR-DRL methods incur certain penalties due to
system uncertainties. Notably, the SR-DRL methods (SR-TD3
and SR-DDPG) consistently achieve lower daily operating costs
and reduced constraint violation penalties compared with their
DRL counterparts (TD3 and DDPG).
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Figure 3: The evolution of episode return during training under different methods.

Table 2: Performance of DRL and SR-DRL methods compared with Perfect
MPC for different cases

Cases Methods Cost + 4 Penalty Cost Penalty
[$] Gap[%] [$] Gap[%]
Perfect MPC 426.44 - 42644 - 0
TD3 608.83 42.8 593.15 39.1 156.77
Case 1 SR-TD3 53492 254 528.62 240 63.01
DDPG 582.11 36,5 56330 32.1 188.14
SR-DDPG 516.17 21.0 51297 203 31.96
Perfect MPC 373.34 - 37334 - 0
TD3 572.04 532 55235 479 196.88
Case 2 SR-TD3 50548 354 49359 322 118.90
DDPG 54131 450 52548 40.8 158.26
SR-DDPG 464.88 24.5 45849 22.8 63.90
Perfect MPC 250.57 - 250.57 - 0
TD3 44336 769 421.56 682 21797
Case 3 SR-TD3 395.97 58.0 380.04 51.7 159.27
DDPG 410.61 639 38923 553 213.78
SR-DDPG 353.75 41.2 346.68 384 70.70

To further investigate the operational performance of differ-
ent methods, we examine the responses of all energy storage
devices (i.e., ESS, TES, CES, and HSS) to the time-varying
electricity prices. We use Case 1 and the TD3 methods as
an example and present the evolution of state-of-charge (SOC)
of all energy storage devices in Figure [5] Overall, all stor-
age devices exhibit clear price-sensitive behaviors: they gen-
erally charge during periods of low electricity prices and dis-
charge when prices are high, which is consistent with our oper-
ating cost reduction objective. Whereas, for the DRL methods
(TD3), the hydrogen storage does not respond well compared
with the proposed SR-DRL (SR-TD3). Specifically, the hy-
drogen storage remains close to full over the testing days and is
not effectively discharged during high-price periods, when stor-
age backup is expected to function for operating cost reduction.
This actually demonstrates the limitations of conventional DRL
methods for handling complex engineering systems with strong
spatial-temporal couplings.

4.3. Model evaluation

This section evaluates the importance of explicitly consider-
ing the multi-physics coupled processes of the HESS for en-
suring the safe and reliable operation of the HMES. For the
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proposed model, the safety-critical variables of the HESS, in-
cluding stack current, stack temperature, and hydrogen tank
pressure are explicitly modeled. We first examine the proposed
model with Perfect MPC by comparing two scenarios: with
and without the safety constraints on stack temperature, stack
current, and tank pressure, as defined in (6), (I0B), and (T1f)
with the 10-day testing datasets of Case 2. Omitting these
constraints is equivalent to neglecting the multi-physics inter-
actions of current, temperature, and pressure with the HESS.
For the considered case, we note that though the stack tempera-
ture and current mostly remain within their feasible ranges with
both scenarios, the hydrogen tank pressure exhibits severe vi-
olations when the safety constraints are removed as shown in
Figure[6fa). Whereas the tank pressure has been strictly main-
tained within the allowable limits when the safety constraints
are explicitly enforced. This demonstrates the importance of
explicitly considering the multi-physics process of HESS to en-
sure reliable operation of the HMES.

We further evaluate the effectiveness of the proposed SR-
DRL methods in ensuring the safe operation of HESS under
uncertainties. Specifically, we examine the evolution of hydro-
gen tank pressure over a 10-day testing period using DDPG and
SR-DDPG. As shown in Figure Ekb), conventional DDPG fre-
quently violates the pressure limits, whereas SR-DDPG consis-
tently maintains safe operation throughout the period. These
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Figure 5: The evolution of SOC of different types of energy storage devices in response to electricity market price with different methods.

results highlight the advantage of SR-DRL in enforcing physi-
cal constraints, which is essential for the practical deployment

of learning-based control strategies in HMES.
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Figure 6: Evolution of hydrogen tank pressure over the 10-day testing periods.

4.4. Function of Representation Learning

In this section, we provide some insights on the role of state-
action representation learning (SR) for DRL. we rely on princi-
pal component analysis (PCA) and clustering analysis for intu-
itive illustrations. The functions of SR can be interpreted from
two perspectives.

First, representation learning can reshape the geometric
structure of state space, making it more amenable to policy
and value function learning in DRL. To illustrate this effect,
we analyze the state-space distributions of DRL (DDPG) and
SR-DRL (SR-DDPG) using PCA. We compare the outputs of
the first layer of the actor networks of DRL and SR-DRL,
which respectively convert the raw states s and augmented state
[s, zs] into the same dimensionality and enable a fair compar-
ison. A total of 10,000 state samples are collected and pro-
jected onto the first two principal components, with the result-
ing 3D and 2D visualizations shown in Figure ma)-(d). For
conventional DDPG, we observe that the state space exhibits a
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multi-scattered and irregular geometric structure, characterized
by multiple high-density regions. Such a poorly structured state
space is expected to pose challenges for the actor-critic learn-
ing of DRL, as it hinders discriminative feature extraction and
increases the difficulty of accurately approximating the policy
and value functions, ultimately slowing convergence. In con-
trast, when the state-action representation learning modules are
incorporated with SR-DDPG, the resulting state space exhibits
a compact and well-structured geometry, which likely underlies

the improved convergence and overall performance observed

with SR-DRL approaches.

(a) PCA of state space for DDPG (3D)

(b) PCA of state space for SR-DDPG (3D)
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Figure 7: 3D, 2D, and clustering analysis of PCA-projected state space with

DDPG and SR-DDPG.

Second, representation learning seems capable of reorganiz-
ing the state space from a decision-oriented perspective. To



examine this effect, we further conduct a clustering analysis
on the PCA-projected state space with the DRL and SR-DRL
methods. For a fair comparison, the state spaces are normalized
and the resulting clusters are displayed in Figure [7[e) and (f).
We note that, for conventional DRL, the clusters of state space
are quite loose and diffuse, indicating the presence of substan-
tial task-irrelevant noise. In contrast, the SR-DRL method re-
organizes the states into compact and well-separated clusters
with clear boundaries. Each cluster corresponds to a coherent
decision-relevant mode, within which states share similar phys-
ical interpretations and control implications. From a learning
perspective, such a cluster-aware state space is expected to sig-
nificantly reduces the complexity of policy and value function
learning, improves learning stability and convergence rate.

5. Conclusion and future work

This paper investigates the optimal operation of a hydrogen-
based multi-energy system (HMES) that integrates diverse en-
ergy generation, conversion, and storage devices to provide co-
ordinated electricity, heating, and cooling services for a build-
ing community. We propose a comprehensive operational
model that explicitly captures the nonlinear operating character-
istics and multi-physics processes of hydrogen energy storage
system (HESS), which are crucial for safe and reliable HMES
operation but have been mostly overlooked.

To address computational challenges posed by complex sys-
tem dynamics, strong spatial-temporal couplings, and multi-
ple uncertainties, a representation-learning enhanced deep re-
inforcement learning (SR-DRL) approach is proposed, signif-
icantly accelerating convergence rates and improving perfor-
mance over conventional DRL. We further give some illustra-
tive insights on the role of representation learning for DRL
based on principal component analysis and clustering analysis
of a state space, concluding that it can reshape the state space
of HMES into a well-structured and clustered geometry, facili-
tating the actor-critic learning with DRL methods.

Future promising directions include the extension of the rep-
resentation learning approach to enhance multi-agent deep re-
inforcement learning with its application to the coordinated op-
eration of interconnected energy systems.
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Appendix A. Parameters

Table A.3: Energy system configuration and device parameters

Device Param. Value Units Param. Value Units
S €ss,min O kwh S €ss,max 50 kWh
ESS Pyt 20 kW Polis 20 kW
ess 5 kKWh 77ess,ch/dis 0.95 _
st 0 KWh S 100 KWh
TES fes 10 kWh fes,ch 50 kW
;el;,)c(lis 50 kKW ntes,ch/dis 0.9 _
§ ces.min 20 kWh § ces,max 200 kWh
CES ces 20 kWh ot 40 kW
f:;;(dis 40 kW 77ces,ch /dis 0.9 _
P 15 kW Py 200 kW
P 100 kW P 25 kW
21 1.618-10° m3/[°C-s] 20 1.490-1072 m’/s
Zlow 1.530-107*  m?/[s- kW] Zhigh 1.195-107*  m3/[s- kW]
EL T 70 °C e 20 C
Jo 3.958 °C Ji 0.551 -
J2 0.430 °C/kWh ho 235.254 °C
hy 0.673 - Niow 0.987 A/KW
Phigh 9.0 A/KW oy 300 A
cy 75 Ah @ 0.697 -
S hss,min 0 kg S hss,max 50 kg
ihrfis 0 kg Vtank 10 m3
plans 0 bar plank 45 bar
HT m?ifjfh 30 m?/h mpssdis 30 m?/h
pphssch/dis 1.0 - £0 8.99-1072 kg/m3
bo 11.5-10° m?/s? by 4.16-10° m?/[°C - s?]
20 0.94 - g 5.91-1072 -
P 160 kW Pffﬂn 0 kW
P{;; 47.97 kW Mt 0.3 -
FC . 0.8 - it 122.80 A
P
S1 2.56 1/kV 52 3.31 1/kV
c 0.21 Nm?/C - - -
AC g 200 kW Nac 0.94 -
Apy 1500 m? Agic 400 m?
PV nie 0.762 - v 0.2 -
Table A.4: DRL and SR-DRL model and training parameters
Parameter Value Parameter Value
Optimizer Adam Epochs 2500
Batch size 1024 Buffer size 108
Discount rate 1.0 Learning rate 3x 107
Soft update rate 0.01

State embedding
Actor

[256, 256, 256, 512]
[512, action_dim]

State-action embedding

Critic

[256, 256, 256, 512]
[512,512, 1]
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