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Abstract—Deep reinforcement learning (DRL) has emerged as
a promising paradigm for home energy management systems
(HEMSs) due to its model-free nature and ability to handle
complex dynamics. However, existing DRL-based approaches
typically employ a unified reward function that aggregates
multiple objectives into a single scalar, failing to account for
the heterogeneous roles of controllable energy devices (CEDs)
and their distinct causal relationships with control objectives.
This leads to reward misattribution, where CEDs with simpler
constraints dominate the optimization process while critical com-
ponents such as battery storage remain underutilized. To address
this challenge, we propose a causally aligned multiagent rein-
forcement learning (MARL) framework that explicitly models
CED-objective causal pathways using a structural causal model
(SCM). A causal surgery procedure decomposes shared objectives
into CED-specific variants, enabling individualized reward sig-
nals aligned with each CED’s causal responsibility. The proposed
heterogeneous reward-aware multiagent soft actor–critic (HR-
MASAC) algorithm features a multihead centralized critic for
learning vectorized Q-values and agent-specific entropy coeffi-
cients for heterogeneous exploration. Experiments across diverse
home scenarios demonstrate that our method achieves 40.1%
cost reduction and 57.1% comfort improvement over unified-
reward baselines, with robust performance under sensor noise
and household heterogeneity.

Index Terms—Causal alignment, home energy management,
multiagent reinforcement learning (MARL), reward attribution.

I. INTRODUCTION

THE increasing penetration of renewable energy sources
and the growing diversity in residential energy demand

have posed new challenges to the design of efficient and
adaptive home energy management systems (HEMS). Tradi-
tional model-based or rule-based control (RBC) methods often
struggle to operate effectively under such complex and uncer-
tain environments, especially when faced with the dynamic
characteristics of distributed energy resources and user-driven
objectives [1].
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Fig. 1. Illustration of the optimization bias under a unified reward setting in
DRL-based HEMS.

In recent years, deep reinforcement learning (DRL) has
emerged as a promising paradigm for constructing intelligent
HEMS, due to its ability to perform model-free optimization
and capture nonlinear patterns in high-dimensional decision
spaces [2]. Numerous studies have applied DRL algorithms to
optimize residential energy usage, improve demand-side flexi-
bility, and balance cost, comfort, and sustainability objectives
[3]. However, most DRL-based HEMS approaches—whether
single-agent or multiagent—adopt a unified reward function
that aggregates multiple objectives into a single scalar signal.

While straightforward, this design suffers from a funda-
mental flaw: it does not distinguish the roles and causal
responsibilities of heterogeneous controllable energy devices
(CEDs). In realistic HEMS settings, different CEDs [e.g., air
conditioners (ACs), battery energy storage systems (BESSs),
and washing machines (WMs)] contribute differently toward
system objectives and vary in controllability, constraints, and
action space complexity. As illustrated in Fig. 1, when two
devices jointly influence multiple objectives, some devices
offer more accessible exploration paths than others. Under a
unified reward signal, the learning agent tends to over-exploit
the easier-to-optimize devices, converging toward subopti-
mal strategies. Empirical evidence from our experiments
(Section V) confirms this: under unified rewards, agents
controlling AC inadvertently dominate cost optimization that
should be handled by BESS, leading to 45–80% higher energy
costs compared to causally aligned policies.

The core challenge is reward misattribution: unified scalar
rewards do not clarify which CED contributes to which
objective, causing the policy optimizer to favor dominant
control pathways while underutilizing strategically impor-
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tant CEDs. Several techniques in multiagent reinforcement
learning (MARL) address credit assignment: value decom-
position methods [4], [5] factorize the joint value function
into individual utilities, but assume fully cooperative tasks
with a single shared objective; counterfactual methods such as
COMA [6] and difference rewards [7] estimate each agent’s
marginal contribution, though the latter requires additional
environment rollouts. However, these methods perform credit
assignment implicitly through learning, without prior knowl-
edge of which agent should be responsible for which objective.
In multiobjective HEMS where multiple CEDs can influence
the same objective through different mechanisms, such implicit
approaches may attribute rewards to unintended CEDs. An
orthogonal question thus remains: how to systematically deter-
mine which CED causally affects which objective based on
the physical structure of the system, and accordingly construct
heterogeneous rewards that align each CED with its intended
role.

To address this, we propose a causally aligned MARL
framework for coordinated control of heterogeneous home
CEDs, with the following key contributions below.

1) We introduce causal reward attribution for HEMS
with heterogeneous CEDs by constructing a structural
causal model (SCM) [8] that explicitly encodes CED-
to-objective causal pathways based on physical system
knowledge.

2) We propose a causal surgery procedure that decomposes
shared objectives into CED-specific variants, enabling
individualized reward signals aligned with each CED’s
causal role.

3) We develop heterogeneous reward-aware multiagent soft
actor–critic (HR-MASAC), a multiagent actor–critic
algorithm with a multihead centralized critic and
agent-specific entropy coefficients, supporting hetero-
geneous reward optimization while maintaining intera-
gent coordination. The vectorized rewards guide each
agent’s policy update through dedicated critic heads,
enabling CED-specific optimization without sacrificing
coordination.

II. RELATED WORK

A. DRL for HEMS

DRL provides a data-driven alternative to traditional rule-
based or model-predictive control methods by learning from
sequential interactions with the environment. The integration
of deep neural networks enables DRL to capture the nonlinear
dynamics and stochasticity inherent in HEMS [9]. DRL has
been applied to a variety of HEMS objectives, including cost
minimization [10], load shifting [11], user comfort control [2],
and renewable energy integration [12].

1) Centralized DRL With Single-Agent Control: Early DRL
applications in HEMS often adopt a single-agent frame-
work, where a centralized agent observes the global state
and jointly controls multiple CEDs. Representative methods
include value-based DQN [2], as well as policy-gradient
approaches such as SAC [13], PPO [14], and TD3 [15]. For
example, Salari et al. [11] incorporated fuzzy rules into DQN

to reduce the complexity of the action space, enabling efficient
control of continuous energy loads while preserving BESS
health. Similarly, Tan et al. [16] proposed a SAC-based HEMS
strategy that dynamically adjusts appliance operations based
on real-time electricity prices, achieving both cost savings and
thermal comfort optimization.

However, beyond the reward misattribution and suboptimal
convergence issues highlighted in this work, such a central-
ized single-agent control paradigm also suffers from several
limitations: poor scalability as the joint action space grows
exponentially with the number of CEDs, lack of modularity
since system changes require complete retraining, and low
robustness due to single-point-of-failure risks.

2) Multiagent DRL for Distributed CED Control: To over-
come the scalability and modularity limitations of centralized
control, recent studies have introduced MARL into HEMS. In
this setting, each CED is modeled as an autonomous agent,
which interacts with its local environment while contribut-
ing to system-wide objectives. Typical frameworks follow
the centralized training with decentralized execution (CTDE)
paradigm, employing shared critics such as MADDPG [17]
or value decomposition methods like QMIX [4] and MAPPO
[18] to enable decentralized yet cooperative policy learning.
For instance, to address privacy concerns, [19] modeled the
environment as a partially observable Markov decision process
(POMDP) and developed a vectorized Advantage Actor–Critic
(A2C) algorithm that enables community-level HEMS to learn
control policies without accessing sensitive data such as elec-
tric vehicle (EV) arrival times or indoor temperatures. Abishu
et al. [20] proposed a hierarchical MARL framework with
dynamically reconfigurable agent hierarchies, where low-level
agents are prioritized for decision making to prevent sys-
tem overload. This method outperformed fixed-hierarchy and
nonhierarchical baselines, although abstraction may lead to
information loss. In another study, Deng et al. [21] designed a
MADDPG-based strategy to handle PV generation uncertainty
by training on randomized solar outputs and applying joint
chance constraint reformulation, significantly improving local
renewable energy utilization.

Existing studies primarily leverage the advantages of MARL
in decentralized coordination and heterogeneous optimization
across differing observation or action spaces. As the number
of CEDs grows, mean-field control (MFC) [22] offers a scal-
able alternative by approximating agent interactions through
population statistics, with recent extensions addressing het-
erogeneous agents [23] and constrained settings [24]. Despite
these advances, most MARL methods for HEMS rely on
unified reward signals or implicit credit assignment through
value decomposition, leaving the question of how to align
heterogeneous CEDs with their causally relevant objectives
largely unaddressed.

B. Credit Assignment and CRL

Credit assignment—determining how much each agent
contributes to the team reward—is a fundamental chal-
lenge in cooperative MARL [3]. Existing methods can be
broadly categorized into value decomposition and counterfac-
tual approaches.
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Value decomposition methods such as QMIX [4] and
QTRAN [5] factorize the joint action-value function into indi-
vidual utilities under structural constraints (e.g., monotonic-
ity), performing implicit credit assignment through end-to-end
learning. Counterfactual methods take an alternative approach
by estimating each agent’s marginal contribution. Difference
rewards [7] compute an agent’s contribution by comparing
outcomes with and without its action, requiring additional
environment rollouts. COMA [6] avoids extra rollouts by
using a centralized critic that conditions on the joint action to
compute counterfactual baselines analytically; it marginalizes
over each agent’s action space to estimate what would have
happened under alternative actions, providing a gradient signal
that reflects individual contributions.

While effective in homogeneous cooperative games, these
methods face limitations in heterogeneous HEMS. They
assume a unified reward signal, yet HEMS involves multiple
distinct objectives (cost, comfort, and task completion) that
different CEDs should prioritize differently. Moreover, they
perform credit assignment implicitly through learning, without
explicitly specifying which agent should be responsible for
which objective.

Causal inference [25] provides a principled framework
for reasoning about cause–effect relationships through SCMs.
An SCM represents a system as a directed acyclic graph
(DAG) where nodes denote variables and edges encode causal
mechanisms, enabling interventional reasoning—predicting
outcomes under hypothetical actions—beyond mere corre-
lational analysis. Causal reinforcement learning (CRL) [8]
integrates these tools into RL to address challenges where stan-
dard methods struggle. Existing CRL applications span several
domains: improving sample efficiency through causal world
models [26], enabling robust policy transfer by identifying
causal invariances [27], enhancing off-policy evaluation via
importance weighting with causal structure [28], and learning
interpretable policies by discovering causal features [29].
These applications primarily focus on single-agent settings
with a single objective.

Despite the natural fit between causal reasoning and mul-
tiagent credit assignment—where the core question is “which
agent’s action caused which outcome”—this connection
remains underexplored in DRL-based energy management.
This work bridges this gap by leveraging the physical causal
structure inherent in energy systems: CED capabilities deter-
mine which observables they affect, and observables determine
which objectives they influence. By encoding these relation-
ships in an SCM, we transform the implicit credit assignment
problem into explicit causal attribution. Furthermore, the SCM
framework provides a principled basis for decomposing con-
founded objectives into CED-specific variants by severing
inappropriate causal pathways—enabling systematic reward
decomposition aligned with each CED’s intended role.

III. PROBLEM FORMULATION

A. System Description

Consider a HEMS with n CEDs D = {d1, . . . , dn}, a set
of observable variables O = {o1, . . . , op}, and m optimization

Fig. 2. Home energy management environment.

objectives J = {J1, . . . ,Jm}. The system operates in discrete
time steps t ∈ {1, 2, . . . , τ}. At each step, a control policy π
observes the system state and determines actions for all CEDs.

Due to CED heterogeneity, there exist latent causal depen-
dencies that can be represented as an SCM with the chain:
CED → Observable → Objective → Reward → Policy. Let
Edo ⊆ D × O and Eol ⊆ O × J denote the causal relations
from CEDs to observables and from observables to objectives,
respectively. A unified reward r = f (J1, . . . ,Jm) connects all
objectives to all policies regardless of these causal pathways,
leading to ambiguous credit assignment [Fig. 3(a)].

B. Problem Statement

Problem (Causally Aligned Multiagent Control): Given the
CED set D, observable set O, and objective set J .

1) Reward Attribution: Discover Edo and Eol, and construct
a causally aligned SCM where each CED di has a
dedicated reward node rdi connecting only to objectives
it can influence. For objectives influenced by multiple
CEDs (confounded), decompose into CED-local variants
J di

j when the causal pathway is separable. The output
is an attributed objective set J̃ di and observable subset
Odi for each CED.

2) Policy Learning: Design individualized reward functions
rdi = g(J̃ di ,Odi ) based on attributed objectives and
observables, where the specific form of g incorporates
domain knowledge. Then, learn coordinated policies
{πdi }ni=1 that jointly optimize the original objectives J .

C. HEMS Environment

As illustrated in Fig. 2, the household is connected to the
utility main grid (MG) and a rooftop photovoltaic (PV) system.
The CED set includes a BESS, an AC, and a WM, representing
the main categories of residential loads—flexible storage,
thermal comfort, and deferrable tasks—commonly analyzed in
demand-side management [30]. Other appliances are treated as
uncontrollable base load PBL

t (kW). The observable set O is
detailed in Section IV-B. The control interval is ∆t (hours).

The optimization objectives J = {Jc,Jt,Jl} correspond to
electricity cost, thermal comfort violation, and laundry delay

min
π
Jc =

1
τ

τX
t=1

κtPG
t ∆t (1a)
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Fig. 3. Comparison of causal structures for reward attribution in the considered HEMS environment. (a) SCM of unified reward (single or multiagent).
(b) SCM of heterogeneous reward based on our casual discovery method. (c) SCM of heterogeneous reward after surgery.

min
π
Jt =

1
τ

τX
t=1

1
�ˇ̌

T in
t − T set

t

ˇ̌
> T band� (1b)

min
π
Jl =

1
nlau

nlauX
i=1

1

0@ tlau
i +zlau

iX
t=tlau

i

Mw
t ≥ 1

1A (1c)

where τ is the episode length, 1(·) is the indicator function
(returns 1 if the condition is satisfied and 0 otherwise), κt

(/kWh) and PG
t (kW) denote electricity price and grid power

exchange (positive for import); T in
t , T set

t , and T band (◦C) are
indoor temperature, setpoint, and comfort tolerance; nlau is the
number of laundry requests, each defined by request time tlau

(hours), maximum delay zlau (hours), and actual start time tstart

(hours).
1) Energy Device Models: The devices follow physics-

based dynamics. The BESS is modeled with stored energy
Et (kWh), rated capacity Erat (kWh), state of charge soct =

Et/Erat, self-discharge rate SD (h−1), and efficiency ηb

Et+1 = (1 − SD · ∆t) ·

8̂̂<̂
:̂

Et + ηbPb
t ∆t, Mb

t = 1

Et −
Pb

t ∆t
ηb , Mb

t = −1

Et, Mb
t = 0

(2a)

Pb
t ∈

�
0, Pb

sup

�
(2b)

Pb
sup =

8̂̂̂̂
<̂
ˆ̂̂:

min
n

Pb
rat,

Erat−Et
ηb∆t

o
, Mb

t = 1

min
n

Pb
rat,

ηbEt
∆t

o
, Mb

t = −1

0, Mb
t = 0

(2c)

where Mb
t ∈ {−1, 0, 1} denotes the operating mode (charg-

ing/standby/discharging), Pb
t (kW) is bounded by Pb

sup (kW)
that respects both rated power Pb

rat (kW) and capacity limits.
The AC converts electrical power Pa

t (kW) to thermal output
Pheat

t (kW) with coefficient of performance (COP) dependent
on operating mode, indoor temperature T in

t (◦C), and outdoor
temperature T out

t (◦C)

Pheat
t = coptP

a
t Ma

t , Pa
t ∈

�
Pa

sta, P
a
rat

�
(3a)

copt =

(
copt, 0 < copt < coprat

coprat, otherwise
(3b)

copt =

8̂̂̂̂
<̂̂
ˆ̂̂̂:

ηa
�
T in

t

�
K

T in
t − T out

t
, Ma

t = 1

ηa
�
T in

t

�
K

T out
t − T in

t
, Ma

t = −1

0, Ma
t = 0

(3c)

where Ma
t ∈ {−1, 0, 1} indicates cooling/standby/heating mode,

Pa
sta and Pa

rat (kW) are standby and rated power, (·)K denotes
Kelvin conversion, coprat is the upper COP limit, and ηa is the
thermodynamic efficiency factor.

The WM operates as a noninterruptible task with power
consumption Pw

t (kW) and accumulated run time zw
t (hours)

Pw
t = Mw

t Pw
rat (4a)

zw
t =

(
min

˚
zw

t−1 + ∆t, zw
task

	
, Mw

t = 1
0, Mw

t = 0
(4b)

Mw
t =

(
1,

�
0 < zw

t−1 < zw
task

�
∨ Aw

t = 1
0, otherwise

(4c)

where Mw
t ∈ {0, 1} is the operating mode (running/idle), Pw

rat
(kW) is rated power, zw

task (hours) is task duration, and Aw
t ∈

{0, 1} is the start signal (allowed only when idle).
The PV generates output power PPV

t (kW) based on solar
irradiance It (W/m2)

PPV
t =

(
0, It < Imin

min
�
ηPVIt, PPV

rat

�
Apan, otherwise

(5)

where Imin (W/m2) is the minimum irradiance threshold, ηPV

is conversion efficiency, PPV
rat (kW/m2) is rated output per unit

area, and Apan (m2) is panel area.
2) Building Thermal Dynamics: Indoor temperature T in

t
(◦C) evolves via heat balance

T in
t+1 = T in

t +
Qcon

t + Qven
t + Qsolar

t + Pheat
t ∆t

cairρairVhou (6a)

Qcon
t = λAsuf �T out

t − T in
t

�
∆t (6b)
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Qven
t = ACH cairρairVhou �T out

t − T in
t

�
∆t (6c)

Qsolar
t = SHGC ItAfen∆t (6d)

where Qcon
t , Qven

t , and Qsolar
t (kWh) represent conduction,

ventilation, and solar heat gains; λ (kW/(m2◦C)) is thermal
conductivity, Asuf (m2) and Afen (m2) are envelope and window
areas, ACH (h−1) is air change rate, SHGC is solar heat gain
coefficient, cair (kWh/(kg◦C)) is specific heat capacity, ρair

(kg/m3) is air density, and Vhou (m3) is indoor volume.
3) Power Balance and Stochastic Inputs: The household’s

power balance requires

PG
t = max

�
PD

t , 0
�

(7a)

PD
t = Pa

t + Pb
t + Pw

t + PBL
t − PPV

t (7b)

where PD
t (kW) is net demand and excess generation is

curtailed.
Daily occupancy occd,t ∈ {0, 1} (1: at home, 0: away) on

day d follows stochastic patterns:

occd,t = 1 − 1
�

tdep
d ≤ t < tarr

d

�
(8a)

t{
dep,arr}

d ∼ N
�
µ{dep,arr},

�
σ{dep,arr}

�2
�

(8b)

where tdep
d and tarr

d (hours) are departure and arrival times, and
µ, σ are day-type-dependent Gaussian parameters.

Laundry request indicator laud,t ∈ {0, 1} is generated as

laud,t = reqd · 1
�
tlau
d ≤ t ≤ tlau

d + zlau
d

�
(9a)

reqd ∼ Bernoulli
�
plau

dow

�
(9b)

where reqd ∈ {0, 1} indicates whether a request occurs on day
d with day-of-week-dependent probability plau

dow, tlau
d (hours) is

request time sampled from occupied slots, and zlau
d (hours) is

maximum tolerable delay. Exogenous variables—It, T out
t , PBL

t ,
κt—are derived from real-world datasets [31], [32].

IV. METHODOLOGY

This section presents our methodology for addressing the
causally aligned multiagent control problem. We first describe
the general causal reward attribution framework, then formal-
ize the MDP with vectorized rewards, and finally present the
HR-MASAC algorithm for coordinated policy learning.

A. Causal Reward Attribution

We leverage SCMs [8] to systematically attribute rewards
based on causal relationships. An SCM represents the system
as a DAG encoding the causal chain: CED → Observable →
Objective → Reward → Policy. Let C(di) denote the capa-
bility set of CED di, C(J j) denote the capabilities required
to influence objective J j, and O(c) denote the observable
associated with capability c. Our framework operates through
three phases.

1) Phase 1 (Causal Discovery): Construct the SCM by
identifying CED-objective causal links via capability matching

di  J j ⇐⇒ C (di) ∩ C
�
J j
�
, ∅. (10)

For each matched pair, add edges di → o → J j where o ∈
O(C(di) ∩ C(J j)). Then, connect objectives to CED-specific
rewards: J j → rdi for all J j that di can influence, and rdi →

πdi . This ensures each CED receives reward signals only for
objectives it can causally affect.

2) Phase 2 (Causal Surgery): Causal discovery alone is
insufficient when multiple CEDs share influence over the same
objective [Fig. 3(b)]. Surgery decomposes such confounded
objectives into CED-local variants when appropriate. The
key insight is that CEDs with a single capability affecting
a shared objective typically have a more important primary
task—for example, AC ’s primary task is thermal comfort, not
cost minimization. We create local objectives so these CEDs
avoid resource waste while fulfilling primary tasks. Formally,
surgery applies when: 1) |C(di) ∩ C(J j)| = 1 (single-capability
influence) and 2) |J di | > 1 (distinct primary task exists). When
both hold, create J di

j and redirect J j → rdi to J di
j → rdi ;

otherwise, retain the global objective.
3) Phase 3 (Backward Extraction): Extract attributed

objectives and observables by tracing backward from each
reward node

J̃ di = Pa
�
rdi
�
∩ J ∗, Odi =

[
J j∈J̃ di

Pa
�
J j
�
∩O (11)

where Pa(·) denotes parent nodes in the SCM, and
J ∗ = J ∪ {J di

j } includes both global and local objectives.
Importantly, Odi provides necessary guidance for reward
design rather than a complete specification—supplementary
variables may be incorporated based on domain
knowledge.

The complete procedure is formalized in Algorithm 1, which
outputs the SCM G and attributed pairs {(J̃ di ,Odi )}ni=1 for
constructing individualized rewards rdi = g(J̃ di ,Odi ).

Fig. 3 illustrates the framework applied to the HEMS
environment. Fig. 3(a) shows the conventional unified reward
approach where all objectives aggregate into a single r, inter-
mixing gradient signals. Fig. 3(b) shows the SCM after Phase
1: each CED has reward node rd connecting only to objectives
it can influence, but Jc remains connected to all rewards
(objective entanglement). Fig. 3(c) shows the SCM after
Phase 2: AC and WM satisfy the surgery conditions (single-
capability influence on Jc with primary tasks Jt and Jl), so
local objectives J a

c and J w
c are created; BESS retains global

Jc as it affects cost through both charging and discharging.
The resulting attributed sets are: J̃ a = {Jt,J a

c }, J̃ b = {Jc},
J̃ w = {Jl,J w

c }. By (11), the causally derived observables are:
Oa = {T in

t , P
a
t }; Ob = {Pa

t , P
w
t , P

b
t } [aggregating to PD

t via (7)];
Ow = {Mw

t , P
w
t }.

For the considered HEMS environment, the individualized
reward functions instantiated from Algorithm 1 are

ra
t = occt · exp

�
min

�
0,T band −

ˇ̌
T in

t − T set
t

ˇ̌��„ ƒ‚ …
from Jt, denoted rt

t

− kaκtPa
t„ƒ‚…

from J a
c

(12a)
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Algorithm 1 Causal Discovery and Surgery for Reward Attri-
bution
Require: CED set D, Objective set J , Capability function
C(·)

Ensure: SCM G, attributed objectives {J̃ di }, observables {Odi }

1: # Phase 1: Causal Discovery
2: Initialize SCM G with nodes: D, O, J
3: for each CED di ∈ D do
4: Add reward node rdi and policy node πdi to G
5: J di ← ∅

6: for each objective J j ∈ J do
7: Cmatch ← C(di) ∩ C(J j)
8: if Cmatch , ∅ then
9: J di ← J di ∪ {J j}

10: Add edges: di → o j → J j for o j ∈ O(Cmatch)
11: end if
12: end for
13: Add edges: J j → rdi for all J j ∈ J di , rdi → πdi

14: end for
15: # Phase 2: Causal Surgery
16: for each confounded J j (i.e., |{di : J j ∈ J di }| > 1) do
17: for each di where J j ∈ J di do
18: Cmatch ← C(di) ∩ C(J j)
19: if |Cmatch| = 1and|J di | > 1 then
20: Create local objective J di

j ; add to G
21: Redirect: remove J j → rdi , add J di

j → rdi

22: Update J di : replace J j with J di
j

23: end if
24: end for
25: end for
26: # Phase 3: Backward Extraction
27: for each CED di do
28: J̃ di ← Pa(rdi ) ∩ J ∗
29: Odi ←

S
J j∈J̃ di Pa(J j) ∩O

30: end for
31: return G, {(J̃ di ,Odi )}ni=1

rb
t = exp

�
−
ˇ̌
PD

t

ˇ̌
· κt
�„ ƒ‚ …

from Jc, denoted rc
t

(12b)

rw
t = exp

�
−∆tw

t

�„ ƒ‚ …
from Jl, denoted rl

t

− kwκtPw
t„ ƒ‚ …

from J w
c

(12c)

where ∆tw
t = |t − tlau − zlau| if laut = 1, t > (tlau + zlau) andPt

τ=tlau Mw
τ = 0 (i.e., laundry requested but not yet started),

and ∆tw
t = 0 otherwise. Weights ka, kw balance primary

tasks against local cost objectives. In practical deployments,
these weights can be preconfigured by system integrators or
mapped to user-selectable preference modes (e.g., “comfort-
priority” versus “cost-priority”), rather than requiring manual
tuning by end-users. Since preference-aware policy adaptation
is orthogonal to our focus on causal reward attribution, we
leave this extension to future work. The conventional unified
reward aggregates all objectives into a single scalar [following
Fig. 3(a)]:

runi
t = wc · rc

t + wt · rt
t + wl · rl

t. (13)

The weights wc,wt,wl balance objectives but provide no
CED-specific guidance. For a fair comparison, we set wc =

wt = wl = 1.

B. HR-MASAC: MDP Formulation and Algorithm

A Markov decision process (MDP) formally defines the
agent–environment interaction in reinforcement learning. At
each time step t, the agent observes state ot, selects action
at according to policy π(at |ot), and receives reward rt as
the environment transitions to ot+1. Conventional multiagent
MDPs use a shared scalar reward rt ∈ R, which does not
distinguish individual contributions.

To support heterogeneous reward attribution, we extend the
formulation to a multiagent MDP with vector-valued rewards:
M = 〈D,S, {Ai},P ,O,R, γ〉. Each CED di ∈ D is controlled
by a dedicated agent i with action space Ai and policy πi. For
notational simplicity, we use superscript i to index agents in the
following DRL formulations, with the understanding that agent
i controls CED di. The key extension is the reward function
R : S ×

Q
iAi → Rn, which outputs rt = (r1

t , . . . , r
n
t ) where

each ri
t is the individualized reward designed according to

the causal attribution framework (Section IV-A). The discount
factor γ ∈ (0, 1] determines the importance of future rewards,
and P denotes the transition dynamics instantiated through the
environment model in Section III.

1) Observation and Action Spaces: The state st ∈ S
comprises temporal features Ut, weather conditions Wt, CED
status Dt, electrical status Gt, and user behavior Bt. The
observation ot ∈ O excludes unobservable variables (e.g.,
thermal conductivity). For the HEMS environment

ot = {Ut,Wt,Dt,Gt, Bt} (14)

where Ut includes time-of-day encoding, Wt = {T out
t ,T in

t , It},
Dt = {Md

t , P
d
t , soct}d∈D, Gt = {PPV

t , PBL
t , PD

t , P
G
t , κt}, and Bt =

{occt,T set
t , laut, zw

t }. All agents share this common observation.
The action space combines discrete mode selection and

continuous setpoints

at =
˚

Md
t , P̄

d
t

	
d∈{a,b} ∪

˚
Aw

t

	
(15)

where Md
t ∈ {−1, 0, 1} specifies operating mode, P̄d

t ∈ [0, Pd
rat]

specifies target power for AC and BESS, and Aw
t ∈ {0, 1}

is the WM start signal. Continuous actions are sampled via
reparameterized Gaussian distributions, and discrete actions
via categorical distributions.

2) Algorithm Design: To enable each agent to learn an
optimal policy under causally attributed heterogeneous rewards
while maintaining coordination, we propose HR-MASAC.
The algorithm follows the CTDE paradigm (Fig. 4), with two
core innovations: a multihead centralized critic and agent-
specific entropy temperatures.

The multihead critic outputs agent-specific Q-values

qt = Q (ot, at; w) =
˚
Qi �ot, at; wi�	n

i=1 (16)

where all heads share a common encoder and wi parame-
terizes the ith head. We adopt twin Q-networks to reduce
overestimation [13].

Authorized licensed use limited to: CHONGQING UNIVERSITY. Downloaded on June 01,2026 at 08:44:38 UTC from IEEE Xplore.  Restrictions apply. 



22306 IEEE INTERNET OF THINGS JOURNAL, VOL. 13, NO. 10, 15 MAY 2026

Fig. 4. HR-MASAC framework with CTDE. The multihead critic outputs
agent-specific Q-values during training.

HR-MASAC is a maximum entropy RL method, whose
optimization objective includes both the expected return and
the entropy of the policy. The soft value function is

vt = Eat+1∼{πi}

�
Q
�
ot+1, at+1; w′

�
− α �

˚
log πi �ai

t+1|ot+1
�	n

i=1

�
(17)

where w′ denotes the parameters of the target critic, and
α = {αi} represents the vector of agent-specific temperature
coefficients. � denotes element-wise multiplication.

The critic network is trained by minimizing the soft Bellman
temporal-difference (TD) error over transitions sampled from
replay buffer B

Lcritic = E(ot ,at ,rt+1,ot+1)∼B
h
‖Q (ot, at; w)

−
�
rt+1 + γvt

� 

2
i
. (18)

Each actor is optimized independently by maximizing the
entropy-augmented expected return, leading to the loss

Li
actor = Eot∼B,ai

t∼π
i

�
αi log πi �ai

t |ot
�
− Qi �ot, at; wi�� . (19)

Each agent maintains a learnable temperature αi, which is
adjusted to match a given target entropy Hi

target

Lα = Eai
t∼π

i

�
−αi ·

�
log πi �ai

t |ot
�
+Hi

target

��
. (20)

Following standard practice in SAC [13], the target entropy
is set as Hi

target = − dim(Ai), where dim(Ai) is the dimen-
sionality of agent i’s continuous action space. This choice
ensures sufficient exploration while remaining computation-
ally tractable. The agent-specific entropy coefficients αi are
automatically tuned via gradient descent during training, elim-
inating the need for manual per-agent calibration.

Finally, the parameters of the target critic are updated using
Polyak averaging

w′ ← ρw + (1 − ρ) w′, ρ ∈ (0, 1) . (21)

HR-MASAC’s training loop is shown in Algorithm 2.

Algorithm 2 HR-MASAC Training Procedure
Require: Actor networks {πi

θi }
n
i=1, critic Qw, target critic Qw′ ,

temperatures {αi}ni=1, replay buffer B
Ensure: Trained policies {πi

θi }
n
i=1

1: for each training iteration do
2: for each environment step do
3: Observe ot from environment
4: Sample actions: ai

t ∼ π
i(ot; θi) for all i = 1, . . . , n

5: Execute joint action at in environment
6: Receive next observation ot+1 and heterogeneous

rewards rt+1
7: Store transition (ot, at, rt+1, ot+1) into B
8: end for
9: for each gradient step do

10: Sample mini-batch {(ot, at, rt+1, ot+1)} from B
11: # Critic update
12: Sample next actions ai

t+1 ∼ π
i(ot+1) for all i

13: Compute soft target values according to (17)
14: Minimize critic loss according to (18)
15: # Actor and temperature update
16: Sample ai

t ∼ π
i(ot) for all i, compute log πi(ai

t |ot)
17: for each agent i = 1 to n do
18: Evaluate Qi(ot, at; wi)
19: Minimize actor loss according to (19)
20: Minimize temperature loss according to (20)
21: end for
22: Target critic soft update according to (21)
23: end for
24: end for

V. EXPERIMENT

This section presents comprehensive experiments to eval-
uate the proposed causal reward attribution framework and
the HR-MASAC algorithm. We first describe the experi-
mental setup and baseline methods. We then present the
main results, including overall performance comparison across
diverse home scenarios and agent behavior analysis. Finally,
we provide in-depth analysis and discussion covering: ablation
studies quantifying individual component contributions, gen-
eralizability and scalability analysis from three perspectives
(MARL architecture, device configuration, and computational
overhead), and robustness evaluation under exogenous data
perturbations and household heterogeneity.

A. Experiment Setup

To ensure experimental realism and reliability, we instantiate
the modeling approach described in Section III-C1 into five
distinct smart home energy management simulation environ-
ments. These environments differ significantly in terms of
physical structure, demand distribution, and appliance config-
urations. The physical and statistical parameters are generated
using large language model [33] to align with real-world
scenarios. Historical weather and electricity consumption data
are sourced from the NOAA and PecanStreet datasets [31],
[32], specifically from residential communities in San Diego,
California. The control interval is set to ∆t = 5 min, and
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each episode spans a full day (τ = 288 time steps). For each
month, two days are selected as validation and test sets, while
the remaining days are used for training.

In HR-MASAC, both the critic and actor networks adopt
a symmetric MLP backbone with hidden layers sized [256,
128, 64, 64, 128, 256]. All baseline algorithms use the same
backbone architecture and hyperparameters, with only output
heads differing according to their algorithmic requirements,
ensuring fair comparisons. Reward weights are set to ka =

kw = 0.02.
All experiments are conducted on a workstation with

Ubuntu 20.04, Python 3.10, PyTorch 2.0, an Intel i7-14600K
CPU, and an NVIDIA RTX 4090 GPU.

B. Baselines

We compare our method against several categories of base-
lines as follows.

1) RBC: A heuristic baseline implementing standard
ON/OFF control strategies following expert-defined rules
[34].

2) Single-Agent RL: Single-agent actor–critic baselines
with a unified reward (13), including SAC [13], DDPG
[35], PPO [36], and TD3 [37]. The global state and joint
action spaces are concatenated as input.

3) Unified-Reward Centralized Critic MARL: Multiagent
baselines with a unified reward (13) and a single shared
critic, including MASAC [38] and MADDPG [39]. Each
agent maintains a decentralized actor while sharing the
centralized critic during training.

4) Value Decomposition (QMIX-SAC): Integrates QMIX’s
monotonic value decomposition [4] into the SAC frame-
work. A mixing network combines individual Q-values
Qi into a global Qtot under the constraint (∂Qtot)/(∂Qi) ≥
0, enabling decentralized execution while maintaining
centralized training with the unified reward.

5) Counterfactual Credit Assignment (COMA-SAC): Inte-
grates COMA with SAC. The centralized critic
computes a counterfactual baseline bi(ot, a−i

t ) =P
ai πi(ai|ot)Q(ot, a−i

t , a
i) for each agent, and the advan-

tage Ai = Q(ot, at) − bi is used for policy updates with
the unified reward.

6) Heterogeneous-Reward Independent Critics MARL:
Each agent is assigned a causally attributed reward
(12) and paired with an independent critic, including
I-MASAC and I-MADDPG. This decouples agent learn-
ing but lacks the shared critic structure for coordination.

7) Ablation variants:
a) w/o surgery: A variant without Phase 2 (causal

surgery) of Algorithm 1. Each agent receives
rewards from all objectives it can influence [as in
Fig. 3(b)], without decomposing shared objectives
like Jc into CED-local variants;

b) w/o ind. α: A variant with a shared entropy coeffi-
cient across agents.

All experiments are conducted with five independent ran-
dom seeds, and we report means with 95% confidence intervals
(CI) computed via bootstrapping.

C. Performance Comparison
Fig. 5 illustrates the overall reward trends, variations in

different reward components (ra, rb, rw), and entropy coeffi-
cient evolution during training. Note that while unified-reward
baselines (e.g., SAC and COMA-SAC) use (13) for train-
ing and causal attribution methods (e.g., HR-MASAC) use
(12), all methods are evaluated using the same causally
attributed rewards, ensuring comparable episode returns.
As shown in Figs. 5(a) and (b), multiagent algorithms
generally achieve higher overall rewards than single-agent
algorithms. Among single-agent baselines, only SAC and PPO
demonstrate effective learning, indicating that independent
actor parameters are better suited for heterogeneous CED
control.

As shown in Fig. 5 and Table I, baselines based on
maximum entropy reinforcement learning (SAC, MASAC,
I-MASAC, and HR-MASAC) significantly outperform
other algorithms, suggesting that learnable entropy terms
effectively enhance exploration. Among these, HR-
MASAC and I-MASAC, which perceive heterogeneous
attributional rewards, perform better, demonstrating that
vectorized rewards more effectively guide CED-specific
optimization.

As shown in Fig. 5(d)–(f), the convergence patterns of
reward components differ markedly. All baselines except
MADDPG quickly reach optimal values for rw with min-
imal variance, while ra and rb converge slower and more
rugged—especially rb. This correlates with CED-specific
physical constraints and task complexity, validating the core
motivation that different CEDs follow distinct optimization
paths. Performance differences among baselines mainly stem
from their ability to optimize the challenging rb: HR-MASAC
and I-MASAC achieve significantly higher convergence val-
ues than other baselines. Moreover, HR-MASAC outperforms
I-MASAC in both rb and ra during later training stages, as the
shared encoder in its critic facilitates interagent coordination
required for BESS optimization.

As shown in Fig. 5(c), the learnable entropy coefficients α
in HR-MASAC rapidly decrease and then diverge distinctly
among agents, indicating that each agent requires an indepen-
dent exploration–exploitation balance. Using a shared entropy
coefficient (w/o ind. α) significantly degrades performance
with noticeable drops in ra and rb convergence, highlighting
the importance of independent α for heterogeneous optimiza-
tion goals.

Table I shows that the performance of each baseline across
five households is consistent with their reward convergence
behaviors in Fig. 5. HR-MASAC consistently performs the
best across all homes and objectives, achieving satisfactory
comfort and meeting user laundry demands with lower energy
costs. The narrow 95% confidence intervals indicate stable
performance across random seeds.

Notably, QMIX-SAC and COMA-SAC, despite incorporat-
ing implicit credit assignment mechanisms, exhibit distinct
failure modes. QMIX-SAC performs poorly on both thermal
comfort (Jt ≈ 9.5) and electricity cost (Jc ≈ 12.3), likely
due to its monotonicity constraint ((∂Qtot)/(∂Qi) ≥ 0) pre-
venting proper penalty signals. COMA-SAC achieves adequate
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Fig. 5. Training dynamics over 4 000 000 steps. Shaded regions indicate 95% CI across five seeds. (a) MARL baselines. (b) SARL baselines. (c) Entropy
coefficient α in HR-MASAC. (d) ra. (e) rb. (f) rw.

TABLE I
PERFORMANCE COMPARISON ACROSS HOMES (MEAN ± 95% CI OVER 5 SEEDS). THE UNITS OF JC , JT , AND JL ARE (/H), (%), AND (%),

RESPECTIVELY. LOWER VALUES INDICATE BETTER PERFORMANCE FOR ALL METRICS. BEST RESULTS IN BOLD

comfort (Jt ≈ 2.6) but elevated costs (Jc ≈ 10.2), suggesting
that while counterfactual baselines handle single-path causal
influences (e.g., AC→ Jt), they struggle with multipath objec-
tives like Jc where multiple CEDs contribute through different
mechanisms. The detailed behavioral analysis is provided in
Section V-D.

These results confirm that implicit credit assignment
methods designed for single-objective cooperative tasks
are inadequate for HEMS, where agents must balance

cooperation and competition across multiple objectives—a
finding consistent with QMIX’s original scope of fully coop-
erative settings [4]. HR-MASAC achieves 43.2% lower cost
than COMA-SAC and 52.8% lower cost than QMIX-SAC on
average, demonstrating the necessity of explicit causal reward
attribution. Furthermore, compared to RBC, all DRL-based
methods capable of effective learning achieve better overall
performance, demonstrating the advantage of learned policies
over heuristic rules.
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Fig. 6. Temperature curves of a typical day in Home 1.

Fig. 7. Power profiles of a typical day in Home 1.

D. Agent Behavior Analysis

To understand why HR-MASAC achieves superior per-
formance, we analyze the behavioral patterns of individual
agents through temperature curve, power profile, and mutual
information (MI) metrics.

From Fig. 6, we observe that maximum entropy-based
baselines adjust indoor temperatures to comfortable ranges
when the house is occupied. Unlike the threshold-triggered
control used in RBC, DRL-based policies directly output
appropriate AC power levels, resulting in smoother temper-
ature curves. A key observation is that in SAC and MASAC
with unified rewards, the AC remains active even when the
house is unoccupied—SAC opts for heating while MASAC
for cooling. Since the comfort reward ra becomes negative
in unoccupied states due to the electricity cost component,
this suggests ra is not the dominant signal in these cases.
Further inspection of the power profiles in Fig. 7 shows
that AC is activated to balance surplus PV energy, indicating
that rb is the dominant reward. This highlights the failure of
unified rewards to properly attribute rewards in heterogeneous
agent settings, causing agents to follow suboptimal, easier

optimization paths—reinforcing the core motivation shown in
Fig. 1.

The behavioral patterns of QMIX-SAC, COMA-SAC, and
the ablation variant w/o surgery reveal distinct failure modes.
QMIX-SAC exhibits erratic AC control, failing to reduce
power output promptly and allowing indoor temperatures
to deviate significantly from the comfort zone. As shown
in Fig. 7, both QMIX-SAC and COMA-SAC barely utilize
the BESS throughout the day. QMIX-SAC relies on AC to
balance household power during PV surplus periods, similar
to unified-reward methods (SAC and MASAC). COMA-SAC
demonstrates more reasonable primary task control: it cor-
rectly activates the AC to maintain thermal comfort and
only operates the WM when laundry is requested. However,
COMA-SAC leaves much of the PV generation unutilized
during midday periods, resulting in elevated electricity costs.
These observations indicate that implicit credit assignment
methods fail to provide effective gradient signals for high-
exploration-difficulty agents (BESS) when facing entangled
multiobjective rewards, causing the shared cost objective to
be preferentially satisfied by agents with simpler constraints
(i.e., AC).

The w/o surgery variant presents a particularly instructive
case. Without causal surgery, the AC agent receives both rt

t and
the global cost reward rc

t [see Fig. 3(b)]. As shown in Fig. 6,
this causes the AC to over-prioritize cost minimization dur-
ing high-price periods, leading to insufficient cooling/heating.
Moreover, because the AC has simpler physical constraints and
responds faster, it preemptively consumes surplus PV energy
to balance household demand, leaving the BESS underutilized.
This demonstrates that under equal reward weights, shared
objectives tend to be preferentially satisfied by CEDs with
simpler constraints and lower exploration difficulty, and that
without surgical decomposition, agents with competing reward
components cannot properly prioritize their designated pri-
mary tasks.

In contrast, baselines with proper heterogeneous reward
attribution (I-MASAC, HR-MASAC) correctly use the BESS
to balance excess PV power, allowing heterogeneous agents
to operate collaboratively. Additionally, Fig. 7 shows that
HR-MASAC more effectively utilizes the BESS for power
balancing and energy arbitrage, which explains its superior
performance.

To further verify proper reward attribution, we introduce MI
to measure the influence of different CED agents’ actions ad

on the reward component rb

MId =

"
p
�
ad, rb� log

 
p
�
ad, rb

�
p
�
ad
�

p
�
rb
�! dad drb (22)

where d ∈ {a, b,w}, p(·, ·) denotes the joint probability density
function, and p(·) represents the marginal density function. We
adopt the Kraskov–Stögbauer–Grassberger (KSG) algorithm
[40] based on k-nearest neighbors (k-NN) to estimate MI in
practice.

As shown in Fig. 8, the MI distributions reveal dis-
tinct reward attribution patterns. Among methods with
heterogeneous reward attribution (I-MASAC, HR-MASAC),
MIb dominates (45%–78%), confirming that BESS actions
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Fig. 8. MI between CED agent actions and rb across different homes.

primarily drive rb optimization. In contrast, unified-reward
methods (SAC and MASAC) and implicit credit assignment
methods (QMIX-SAC and COMA-SAC) exhibit elevated MIa

proportions (48%–74%), reflecting their tendency to use AC
rather than BESS for power balancing. The w/o surgery
variant shows high MIa (58%–73%) but low MIb (14%–23%),
confirming that the AC agent dominates at the expense of
proper BESS utilization when causal surgery is absent. Note
that while absolute MI values do not directly reflect policy per-
formance, comparing relative MI values across agents within
the same baseline provides insight into reward attribution.

E. Ablation Study

To quantify the individual contribution of causal surgery and
agent-specific entropy adaptation, we analyze the two ablation
variants defined in Section V-B. As shown in Table I, removing
causal surgery (w/o surgery) leads to dramatically degraded
performance on CED-specific objectives (averaged across five
homes): Jt increases from 2.28 to 13.73 (502.2% worse) and
Jl increases from 1.43 to 5.77 (302.2% worse), while Jc
shows only moderate degradation from 6.41 to 7.39 (15.3%
worse). This asymmetric degradation—where cost remains
acceptable but comfort and laundry suffer severely—confirms
that without causal surgery, agents sacrifice their primary
tasks to optimize shared objectives. The behavioral patterns
underlying this phenomenon are analyzed in Section V-D.

Removing agent-specific entropy coefficients (w/o ind. α)
results in more uniform degradation across all objectives: Jc
increases by 39.6%, Jt by 184.6%, and Jl by 61.4%. The
particularly large impact on thermal comfort suggests that the
AC agent requires a distinct exploration–exploitation balance
compared to other CEDs. Overall, these results demonstrate
complementary roles: causal surgery ensures agents prioritize
their designated tasks, while independent entropy adaptation
enables efficient exploration within each agent’s heterogeneous
objective space.

F. Generalizability and Scalability

A key contribution of this work is the causal reward
attribution framework (Algorithm 1), which is designed to be

TABLE II
PERFORMANCE IMPROVEMENT FROM CAUSAL REWARD ATTRIBUTION

ACROSS DIFFERENT MARL BASE ALGORITHMS (AVERAGED ACROSS
FIVE HOMES). ↑ INDICATES IMPROVEMENT

Fig. 9. Extended SCM graph incorporating the EH and EV, obtained by
applying Algorithm 1.

general-purpose rather than tailored to specific algorithm vari-
ants or CED configurations. We evaluate generalizability from
three perspectives: 1) applicability across different MARL base
algorithms; 2) adaptability to different CED configurations;
and 3) computational scalability as the number of CEDs
increases.

1) Generalizability Across MARL Architectures: To demon-
strate the framework’s generalizability across MARL algo-
rithms, we apply causal reward attribution to different
base algorithms and measure performance improvements in
Table II.

The results show that causal reward attribution consistently
improves performance across all tested MARL algorithms.
Even the simplest application (MADDPG with independent
critics) achieves 15.1% cost reduction and 27.5% comfort
improvement. The improvement is more pronounced for SAC-
based methods due to their better exploration capabilities.
Notably, the transition from MASAC to HR-MASAC (which
adds both causal attribution and multihead critic coordination)
yields the largest gains (40.1% and 57.1%), confirming that the
centralized multihead architecture effectively leverages causal
attribution while maintaining interagent coordination.

2) Generalizability Across CED Configurations: Beyond
the AC -BESS-WM configuration studied in the main exper-
iments, the proposed causal reward attribution framework
naturally extends to other CED types. Fig. 9 illustrates an
extended causal graph incorporating an electric heater (EH)
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TABLE III
COMPUTATIONAL COST COMPARISON ACROSS DIFFERENT ARCHITEC-

TURES AND CED SCALES

with power Ph and an EV with power Pe and battery energy
Ee. The EH, like the AC, can regulate indoor temperature
and consume electricity, but is limited to heating only. The
EV, like the BESS, can both consume and supply electric-
ity, but additionally has an EV charging capability to meet
departure requirements. Applying Algorithm 1, the framework
outputs: 1) for EH, since it affects thermal comfort and cost
through single capabilities, respectively (heating and power
consumption), causal surgery creates local objectives, yield-
ing attributed objectives J̃ h = {J h

t ,J h
c } with observables

Oh = {Ph,T in} and 2) for EV, since it affects cost through
two capabilities (charging and discharging), the global cost
objective Jc is retained, yielding attributed objectives J̃ e =

{Jc,Je} with observables Oe = {Ph, Pa, Pb, Pe, Pw, Ee}. The
specific reward functions can then be designed based on these
attributed components.

3) Computational Scalability: Extending to more CEDs
raises the question of computational overhead. Table III com-
pares representative architectures as the CED count scales
from 3 to 12. The results reveal distinct scaling behav-
iors: methods with per-agent components (I-MASAC and
QMIX-SAC) exhibit super-linear parameter growth—QMIX-
SAC increases from 1.04M to 6.22M (6×) due to its mixing
network, while I-MASAC grows from 0.98M to 6.00M (6.1×)
due to independent critics. In contrast, methods with shared
architectures (MASAC, COMA-SAC, and HR-MASAC) scale
more favorably, with parameters roughly tripling as CEDs
quadruple.

HR-MASAC achieves the best tradeoff between efficiency
and performance. Compared to I-MASAC, it reduces param-
eters by 47% at 3 CEDs and 74% at 12 CEDs, while training
1.8× and 3.0× faster, respectively. This efficiency stems from
the shared encoder that amortizes feature extraction across
agents. Notably, HR-MASAC’s overhead relative to MASAC
remains modest: only 0.6% more parameters and 22% longer
training time at 12 CEDs, yet it achieves substantially better
performance through proper credit assignment (Section V-C).

G. Robustness Evaluation

Real-world deployments face uncertainties in exogenous
inputs due to sensor measurement errors and forecast inac-
curacies. To evaluate robustness under such conditions, we
inject Gaussian noise into solar irradiance It, base load PBL

t ,
and outdoor temperature T out

t , simulating noise with variance
σ2
ε = β·σ2

data where β ∈ {0.05, 0.10, 0.15}. As shown in Fig. 10,

Fig. 10. Robustness under exogenous data perturbations (averaged across five
homes). Performance degradation across noise intensity levels β for Jc and
Jt.

HR-MASAC exhibits the smallest performance degradation
among methods with heterogeneous rewards: at β = 0.15, it
experiences only 11% degradation in Jc compared to 14% for
I-MASAC and 26% for I-MADDPG. The larger degradation
of I-MADDPG reflects the inherent sensitivity of deterministic
policies to input perturbations, whereas maximum entropy
methods (HR-MASAC and I-MASAC) benefit from stochastic
exploration that provides implicit regularization against noise.

Beyond exogenous perturbations, Table I provides addi-
tional evidence of robustness. First, HR-MASAC consistently
outperforms all baselines across five homes with diverse
physical parameters and demand patterns, demonstrating
generalization to household heterogeneity. Second, despite
stochastic occupancy and laundry patterns (8) and (9) that vary
across random seeds, HR-MASAC maintains narrower 95%
confidence intervals than baselines (e.g., ±0.32 versus ±0.47
for MASAC in Jc of Home 1), indicating stable performance
under behavioral uncertainty.

VI. CONCLUSION

This work addresses the reward misattribution problem in
DRL-based HEMS through a causally aligned MARL frame-
work. By constructing an SCM that encodes CED-objective
causal pathways, we introduce a causal surgery procedure
to decompose shared objectives into CED-specific variants,
enabling individualized reward attribution. The proposed HR-
MASAC algorithm combines a multihead centralized critic
with agent-specific entropy coefficients to support coordinated
yet specialized policy learning. Experiments across diverse
home scenarios demonstrate 40.1% cost reduction and 57.1%
comfort improvement over unified-reward baselines, with
robust performance under sensor noise. Behavioral analysis
confirms that our method successfully leverages the BESS
for price-aware power balancing—a capability that unified-
reward methods fail to exploit. Future work will investigate
the integration of causal discovery from data to automate
the SCM construction process, reducing reliance on domain
expertise, as well as preference-aware policy adaptation that
enables dynamic adjustment of reward weights to accommo-
date diverse user pReferences without retraining.
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